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Abstract

Football, as one of the most popular sports, can provide exciting examples to

motivate students learning statistics. In this paper, we analyzed the number of

goals scored in the UEFA EURO 2020 final phase as well as the waiting times

between goals, considering censored times. Such a dataset allows us to con-

sider some aspects of count data taught at an introductory level (such as the

Poisson distribution), as well as more advanced topics (such as survival analy-

sis taking into account the presence of censored times). Employing data from

the final phase of UEFA EURO 2020, depending on the course level, the stu-

dent will acquire knowledge and understanding of a range of key topics and

analytical techniques in statistics, develop knowledge of the theoretical

assumption underlying them and learn the skills needed to model count data.
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1 | INTRODUCTION

Association football, simply known as football or soccer,
is one of the world's most popular sports, attracting mil-
lions of spectators and involving thousands of players of
all genders.

Statistics in the world of football has been widely used
to calculate a number of descriptive indicators. For exam-
ple, one can retrieve information on passing accuracy,
possession, free-kicks or corners taken, offsides, and so
on. On the other hand, probability is more widely
employed in the field of betting, as football is a game that
is well suited to different types of gambling.

In this paper, we want to show how UEFA EURO
2020 can be an exciting example to introduce students to
count data and count processes. In a basic-level course, a

teacher can present the simplest count model, that is, the
Poisson process evaluating the number of goals scored in
a given time period. According to this model, there is the
assumption that events (goals in our case) occur at ran-
dom times with a constant average rate, which can be
estimated from data. In an introductory course, the com-
parison between the observed and expected frequencies
of goals in a match could be limited at a descriptive level.
On the other hand, in a more advanced course, formal
goodness of fit tests can be performed; in the case at
hand, both the widely-employed chi-square test and a
more specific test can be presented.

Furthermore, UEFA EURO 2020 provides more data
than just the number of goals per match: it provides the
times between goals, which in the case of a Poisson pro-
cess are independent and exponentially distributed.
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For teaching, this means the opportunity to introduce the
exponential distribution and, depending on the student
cohort, the non-parametric estimate of the survival function.

However, this paper is not intended to be a “how-to-
use” statistics for football models, nor for football models
implying attacking/defensive abilities or for statistical
predictions. In considering the Poisson, we consider a
match as the statistical time period for the Poisson, where
the outcome is the total number of goals scored in a
match. In considering times between goals in matches,
we allow for time censoring.

At a more advanced level, this dataset can be used as
a nice example to illustrate statistical techniques such as
weighted regression or generalized linear models for
count data. When employing these data, depending on
the course level, the student will acquire knowledge and
understanding of a range of key topics and analytical
techniques in statistics, develop knowledge of the theo-
retical assumption underlying them and learn the skills
required to model count data.

2 | DATA SOURCE

The final phase of the 60th edition of the European Football
Championship, called UEFA EURO 2020, took place
between June 11, 2021 and July 11, 2021. A total of
51 matches were played: 36 in the group stage and 15 in the
knockout stage (round of 16, quarter-finals, semi-finals and
final). All matches in the group stage lasted 90 minutes,
while, for matches in the knockout phase, if a match was
level at the end of normal playing time, extra time was
played for a total of 120 minutes (90 minutes of normal
playing time plus 30 minutes of extra time).

The times at which the goals were scored were
retrieved from the UEFA website (https://www.uefa.
com/uefaeuro/history/seasons/2020/). Goals scored in
the extra time of the first half of a match were considered
to be scored at time t = 45 minutes, while goals scored in
the extra time of the second half of a match were consid-
ered to be scored at time t = 90 minutes.

Data were analyzed employing R, version 4.1.1 [15].

3 | ANALYSIS OF THE NUMBER
OF GOALS SCORED IN THE UEFA
EURO 2020 FINAL PHASE

3.1 | Normal playing time

A key assumption of the Poisson model is that the num-
ber of events needs to be independent observations in the
same process over a selected time period. In the group

stage, the 24 admitted teams were divided into six groups
of four teams; within each group, six games were played.
Therefore, under the assumption of the same Poisson
process, we would expect the same total number of goals
in each group. When considering the number of goals per
group stage match, the following totals were observed:
16, 22, 8, 15, 14 and 19.

A discussion could be stimulated as to whether these
data can be considered as observations of the same process.
Depending on the students' background and study level,
possible answers can be given by remaining at a descriptive
level or by resorting to inferential procedures. For advanced
courses, where generalized linear models are taught, an
ANOVA for Poisson observations can be performed. In
addition, if students have experience with R and simula-
tions, one can propose to the classroom a simulation to
evaluate how frequent the observed 14-goal difference
(or more) can be under the assumption of the same Poisson
process. In our case, neither of the approaches gave suffi-
cient evidence to reject this assumption.

As a result, we can now consider the frequency distri-
bution of the number of goals per match observed in the
51 matches played both in the group and knockout
phases, considering only normal playing time (Table 1).
A total of 135 goals were scored, so the average number
of goals per match was 2.65. The teacher may propose
that students also calculate the variance of the number of
goals, finding a value (2.43) quite similar to the mean;
such a result does not support any evidence against the
possibility that the data can follow a Poisson distribution.
Therefore, it is possible to calculate the probabilities of
observing x goals employing the Poisson distribution with
a mean μ equal to the observed one (2.65) for x ranging
between 0 and 6. The sum of these probabilities is
approximately 0.981 so the teacher can discuss the neces-
sity to consider also more extreme cases than those
observed (ie, six goals in a match). These probabilities are
shown in the third column of Table 1, where the last
probability refers to the case of scoring 6 or more goals.

TABLE 1 Observed and expected frequencies of scores for

UEFA EURO 2020 final phase (normal playing time only)

No. of goals Obs. P Exp.

0 3 .071 3.61

1 9 .188 9.57

2 15 .248 12.66

3 10 . 219 11.17

4 7 .145 7.39

5 4 .077 3.91

6+ 3 .053 2.68
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The expected frequencies can be calculated by multiply-
ing the probabilities by 51 (the total number of matches
played) and are shown in the last column of Table 1.

From a descriptive point of view, observed and
expected frequencies are in good agreement. Depending
on the students' background, a formal goodness of fit test
can be calculated; for example, the chi-square statistic for
the data shown in Table 1 is 0.753 (with 5 degrees of free-
dom), which gives no evidence against the hypothesis of
a Poisson distribution.

At this point, the teacher must strongly emphasize that
such a result does not mean that data support Poisson;
depending on the students' background, there is also an
opportunity for discussing the chi-square test as an omni-
bus test for evaluating the goodness of fit. There is another
test, more specific for the Poisson distribution, which relies
on the equality between the mean and the variance. In par-
ticular, Fisher [8] discussed “the special test for discrepancy
of the variance,” that is, the dispersion index. This index is
used to test for homogeneity of the observations and is also
referred to as the variance test for homogeneity [1].

Let y1,y2,…,yn denote n observations from a Poisson
distribution; the dispersion index is defined as
D¼Pn

i¼1 yi� yð Þ2=y, where y is the arithmetic mean, and
it is approximately distributed as a χ2 with (n� 1) degrees
of freedom. In our case, where n = 51 and y¼ 2:65, the
dispersion index is D = 45.96 (with 50 degrees of free-
dom) with an associated P-value of 0.636, which gives no
evidence in these data to reject the Poisson model.

3.2 | Normal and extra playing time

So far, we have only considered the goals scored during
normal playing time. However, in the final phase of
UEFA EURO 2020, there were eight matches in which
extra time was necessary. In this section, we consider the

number of goals scored in each match irrespective of its
duration (90 or 120 minutes).

Table 2 considers all of the 51 matches, both in the
group stage and in the knockout phase. The frequency
distribution of the observed number of goals per match is
shown separately for the 43 matches played without the
extra time and for the 8 matches played with extra time.
The corresponding expected frequencies were calculated
assuming a Poisson distribution with the same parameter
μ, where μ is the number of goals scored per minute. The
estimate of this parameter (bμ¼ 0:0294) is the ratio
between the total number of goals scored (142) and the
total number of minutes played (4830). The expected fre-
quencies corresponding to x goals for the 43 matches
played without extra time were calculated employing a
Poisson distribution with a mean of 2.65 (ie, 0.0294� 90)
and are reported in the fourth column of Table 2; those
for the 8 matches that ended after extra time was calcu-
lated employing a mean of 3.53 (ie, 0.0294� 120) and are
reported in the seventh column of Table 2. The last two
columns of Table 2 show observed and expected frequen-
cies of the number of goals in the 51 matches. Frequen-
cies are in good agreement again. Depending on the
students' background, a chi-square test for the goodness
of fit can be calculated; for the data that are shown in
Table 2 this test yields (after grouping the last three fre-
quencies) a value of 1.032 (with 5 degrees of freedom),
which gives no evidence against the hypothesis of a Pois-
son distribution.

In more advanced courses, where the theory of gen-
eralized linear model is taught, the goodness of fit of a
Poisson distribution can be evaluated by fitting a
model, specifying the family as Poisson and the link as
"log". The number of goals is the dependent variable,
while the natural logarithm of the time length of the
match is specified as an offset. In our case, the devi-
ance of the fitted model was 47 with 50 degrees of

TABLE 2 Observed and expected

frequencies of goals for UEFA EURO

2020 final phase

Matches lasting 90 minutes Matches lasting 120 minutes All matches

Goals Obs. P Exp. Obs. P Exp. Obs. Exp.

0 2 .071 3.05 0 .029 0.23 2 3.29

1 9 .188 8.07 0 .104 0.83 9 8.90

2 10 .248 10.68 3 .183 1.46 13 12.14

3 10 .219 9.42 3 .215 1.72 13 11.14

4 7 .145 6.23 0 .190 1.52 7 7.75

5 4 .077 3.30 0 .134 1.07 4 4.37

6 1 .034 1.45 1 .079 0.63 2 2.08

7 0 .013 0.55 0 .040 0.32 0 0.87

8+ 0 .006 0.25 1 .028 0.22 1 0.48
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freedom, therefore showing no evidence against the
Poisson model.

The Poisson is the simplest distribution for modeling
count data. Advanced courses can consider cases where
overdispersion is present in the data, and the negative
binomial or the Waring distribution can be employed
[2]. However, in UEFA EURO 2020 the variance of the
number of goals was lower than the mean. In doctoral
courses, a model based on the generalized Poisson dis-
tribution [5,11] can be discussed. Such a model can
accommodate both overdispersed and underdispersed
count data through a parameter δ, which can assume
positive (overdispersion), null (equidispersion) or nega-
tive (underdispersion) values. In the case of UEFA
EURO 2020, the estimate of this parameter was �0.055,
with an associated 95% confidence interval between
�0.25 and 0.15 and a P-value for testing the hypothesis
δ = 0 of 0.299, giving no evidence against the more par-
simonious Poisson model.

4 | ANALYSIS OF THE TIMES
BETWEEN GOALS

In addition to the number of goals in a match, we can
also consider times between goals. In a Poisson process,
these are independent and exponentially distributed with
probability density function f tð Þ¼ λe�λt, where t is the
“time to event” and λ is the reciprocal of the mean time
to event. In this case, the survival probability P T > tð Þ is
given by S tð Þ¼ e�λt. This relationship can be employed to
evaluate the goodness of fit of an exponential distribu-
tion. Applying logarithms to S tð Þ¼ e�λt, we get
� log S tð Þð Þ¼ λt, and a plot of the estimated values of
� log S tð Þð Þ against time t will exhibit a linear trend (with
a slope equal to λ).

In our case, the “time to event” of a goal (in minutes)
is the waiting time between two successive goals, or
between the start of the match and the first goal. A dis-
tinctive characteristic of survival data is that the event of
interest may not be observed in every statistical unit. This
feature is known as censoring. Censoring can arise
because of time limits and other restrictions depending
on the nature of the studies. In our case, if a game ends
without goals scored, it is not possible to measure the
time elapsed between the start of the match and the first
goal. Therefore, we define the measured time, as 90 or
120 minutes, as a censored time. Similarly, if the last goal
was scored after for example, 75 minutes and there was
no extra time, we consider a censored time of 15 minutes.
In the case of UEFA EURO 2020, we observed a total
number of 142 goals during a total of 4830 minutes con-
sidering both normal playing and extra time. Therefore,

the average rate is 0.0294 goal/minute which is the esti-
mate of the parameter λ of the exponential distribution.
The reciprocal of this value (ie, 34.0) measures how many
minutes elapse, on average, between one goal and the
next one.

When teaching survival analysis, after introducing
both waiting and censored times, it is possible to illus-
trate the nonparametric product limit estimator [12] and
estimate the survival curve. In our case, this curve is
shown in Figure 1.

When interpreting the results shown in Figure 1, we
have to remember that the statistical unit of this analysis
is the time between two successive goals (or the censored
time associated with each match, if any). In our analysis,
we have a total of 188 observations (ie, times): 142 are
waiting times, while the remaining 46 are censored times
(there were five matches with a goal scored just at the
end of the match). The survival curve shown in Figure 1
gives the estimated cumulative probability of observing
no goal after having waited t minutes from the previous
goal. This probability is 1 when t = 0 and decreases
monotonically as time goes on.

The lowest waiting time was 1 minute, which was
observed during the quarter-final match between
Belgium and Italy: Belgium scored a goal at the end of
the first play time (45 minutes), one minute after a goal
scored by Italy. The highest observed waiting time was
95 minutes, which occurred during the round-of-16
match between Italy and Austria: the first goal was
scored by Italy in the extra time, 95 minutes after
kick-off. The estimated median time was 24 minutes.
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FIGURE 1 Kaplan–Meier survival probability associated with

the waiting times of the goals scored during the final phase of

UEFA EURO 2020 (solid line) and survival probability of an

exponential random variable with λ = 0.0294 (dotted line)
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Therefore, the estimated probability that one had to wait
at least 24 minutes to observe the next goal is 0.5. Consid-
ering an average rate of goal scoring of 0.0294 goal/min
as a value for λ, we can plot the expected exponential sur-
vival curve against the empirical one (Figure 1). There is
a good agreement between expected and observed
results. The median survival time is �log(0.5)/λ, that is,
23.6 minutes in our case, which is in good agreement
with the observed value (24 minutes). Furthermore, the
regression line is shown in Figure 2, where the estimated
values of � log S tð Þð Þ are plotted against time t, has an
estimated slope of 0.0331 goal/min, very similar to the
observed average rate of goal scoring (0.0294). When pro-
posing this approach, there is a good opportunity for dis-
cussing the assumptions underlying the ordinary least
squares, wondering, in particular, if the homoscedasticity
can be considered valid. The number of observations
decreases with time, causing the precision of the esti-
mates of S tð Þ to decrease with time. Therefore, a better
estimate of the slope can be obtained by employing the
weighted least squares, with weights inversely propor-
tional to the variance associated with each point. In our
case, the estimated slope is 0.0300, which is closer to the
expected one (0.0294).

For a Poisson process, the times between events
are exponentially distributed and independent. Above
we have investigated the exponentially assumption. As
a step to explore independence, we can plot times to
the next event against the previous time between
events, but this is not feasible for each match. Instead,

we can consider the 51 matches as a sequence [4]. In
this case, the analysis takes into account the cumu-
lated times of goal scoring (ie, from the first goal,
scored after 53 minutes, to the last goal, scored after
4777 minutes after the first kick-off). In the case of a
Poisson process, plotting each time vs the previous
time results in a straight line of a unitary slope with
an intercept given by the average time between one
goal and the next. One may wonder how to handle the
order of the two matches played simultaneously,
within each of the six groups, on the last day of the
corresponding group stage. In a Poisson process, this
result does not depend on the chosen order. One can
check this result with UEFA EURO 2020 data by gen-
erating the 64 possible different time sequences. The
above could also be used to analyze times between
goals without considering censored times (and a
match as a statistical time period).

5 | DISCUSSION AND
CONCLUSIONS

UEFA football data can be employed as an engaging con-
text to consider some aspects of count data at the intro-
ductory level as well as at a more advanced level. If we
look at the distribution of the number of goals per match,
a simple model like the Poisson, which is the first
count process introduced to students, appears in good
agreement with the data.

However, from a teaching point of view, it must be
emphasized that even if there is no evidence in these
data to reject the Poisson model, this does not mean
the data support Poisson. Therefore, one cannot claim
that the 51 matches of UEFA EURO 2020 are 51 inde-
pendent homogeneous Poisson processes with a con-
stant probability per unit of time of scoring a goal
(which does not vary from match to match) since foot-
ball matches are a system of highly co-operative
intercorrelated entities.

The good fit of the exponential distribution when
modeling the waiting times between goals is expected
from a theoretical point of view but could be considered
somewhat counter-intuitive and unrealistic given the
memoryless property of the exponential model. In fact,
Figure 2 reports some small, but consistent, deviations
from the exponential model. However, it should be con-
sidered that the measurement of time may be inaccurate
since actual playing times are not recorded and censored
times are also present.

We remark that UEFA EURO 2020 data are presented
as a fil rouge in a “journey” through some key topics and
analytical techniques in statistics. Our analyses are not
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intended to be good modeling of football data. The out-
come of a match can be thought of as depending on a
number of factors such as the ability of the teams (partic-
ularly in terms of attacking/defensive abilities), the avail-
ability of more or less strong and trained players, and the
tactics defined by the coaches, etc. Being able to model
the outcome of a match with a probabilistic model might
seem a very difficult task, given the complexity of the
game and the variety of factors involved. Many authors
have focused on models for predicting the outcome of a
match (home win, draw, away win) in national leagues
taking into account an entire season over a rather long
time span (several months or years) [17,20]. For example,
goal-based team performance covariates were used by
Goddard [10] to forecast win-draw-lose match results.
Koopman and Lit [13] developed a statistical model for
the analysis and forecasting of football match results
employing time series analysis with intensity coefficients
that change stochastically over time. Modeling FIFA
World Cup football data, van der Wurp et al [19],
employed copula regression to include dependency into
models, obtaining match outcome probabilities as well.
Rue and Salvesen [16] suggested a Bayesian dynamic
generalized linear model to estimate the time-dependent
skills of all teams in a league. In addition, several authors
have focused their attention on the football betting
market [3,6,7].

A fundamental assumption of the exponential model
and of the resulting Poisson model is the concept of inde-
pendence between events. Independence can be thought
of as a useful way to model outcomes (like the result of
tossing a coin or of a game of chance) that are not inher-
ently random but can be predicted exactly (at least in
principle) once the relevant parameters are specified.
However, in various situations in the real world, people
often discard independence, suffering from cognitive illu-
sions [18]; one famous case can be found in basketball
and is known as the “hot hand” [9] and, more recently,
also in football (“hot shoe”) [14].

The good fit of the Poisson model can be at least
partly explained by considering some features of the case
study: the teams participating in the final phase came
from a selection phase, so their skills were relatively
homogeneous; the time span in which the final phase of
the competition took place was short, which prevents
teams from greatly improving their skills; no distinction
between home or away games can be made; the abilities
of the two teams were averaged by considering only the
total number of goals scored in each match rather than
counting them separately.

In this paper, we hope to have shown how data from
the final phase of UEFA EURO 2020 can be considered
an engaging context to be used in teaching statistics both

at an introductory level as well as at more advanced
levels.
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