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a b s t r a c t
In this work, we present a stochastic discrete-time SEIR Susceptible-Exposed-Infectious-Recovered model
adapted to describe the propagation of COVID-19 during a football tournament. Speciﬁcally, we are concerned about the re-start of the Spanish national football league, La Liga, which is currently –May 2020–
stopped with 11 ﬁxtures remaining. Our model includes two additional states of an individual, conﬁned
and quarantined, which are reached when an individual presents COVID-19 symptoms or has undergone a
virus test with a positive result. The model also accounts for the interaction dynamics of players, considering three different sources of infection: the player social circle, the contact with his/her team colleagues
during training sessions, and the interaction with rivals during a match. Our results highlight the inﬂuence of the days between matches, the frequency of virus tests and their sensitivity on the number of
players infected at the end of the season. Following our ﬁndings, we ﬁnally propose a variety of strategies
to minimise the probability that COVID-19 propagates in case the season of La Liga was re-started after
the current lockdown.
© 2020 Elsevier Ltd. All rights reserved.

1. Introduction
The propagation of the virus SARS-CoV-2 oﬃcially started at
the beginning of December 2019 in Wuhan (China), where the ﬁrst
COVID-19 victim was diagnosed with a new type of coronavirus.
The virus ﬁrst spread over different states in China before reaching
other countries. On March 11th 2020, the World Health Organization (WHO) declared COVID-19 a pandemic, pointing to more
than 1180 0 0 cases of the coronavirus illness in over 110 countries
around the world [1]. The evolution of the pandemic, which is
(in May 2020) still affecting many countries worldwide, has been
a matter of debate, since different strategies can be adopted to
mitigate the spreading of COVID-19, some of them with unclear or
unpredictable consequences. Due to the novelty of this unforeseen
pandemic, the use of mathematical models is being extremely
useful to predict the dynamics of the coronavirus spreading and
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the effects of different policies on the eventual reduction of the
number of affected individuals.
Despite there are different approaches for modelling the pandemics, both continuous-time and discrete-time SIR-based models
are probably the most extended approaches. The SusceptibleInfected-Recovered (SIR) model was ﬁrst proposed by Kermack
and McKendrick in 1927 [2], and consists of a compartmental
model where individuals are split into three different states: (i)
Susceptible (S), when they are sane, (ii) Infected (I), when they
have the virus and (iii) Recovered (R). More sophisticated models
include more possible states, such as Deceased (D) in the SIRD
model [3] or Exposed (E) in the SEIR model [4]. The latter model
has been extensively applied to describe the exponential growth
of the number of individuals infected by SARS-CoV-2, the effects
of quarantine and conﬁnement measures and, ultimately, to evaluate an adequate way of leaving conﬁnement measures without
increasing the risk of a second outbreak [5–11]. For example, Peng
et al. collected the epidemic data from ﬁve different Chinese regions and estimated the effects of the quarantine over all of them,
forecasting the decrease of the number of infected individuals region by region [5]. On the other hand, Radulescu et al. introduced
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Fig. 1. Schematic representation of the SEIR model adapted to a football competition. Players can be in different states: Susceptible (S), Exposed (E), Infectious (I) and
Quarantined (Q). In case players are detected to be infected by the virus, they remain conﬁned (indicated by the C suﬃx). After conﬁnement, players undergo a quarantine
before being eligible to play again. Parameters β train , β match and β ext account for the probability of becoming Exposed (E) during training, matches or externally (player social
circle) respectively. Probability σ describes the transition from Exposed to Infectious (I). Probability γ controls the transition from Infectious to Recovered (R) or Quarantined
(Q). Finally, γ Q is related to the quarantine period a player must follow after recovery.

a compartmental model consisting of dividing the population into
age groups and analysing how the number of infected individuals
was related to each age group. With this model, the effects of
several social measures were simulated (closing campuses, schools
or restaurants), showing different impacts at each age group [6].
Regarding the vast (and recent) scientiﬁc literature about the SEIR
model applied to COVID-19, we can remark one of its signiﬁcant merits: It can be easily adapted to describe a diversity of
scenarios.
In this manuscript, we present a discrete-time SEIR-type mathematical model that describes the spreading of the coronavirus
during a sports competition. The motivation behind our study is
that there has been a lively debate about whether sports competitions that were not completed before the coronavirus crisis should
be re-started or, ultimately, cancelled [12–15]. On the one hand,
it is not the ﬁrst time that epidemic diseases have threatened
sports competition. For example, as pointed in [13], the 2014 FIFA
World Cup in Brazil overlapped with a period in which Dengue
risk was close to its maximum at three cities where matches were
carried out [14]. Furthermore, attendants and players had to take
special precautions due to Zika, a mosquito-transmitted disease.
Despite the risks, the competition continued without signiﬁcant
problems regarding the number of individuals infected by Dengue
or Zika. On the other hand, many voices have claimed that sports
competitions should be cancelled, not only for the high risk of
athletes being infected during a competition but also due to the
inability to be adequately treated in case of injury due to the
saturation of hospitals [15].
However, to the best of our knowledge, this debate has not
been confronted with mathematical models that describe the
propagation of SARS-CoV-2 between athletes. Here, we are concerned about the eventual re-start of the Spanish national league,
which is currently suspended with 11 pending ﬁxtures, and focus on the optimum strategies to minimise the propagation of
COVID-19 among the players in case the competition was restarted after the current lockdown. We designed a mathematical
model that incorporates the interaction of players during training
sessions, leading to intra-club spreading, and during matches,
responsible for inter-club contagions. Furthermore, we incorporated the use of tests to evaluate its consequences in identifying
and conﬁning those players that already have been infected.
The model, whose main parameters were based on the scientiﬁc
literature concerning the infection and recovery periods of COVID19, could be easily adapted to describe other kinds of sports
competitions.

2. Methodology
In SEIR models [16], a disease propagates through a network
of individuals whose dynamical state can be either Susceptible
(S, healthy and susceptible to be infected), Exposed (E, infected
but in the latent period –period from infection to infectiousness–
and therefore unable to infect other individuals), Infectious (I,
infected and able to infect other individuals), and Removed (R,
which includes (i) recovered individuals after having suffered the
infection and therefore immune and (ii) deceased people).
Fig. 1 represents a sketch of our discrete-time model. The time
is discretised in days, and every random event is calculated once a
day. The individuals (players from now on) can be infected at any
time (that is, any day of the season) from people different to the
players (technical staff of the team, family, etc.) with a probability
β ext . The second source of infection occurs during the training
period, where they can be infected from other players of their own
team with probability β train . Finally, during the matches, players
are exposed to infection from the players of their own team and
the adversary team with probability β match .1
Once a player has been infected and becomes exposed, he/she
has a probability σ of ﬁnishing the latent period and become
infectious. Exposed and infectious players have, respectively, probabilities μE and μI of being detected as infected by COVID-19
via a virus test or because they show disease symptoms. If this
is the case, players will be conﬁned at their homes remaining in
two possible states: exposed EC or infectious IC . Asymptomatic
infectious players (belonging to class I, but not detected by virus
tests), and conﬁned infectious players, overcome the disease with
probability γ . Note that conﬁned players that have been recovered
will remain quarantined (class Q) during a convalescence until
they are prepared for playing again and become recovered (R)
with probability γ Q .
The days between virus tests Ntest and the days between
matches Nmatch are two critical variables for controlling the number of infected players during the championship, and therefore
their inﬂuence in the model should be studied carefully. Note
that the virus tests should be done in this context via Polymerase

1
Note that the infection probabilities β ext , β train and β match are different to the
infection rate β typically used in SIR models, which is the average number of contacts per person per time multiplied by the probability of disease transmission in
a contact between a susceptible and an infectious subject. While β is a rate (and
can therefore be larger than 1), our parameters are probabilities (and ≤ 1 in consequence).
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Chain Reaction (PCR) controls. The reason is that fast antibody
or antigen detectors are only reliable more than a week after the
infection, and in many cases even after the patient has already
shown symptoms. This fact would allow the infectious (but not
identiﬁed as infected) players to spread the virus for several days,
making the control of the disease a hard task.

Table 1
Summary of the main parameters used in the model: Probability of being infected during the training period β train , during a match β match and from the
player’s social circle β ext ; latent period σ −1 , infectious period γ −1 and quarantine period γQ−1 ; probability of being detected as exposed (by virus test) μE and
as infectious (by virus test or by symptoms) μI ; number of days between virus
tests Ntest and matches Nmatch .
Parameter

Modelling the Spanish national league
Our model can be applied to a diversity of competitions related
to team contact sports, but we have focused on the re-start of the
Spanish male national league. Therefore, we considered a competition with M = 20 teams composed of L = 25 players, the latter
being the upper limit of players that can be registered by a team
in the competition. The generalisation to Liga Iberdrola (Spanish
feminine ﬁrst division football league, with 16 teams), to the
masculine or feminine football leagues of other countries, or even
to another team sports (such as basketball, handball, rugby, etc.) is
direct. Every team plays a match every Nmatch days (in particular in
days that are multiples of Nmatch ), and during the Nmatch − 1 days
in between the players train at their own stadiums. We supposed
no resting days, as there is a clear interest for ﬁnishing the leagues
as soon as possible, but including them in the model is trivial. We
represented the training dynamics of the players, and contacts between them, using social networks instead of mean-ﬁeld contacts.
In this way, players’ social networks during the team training
followed a random structure of connections (different for each
team but maintained during all simulations) and were generated
using an Erdös-Rényi model [17] with a probability p = 0.2 of
connecting two players. This was done to describe the internal
professional and friendship dynamics that every player has during
training times and also during lunch time, etc. During training
time, the infectious players (class I) might infect their neighbours
in the social network with probability β train . During the match day,
every infected player on the pitch can infect any other player of its
own team or the adversary with probability β match (here we used
a mean-ﬁeld approach due to the inevitable contact dynamics that
players follow during a match). Note that players cannot avoid
voluntarily the contact with other players in the contest (with the
exception, perhaps, of celebrating a goal, that could be forbidden if
necessary), and therefore the contagion probability during a match
might be more signiﬁcant than expected at ﬁrst glance. Also, as a
third infection source, players can be infected any day from their
social circle with probability β ext . Finally, in order to minimise the
spreading of the disease, a virus test is done to all 500 players
every Ntest days (in particular in days that are multiples of Ntest ,
and before the match if it coincides with a match day). Players
that yield a positive result are immediately conﬁned.
Estimation of the model parameters
There is a wide range of values in the recent literature regarding each of the parameters that deﬁne the different steps of
the disease (see Table 1 for a summary of the parameters of the
model). The latent period σ −1 is the average time from infection
to infectiousness, the incubation period is the average time from
infection to the appearance of the ﬁrst symptoms, and the infectious period γ is the average time that the patient is infectious.
Depending on the virus, the latent period can be shorter or larger
than the incubation period. In the case of COVID-19 the latent period is 1 or 2 days shorter on average than the incubation period,
which makes it especially easy for the disease to spread among
the population during the time in which people are infectious but
asymptomatic. Regarding the mean incubation period, in [20] it
was shown to be around 5 days, similar to that of SARS, and in
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Value
−1

β train (days )
β match (days−1 )
β ext (days−1 )
σ (days−1 )
γ (days−1 )
γ Q (days−1 )
μE (days−1 )
μI (days−1 )

1/10
1/100
1/100000
1/3; Refs [18,19].
1/5; Refs [18,19].
1/5
μI /3
[0,1], 0.9
[1,2,3,4,5,6] and [7]
[3,4,5,6] and [7]

Ntest (days)
Nmatch (days)

[21] it was aﬃrmed that it could be as short as four days. Note,
however, that this quantity was not used in our model.
In [18], it was used a mean latent period σ −1 of 3 days and
a mean infection period of γ −1 = 5 days, based on the Wuhan
data. We selected these values because they were also used in
other more recent studies [19]. Note, however, that these are mean
values: in [22] it was shown that the probability that patients
with mild symptoms infected other people was very low after a
week from the appearance of symptoms, but these means that in
mild cases of COVID-19 patients can be infectious for as much as
10 days. Furthermore, we have ﬁxed the quarantine period γQ−1
to be ﬁve days, but varying slightly this quantity would not affect
the results substantially.
The probability β ext of being infected during a day from the
player’s social circle will slowly decrease as more and more individuals in the country recover from the disease, but for simplicity
we have supposed it constant during the whole league, and one
 based on
order of magnitude lower than the expected value βext
available Spanish statistics. The reason is that players will be for
sure either quarantined during the rest of the league (and in that
case βext = 0) or at least their social life will be very restricted
during that time. In order to obtain a plausible value for β ext , we
have used the data resulted from a mass virus testing campaign
developed during the ﬁrst days of May 2020 to 62,400 Spanish
citizens belonging to 30,0 0 0 different homes. The main result of
that study is that around 5% of the Spanish population (2.3 × 106
out of 46.9 × 106 citizens) has been infected during the pandemic,
and this represents 10 times the detected cases so far (229,540 on
14th May 2020). As at this date around 500 new infections were
detected per day, we can extrapolate that Ninf ≈ 500 × 9 were
not detected infected cases, and therefore Ninf /γ people would be
infective during the latent period. In summary,
 /10 =
βext = βext

(Nin f /γ )R0 γ
10NSpain

≈ 10−5 ,

where the latent period is γ −1 = 5 days and the basic reproductive number (i.e. the expected number of infections generated by
one case in a population where all individuals are susceptible to
infection) is, according to the Spanish health authorities, R0 ≈ 1 at
this time.
On the other hand, there is not available experimental data
to obtain precise values for the infecting probabilities β train and
β match , so we have ﬁxed them at moderate values and checked that
slight variations did not qualitatively change the results. In particular, as on average each player is in contact, during the training
time, with a fraction p = 0.2 of the total number of players in the
team (L = 25), a ﬁrst-order basic calculation yields that he/she will
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infect around pLβtrain = 0.5 other players per training day, as far
as all other players are susceptible. During a match, nonetheless,
an infectious player can infect any of the other 21 players in the
ﬁeld, and will infect on average 21βmatch = 0.21 players per match
(supposing again that the rest are susceptible). In summary, at
the beginning of La Liga, and in the improbable situation that an
infected player skipped all virus tests, he/she would infect around
two other players during the latent period, and this quantity
would decrease with time as more and more players become
infected and then recovered. We believe this is a plausible result
taking into account that R0 > 4 at the beginning of the pandemic
and R0 ≈ 1 after two months of absolute quarantine of the whole
population of the country, and players would have an intermediate
situation with a controlled but not quarantined behaviour.
The value of the probability μI of being detected as infectious,
either because a player shows disease symptoms or because the
virus test yields a positive result, has been considered to be within
the window [0,1], being 0 in case of not doing any test and being
asymptomatic, and 1 when tests have 100% sensitivity. However,
when the sensitivity of the test is not analysed, we considered a
value of 0.9 which is close to the typical one attributed to PCR

tests. Concerning the probability of detecting an exposed individual, we set it as μE = μI /3, i.e., three times less than detecting
an infected individual through the same test. The reason is that
the viral load of an exposed individual is lower than that of an
infectious one, therefore reducing the probability of a positive test
result.
3. Results
We simulated between 104 and 105 seasons using our discretetime model and obtained the main statistics of the accumulated
number of infected players at time t, n(t). Importantly, the seed of
all simulations contained one player of the league who is already
infected at the ﬁrst day of the tournament (i.e., n(0 ) = 1). By
doing so, the epidemic spreading begins at day one instead of
any random day of the season, and therefore time t should be
understood as days after the ﬁrst infection.
Fig. 2 analyses the inﬂuence that the number of days between
tests and matches, Ntest and Nmatch , has on the accumulated
number of infected players n(t) along the rest of the season (i.e.,
11 matches and the training days in between). 104 independent

Fig. 2. Dependence of the mean of the accumulated number of players that have been infected after the re-start of the competition n̄(t ) on the main parameters of the
system: the days between matches (Nmatch ) (A) and the days between PCR tests (Ntest ) and their sensitivity (μI ) (B-D). We simulated 104 times the rest of the season, that
consists of 11 matches and the training days in between. Parameters of the simulation are indicated in Table 1, with μI = 0.9, unless speciﬁed otherwise. The seed of all
simulations contained one player infected at the ﬁrst day of the tournament. (A) Inﬂuence of the number of days between two consecutive matches, Nmatch , on n̄(t ). In this
simulation, PCR tests with 90% sensitivity were carried out every Ntest = 7 days. In (B) we compare the outcome of not doing any tests during the rest of the season and
doing them every Ntest = 7 days (matches played every 7 days), while in (C) we focus on the number of days Ntest between each PCR control (matches played every 4 days,
closer to the optimum frequency of 1 every 3 days). (D) Inﬂuence of test accuracy μI on n̄(t ) (PCR tests and matches carried out every 4 days).
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Fig. 3. Probability function of the accumulated number of infected players n(t) at the beginning of the re-start (A, t = 4 days), after few weeks (B, t = 20 days) and at the end
of the season (C, t = 78 days), and probability function of the accumulated number of infected teams Minf (t) at the end of the season (D, t = 78 days), when matches and PCR
controls are carried out every 7 days. For these 4 cases, n̄ ± σn = 1.6 ± 0.8, n̄ ± σn = 4.3 ± 3.6, n̄ ± σn = 5.6 ± 4.8, and M̄in f ± σMin f = 1.4 ± 0.6 respectively. Approximations to
a Poisson distribution of mean n̄, to an exponential distribution of mean n̄ and to a normal distribution of mean n̄ and standard deviation σ n are shown in (A-C), while an
approximation to a Poisson distribution of mean M̄in f is shown in (D). 105 simulations of the league were performed.

simulations were performed, and the mean values of n(t), n̄(t ),
are plotted in the ﬁgure.
In Fig. 2A we see how the mean accumulated number of
infected players n̄(t ) changes when the number of days between
matches Nmatch is modiﬁed within the interval {3, 4, 5, 6, 7}, i.e.,
we set the minimum and the maximum number of days between
matches to 3 and 7, respectively. Interestingly, we observe that it is
convenient to reduce the time between matches to the minimum.
The reason is twofold. On the one hand, with Nmatch being the
lowest, the competition would last fewer weeks, and therefore the
players would be exposed for less time. On the other hand, the
probability of being infected is higher during a training day than
during a match day, since players are more exposed to physical
contact with other players during training. For these reasons, the
higher the number of days between matches, the higher the slope
of the curves of Fig. 2A.
In Fig. 2B we show the different evolution of the mean value of
the accumulated number of infected players n̄(t ) when PCR tests
are or are not performed. Matches are played with a separation
of 7 days, in this case. We can observe how skipping the tests increases substantially the number of infected players. These results
show that conducting a coronavirus detection test is essential to
prevent its spread among La Liga teams. However, it is necessary
to take into account the frequency and reliability of such tests.
To investigate this issue, we assume that it is decided to play, for
example, every 4 days, a measure close to the most favourable
scenario of 3 days, although not so extreme. In Fig. 2C we see
how important it is to perform tests as often as possible, ideally
every day. As the tests are more separated over time, the risk of
infecting more players inevitably increases. Finally, it is possible
to simulate how important the accuracy of the tests is and the
consequences of making use of low sensitive methods. Fig. 2D
shows how the mean value of infected players n̄(t ) increases as
the reliability of the tests μE and μI decreases. These results sup-

port the convenience of performing PCR testing, whose accuracy
is estimated to be substantially larger than any other method.
As mentioned above, the curves shown in Fig. 2 are the mean
values n̄(t ) obtained after m = 104 simulations of the model.
√
While the standard deviation of the mean n̄(t ), σn̄ = σn / m, is so
small that would be hardly distinguishable from the curves in any
of the plots, the standard deviation of n(t), σ n , is on the contrary
very large –in some cases of the order of the mean n̄– and shows
that the evolution of a single process is highly unpredictable. To
cast light on this question, in Fig. 3 we have plotted the probability function of the accumulated number of infected players n(t)
(i.e., probability of obtaining n(t ) = 1, 2, 3 . . . accumulated infected
players after t days, calculated as the normalised histogram of 105
simulations of the process) when matches and PCR controls are
carried out every 7 days (green curve in Fig. 2A) after t = 4 days,
20 days, and at the end of the league (t = 78 days). In the ﬁrst
days of the competition (Fig. 3A), the disease starts to spread in
the team of the so-far unique infected player. As expected, a Poisson distribution approximates accurately its function probability
(note that in this and further calculations of approximations to
the data, we subtract the initial infected individual from the series
and shift the obtained curve 1 position in the X-axis). However,
the disease soon spreads towards other teams and the function
distribution becomes more complex: at moderate values of the
time (t = 20, Fig. 3B) the probability function presents a hump
that certiﬁes that the curve is in fact the consequence of several
spreading processes, that is, the addition of intra- and interteam
spreading, plus the potential infections coming from outside the
league. Furthermore, when the season reaches its end (t = 78,
Fig. 3C) the curve presents an exponential-like tail, and at that
time the standard deviation σ n is almost as large as the mean n̄
(as it is veriﬁed in exponential probability density functions). Note
that, while a normal approximation is not accurate at the end of
the league, when t grows substantially (many weeks after the end
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of the season, and therefore not shown) the probability function
becomes a Gaussian, as expected from the Central Limit Theorem.
Finally, let us show that the statistical behaviour of the system
at the end of the season is compatible with that of a compound
Poisson process (CPP), that is, a stochastic process with jumps,
where the jumps arrive randomly according to a Poisson process.
First, the function probability of the number of infected teams
Minf (t) at t = 78 is indeed accurately approximated by a Poisson
distribution (Fig. 3D). Second, the mean and standard deviation of
the number of infected players at the end of the season, obtained
numerically, (n̄ = 5.6 and σn = 4.8) agree (with an error of 6% and
8% respectively) with those obtained by the theoretical expressions
typical of Compound Poisson processes [23] for t = 78:

n̄CPP = 1 + (n̄Team − 1 )M̄in f = 5.9,

σCPP =



σn2Team M̄in f + (n̄Team − 1 )2 σM2 in f = 5.3,

(1)

player rotations. Regarding the tests, football clubs should provide
the necessary support and means to carry out such a high number
of tests in such a short time. Without an adequate policy in this
regard, the risk of reinfection in a competition would skyrocket.
Players will also pay a personal cost to control the eventual
spreading of coronavirus. Minimising their contacts with other
individuals would mean limiting their travels, public events and,
in general, reducing interactions with people outside the family
environment. In fact, maintaining them in conﬁnement during the
rest of the season would be obviously the optimum situation.
Finally, although the results shown here are focused on the
resumption of the men’s Spanish national league, the conclusions
are equally valid for the women’s competition. Furthermore, the
model could be adapted to any competition in which matches
involve some physical contact between players, such as basketball,
handball or rugby.

(2)

where n̄Team ± σnTeam = 4.6 ± 4.1 is the accumulated number of infected players at the team where the infection started, and M̄in f ±
σMin f = 1.4 ± 0.6 is the accumulated number of infected teams. In
summary, in spite of the complex particular details of the model
here presented and sketched in Fig. 1, its statistical behaviour can
be described as the addition of several processes, each of them
happening in a different team, and where the infection dynamics
from one team to another follows a random Poisson process.
4. Discussion
“All models are wrong, but some are useful”. This famous statement, attributed to the statistician George Box, sums up the
usefulness of our model. Although it is not possible to predict the
exact number of infected individuals, the model allows describing,
in a qualitative way, the inﬂuence that different measures can
have to mitigate the spreading of the coronavirus during a sports
competition. In that sense, we ﬁrst investigated the effects of
reducing the number of days between matches. Interestingly,
we observed that this fact resulted in a substantial reduction
in the number of infected players at the end of the season (see
Fig. 2A). This result could seem counterintuitive, since reducing
the frequency of matches would promote the spreading speed of
the coronavirus between teams. However, the fact that the season
would be more compressed also results in a reduction of the
exposure time to external infections, being the latter a factor with
a major inﬂuence on the ﬁnal number of infected players.
Next, we investigated the consequences of modifying the number of days between PCR tests. Let us remark that antibody and
antigen tests should be ruled out in this context because they
are not effective until the disease is well advanced. As expected,
we observed that the tests should be as accurate as possible and
should be carried out continuously along with the competition,
with the optimum scenario being one test per day (see Figs. 2B-D).
The statistical analysis of the numerical results yields that, in
spite of the complexity of the model, the system at the end of
the season can be described as a compound Poisson process (see
Fig. 3). Regarding the large unpredictability associated to it we conclude that, while qualitative results are clear and lead to behaviour
strategies easy to follow by the sports organisations, obtaining precise predictions for a single realisation –the real case– is not possible. This is in agreement with recent work that warns about the
strong sensitivity to parameter values in epidemics modelling [24].
We must also note that applying all the measures suggested
by the model involves a cost. On the one hand, reducing the
time between matches can be very physically demanding. The
recovery time after a match would be reduced and the risk of
injury would increase. To reduce this risk, teams should increase
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