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Abstract

In this paper, a probabilistic simulator for the upcoming FIFA
World Cup is developed. For that, we develop a simulation model that
can predict the outcome of a match by calculating a win expectancy
for both participating teams based on several rules, that take into ac-
count different rating methods and can be arbitrarily weighted and
combined by the user. The process of deriving the rules’ formulae, if
not available, from historical FIFA World Cup matches is described as
well as the methods for calculating the probability for a draw and the
expected number of goals in a match. Further, the resulting applica-
tion, which does not only include the program to run the simulation,
but also a web front end and a back end, which allow straight-forward
user interaction with the simulator, is described.
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1 Related Work David Dormagen

1 Related Work

There have been different approaches to model the outcome of football
games, of a complete tournament or league by using statistical models with
different rating methods of teams as their basis. Liu and Zhang use multino-
mial logistic models to predict the results of matches and apply that to the
English Premier League, being able to give correct predictions around 60%
of times, while a random guess would only yield around 33%[1]. Karlis and
Ntzoufras use Poisson models, incorporating different parameters of both
teams, to make predictions about games in the Greek League[2]. Dyte and
Clarke use a Poisson model based on the official FIFA rating to model the
outcome of world cup games[3]. Reddy and Movva suggest that machine
learning techniques, especially a gradient boosting model, may be suited to
predict football game outcomes[4]. Dixon and Coles use a Poisson regres-
sion model to predict games in the English league. They review bookmakers’
odds and show that their model would yield a positive return if used as the
base for a betting strategy[5]. Hvattum and Arntzen use logit regression
models based on Elo rating and verify their model on games of the English
league[6].

The main difference from other simulation models is that the simulation
model developed and described in this paper is constructed in a very mod-
ular way. Instead of relying on a specific rating method, the model itself
works with different ratings. The calculations based on the different rating
systems are independent from other calculations such as the calculation of
the amount of goals, the probability for a draw, and the home advantage for
one team. This is achieved by inferring win expectancy calculation formu-
lae for the different rating methods and then calculating the other results
and parameters based on that win expectancy. This approach allows for
integration of rating systems and rules where either no clear formula for a
probability other than a win or loss exists or where the historical data is not
enough to derive such a formula. We are also able to combine the results from
different rating methods with user-given weights without influencing other
calculations, such as the calculation of the draw-probability, the adjustment
of the win expectancy for home teams, or the calculation of the expected
goals. In contrast, other approaches have, for example, integrated the home
advantage directly into their ratings-based probability model by adjusting
the home team’s rating points, which is not necessary in this model.
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2 Background

This section gives a brief introduction to different rating systems and the
tournament format that the FIFA World Cup 2014 uses.

2.1 FIFA World Cup

The FIFA World CupTM1 is the biggest international football competition,
which is held every four years among allotted teams.
The tournament itself consists of two stages: the group phase and the knock-
out stages leading to the finals. In 2014, 32 teams participate in the world
cup. In the group phase, the teams are split into 8 groups and each group of
four teams plays a round-robin-tournament2. Points are given to the teams
based on the number of wins, draws and losses. The top two teams of each
group advance into the knockout stage. When two teams are tied in points
after the group phase, other factors such as overall goal difference are used
as a tie-breaker.
In the following knockout stage, the winning team advances into the next
stage while the losing team is out of the tournament. Draws are not per-
mitted and will lead to overtime or a penalty shoot-out.
The group compositions are known beforehand, as well as the knockout stage
course of both the winner and the second place of each group.

2.2 FIFA Rating System

The official FIFA rating system tries to rate national teams’ strength by
giving points for matches relative to the performance of each team[7]. The
rating of a team is the weighted average over the team’s last years’ average
match rating[7]. This is a contrast to methods which try to find a stable
strength estimation of a participant by adjusting the current estimation after
a match, such as the Elo rating system.
The FIFA rating procedure has received a lot of criticism in the past. As
described by Kaminski [8] the team of the world cup’s host nation generally
drops in rating during the two years of qualification before the event due to
the host nation being disallowed to play qualification games, which would
award more points than a normal friendly (i.e. a friendly game between two
national teams). Kaminski also explains counter-intuitive properties of the
FIFA rating system, such as that conceding a game instead of continuing to
score goals might result in a higher point reward in some situations. Dyte
and Clarke[3] showed that manually lowered FIFA ratings for teams that
regularly played in lesser known federations resulted in a more accurate
prediction compared to the actual ratings. This further suggests that there

1The FIFA World Cup is a trademark of FIFA
2In a round-robin-tournament, each team plays every other team exactly once.
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may be inconsistencies in the official FIFA rating when used as an estimation
of a team’s strength.

2.3 Elo Rating System

Originally developed by the Hungarian physicist Arpad Elo for assessing
the strength of chess players[9], the Elo rating system has found widespread
use in different types of sport, including association football[6][10]. In the
Elo rating system, each team is assigned a rating, which is then updated
whenever the team partakes in a match based on the outcome. A win will
generally increase a teams rating while a loss generally lowers it, depending
on the Elo rating of the opponent. Defeating a higher rated opponent will
result in a higher gain in Elo rating than defeating a weaker opponent. In
an analogous manner, a loss against a weaker opponent will cost more Elo
rating.
While there have been several proposals to change the Elo rating system
to reflect a team’s skill more accurately, the original method is still used
a lot. Lasek and Szlávik [11] found that calculating a win probability using
different Elo-based methods for a match in association football had a higher
accuracy than other rating systems such as the official FIFA rating.

2.4 Soccer Power Index

The Soccer Power Index, abbreviated SPI, is a rating system that was de-
veloped by the statistician Nate Silver to rate both a team’s offensive and
defensive strength[12]. Similar to the Elo rating, the SPI continually adjusts
a team’s ratings based on its performance in a match. It also allows rating
the individual players based on their performance and the overall outcome
of the match. The SPI takes more factors into account than f.e. the FIFA
rating when calculating the new score after a match, such as the number of
goals and the home advantage.

2.5 Market Values

Whenever a player transfers to a different club, large amounts of money
change the owner as well. How much money clubs are willing to pay for a
player strongly depends on their expectation towards the player’s skill and
their prediction of how much the single player will benefit the team. It thus
seems plausible that, through the sum of the most recent transfer-values
of all players from a team, the team’s strength can be estimated as well.
Unless otherwise stated, the market value of a team describes the sum of all
the single market values of the team’s players or, for better comparison, an
average of this sum. Other properties of the team are not taken into account
(f.e. who coaches the team). The main source for all market values used is
transfermarkt.de[13].
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3 The Simulation Model

This paragraph describes the simulation model that is used to simulate the
tournament. The main focus will be on the execution of a single match,
since the general structure of the tournament and its rules are well-known.
The simulation of one match is executed as follows: as the first step, all N
active rules (except for the home advantage rule, see below) are applied to
the teams’ respective scores yielding a win expectancy p ∈ [0, 1] each for
both teams. The probability P ′V ICTORYi is the weighted sum over the rules’
probabilities with the rules’ weights w, which had been selected by the user:

P ′V ICTORYi =

∑N
i=1 pi ∗ wi∑N
i=1wi

Then, if active with a weight w > 0, the home advantage rule ha(p) is
applied to P ′V ICTORY1/2 .

PV ICTORYi = (
w

wmax
) ∗ ha(P ′V ICTORYi) + (1− w

wmax
) ∗ P ′V ICTORYi

, where w is the user-selected weight of the home advantage rule, and
wmax is the maximum weight of all active rules (including the home advan-
tage rule).
Note that if w = wmax, only the adjusted win expectancy of the home ad-
vantage rule is used.

A description of the formulae used for the different rules can be found in the
section 3.2.

After calculating the win expectancy, the chance for a draw PDRAW is cal-
culated based on the win expectancy PV ICTORY1 (see 3.3). A uniformly
random number roll ∈ [0, 1] is rolled and the game is said to be a draw if
roll < PDRAW .

If the game is not a draw, a winner is chosen by rolling a uniformly random
number roll ∈ [0, 1]. If roll < PV ICTORY1 , the first team is selected to be
the winner. If roll ≥ PV ICTORY1 , the second team is the winner.

Then the number of goals for each side are rolled using a Poisson-distributed
random number generator with λ1/2 calculated from PV ICTORY1/2 respec-
tively, see 3.4. The rolls for both sides are repeated until the result is either
a draw or the previously selected winner has more goals.

4
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3.1 Description of the Data Set

The match data that has been used to derive the formulae and probabilities
used in the simulation comes from the match archive of the official FIFA
website [14]. For matches that had a penalty shootout, the number of goals
prior to the shootout has been used for analysis.
The data set thus consists of every match for all world cups starting from
1930. For every match, the number of goals for both teams at the official
end of the match is included. The number of goals are used to decide which
team won the match. The data set contains over 700 official FIFA world
cup matches. However, it must be noted that for certain rating methods
information about the rating points for each team was not available and
thus only a subset of those matches could be used for analysis.

3.2 Description of the Rules

This section describes the different rules that can be used to calculate the
winning probability for a match between two teams.

3.2.1 Elo Rating

The Elo rule uses the football Elo rating points from the World Elo Ratings-
website [15]. The Elo system was invented for chess and there is a widely
accepted formula for calculating the winning probability of two contestants
via their respective Elo rating points in chess, which is also used as the basis
for the winning probability in the simulation.
Unfortunately the historical Elo rating points of the football teams partic-
ipating in the current world cup are not easily found, leading to the data
for evaluation of the validity of the Elo rating for predicting the outcome of
football matches in a world cup to be sparse. The data mainly contains the
FIFA matches from only 2010.
For the significance check, all FIFA matches with teams, that had Elo rating
support for the time of the match, were grouped into categories Ci of Elo
rating difference for every 50 points of difference. C1 contains all matches
where the difference in Elo rating of the two teams r1 − r2 ∈ (−600,−550],
C2 contains the range (−550, 500] and so forth. For those categories the
percentage of victories could be calculated.
For plausibility, a regression model PV ICTORY = 1

1+10−RatingDifference/c has
been fitted to the match data via least squares fitting, yielding c = 444, see
Figure 1. However, for the simulation the original Elo formula

PV ICTORY1 =
1

1 + 10−
r1−r2
400

, where r1 and r2 are the Elo ranking points of the respective teams, has
been used for the sake of consistency.
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Figure 1: The graph shows the relation between difference in Elo rat-
ing and outcome of a match. The original Elo formula PV ICTORY =

1
1+10(−RatingDifference/400) to calculate a winning probability has been de-

picted in the graph as well as the results of a regression model, suggesting
the use of 444 instead of 400 as the constant. The error bars indicate the
minimum and maximum values over the different years.

Figure 2: The histogram shows the distribution of the difference in Elo rating
in all analysed matches.
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3.2.2 FIFA Rating

The FIFA rule uses the FIFA ranking points that are given to football teams
by the FIFA, taking into account parameters like the match outcome, the
opposing team’s strength, the importance of the match and strength of the
confederation (in case teams from different confederations meet)[7]. While
there are ranking points available for every world cup starting from the one
in 1994, only the games from 2006 and 2010 could be used for analysis, since
the official ranking method changed in 2006, leading to a very different point
distribution compared to the years before[16].
There is no standard formula to calculate the win expectancy of two oppos-
ing teams based on the FIFA ranking points.
The approach to finding a formula that could be used in the simulation used
the difference of the two teams’ ranking points r1 − r2, similar to the calcu-
lation in the Elo system.
Expecting a sigmoid function to be most suited to estimate the win ex-
pectancy from the difference of two teams’ ranking points, the model PV ICTORY =

1
1+exp(−RatingDifference/c) has been fitted to the match data via least squares
fitting, see Figure 3. The regression yielded the value c = 291.5. Thus, the
final formula to calculate the win expectancy of two teams based on the
FIFA ranking points, which is now used in the simulation, is

PV ICTORY1 =
1

1 + exp
(
− r1−r2

291.5

)
, where r1 and r2 are the FIFA ranking points of the respective teams.

7
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Figure 3: The graph shows the relation between difference of FIFA rating
and outcome of a match. The results of a regression model, suggesting the
formula PV ICTORY = 1

1+exp(−RatingDifference/291.5) as the best approxima-
tion, has been depicted. The error bars indicate the minimum and maximum
values over the different years.

Figure 4: The histogram shows the distribution of the difference in FIFA
rating in all analysed matches.
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3.2.3 Soccer Power Index

The SPI rule uses both the offensive and defensive rating from the SPI to
calculate a win expectancy for a team.
While an intention of the SPI is to be able to calculate the win expectancy
for both teams in a match, there is sadly no public official formula and
instead the official FAQ reads[17]:

”The OFF and DEF ratings for any two teams can be combined
to create a prediction about the teams’ chances to win or draw
the game. This uses a statistical technique called multiple logit
regression; basically, we examine a database of thousands of past
games to see what happened when teams with similar OFF and
DEF ratings faced one another.”

Due to a lack of this database, an own method to calculate a team’s win
expectancy based on the SPI’s offensive and defensive ratings for both teams
had to be established. Since there was also not enough historical data avail-
able to deduce a formula similar to other rating systems with parameters
estimated by non-linear regression, it was decided to calculate the teams’
win expectancy by modelling each team’s goals using a Poisson-distributed
random variable with λ calculated from both teams offensive and defensive
rating.
The offensive and defensive ratings in the SPI indicate how many goals a
team would score and receive on average when a round-robin-tournament
between all nations was held. Thus, it does not seem implausible to calculate
the win expectancy indirectly through the average number of goals between
two teams - especially since we will see later in section 3.3 that a Poisson
distribution is indeed a plausible estimation of a team’s goals in a match.
The procedure is as follows:
Firstly, for both teams Team1/2 with respective offensive and defensive rat-
ings rOFF1/2 and rDEF1/2 the combined offensive rOFF and defensive rDEF
ratings are calculated

rOFF =
rOFF1 + rDEF2

2

rDEF =
rDEF1 + rOFF2

2

Then the probabilities P1/2 for both teams to win the game are calculated,
disregarding draws:

P1 =

∞∑
i=0

(
e−rOFF ∗ (rOFF )i

!i
) ∗

i−1∑
j=0

[
(
e−rDEF ∗ (rDEF )j

!j
)

]

9
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P2 =
∞∑
i=0

(
e−rDEF ∗ (rDEF )i

!i
) ∗

i−1∑
j=0

[
(
e−rOFF ∗ (rOFF )j

!j
)

]
Since draws have been disregarded before, the sum of P1 and P2 will now be
smaller than 1. The final step is to normalize the probabilities which results
in the following probability PV ICTORY1 that Team1 will win:

PV ICTORY1 =
p1

p1 + p2

3.2.4 Monetary Value

A team’s monetary value is the sum of the team’s players’ current market
values. For the simulation, the average market value of the players has been
chosen over the sum, because it made analysing historical data easier, due
to market values for some single players not being available. Every team
has been taken into account for the analysis where at least ten players had
market values available. The values come from the individual player profiles
on transfermarkt.de[13].
As the basis for the comparison of two teams, the logarithmic quotient of
the teams’ market values has been used. This provides some stability over
multiple years compared to using the difference, because the actual buying
power of money changes over time, changing the meaning of a fixed mone-
tary margin between two teams. The ratio of two teams’ market values in
the same year should, however, show a more stable relationship.
The sigmoid regression model PV ICTORY = 1

1+exp(−RatingQuotient/c) has been
fitted to the match data via least squares fitting, see Figure 5. The regres-
sion yielded the value c = 1.3026. The final formula to calculate the win
expectancy of two teams based on their average monetary value, that is used
in the simulation, is

PV ICTORY1 =
1

1 + exp

(
−

ln(
r1
r2

)

1.3026

)
, where r1 and r2 are the average value of the respective teams’ players in
Euro.

10
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Figure 5: The graph shows the relation between logarithmic quotient of the
average monetary value of two teams’ players. The results of a regression
model, suggesting the formula PV ICTORY = 1

1+exp(−RatingQuotient/1.3026) as
the best approximation, has been depicted. The error bars indicate the
minimum and maximum values over the different years.

Figure 6: The histogram shows the distribution of the average monetary
value of two teams’ players in all analysed matches.
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3.2.5 Average Age

To analyse the influence of a teams’ average age, the average age for each
team and year has been calculated using the individual player profiles on
transfermarkt.de[18].
As the basis for the comparison of two teams, their difference in average age
is used. Since a simple sigmoid function, similar to the ones used in the other
rating methods, did not seem to model the data well enough, a more complex
regression model PV ICTORY = 1

1+exp(−(a∗age difference−age difference3)/c) has

been used and was fitted to the data via least squares fitting, yielding c ∼ 131
and a ∼ 32, see Figure 7.
The model suggests that a team’s optimal average age is three years older
than their opponent’s. The final formula to calculate the win expectancy of
two teams based on their average age, that is used in the simulation, is

PV ICTORY =
1

1 + exp
(
−32∗(r1−r2)−(r1−r2)3

131

)
, where r1 and r2 are the average age of the respective teams’ players.
Even though, the number of matches in the age categories outside of the
range (−4,+4) was only relatively low (see Figure 8) and thus the statisti-
cal reliability is drastically reduced, it was decided to keep the formula as
described above. This was done not only due to the lack of an alternative,
but also because an explanation for the current curve can be given: while an
age advantage of around three years with the higher experience of the play-
ers increases the team’s winning expectancy, a much higher age will reduce
the team’s win expectancy due to a worse personal fitness in comparison to
the younger opponents.
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Figure 7: This graph shows the relation between difference in av-
erage age of two teams and outcome of a match. The re-
sults of a regression model, suggesting the formula PV ICTORY =

1
1+exp(−(32∗age difference+age difference3)/131) as the best approximation, has

been depicted. The error bars indicate the minimum and maximum values
over the different years. The high error range displays the low significance
of the age as the deciding factor for matches.

Figure 8: The histogram shows the distribution of the difference in average
age of two teams in all analysed matches.

13



3.2 Description of the Rules David Dormagen

3.2.6 Home Advantage

The home advantage rule uses the property of the teams of being a host
nation or not to adjust the win expectancy that was calculated by other
rules. When having a look at all of the FIFA world cup matches from 1930
to 2010, teams with a home advantage have a win ratio of 63% when in-
cluding draws and 75% when omitting draws, see Table 1.

However, this perspective alone does not allow us to deduce a statistically
significant formula for the win expectancy yet. One reason for that is, that
the number of games with participating host nations per year is only rel-
atively small, making significant conclusions hard. Additionally, the data
might be biased if the host nations are generally stronger teams and thus
naturally have a higher win expectancy. To reduce that bias, the win ra-
tions of host-nation teams have been compared to their win expectancy as
calculated via their rating (f.e. FIFA ranking points or Elo rating). Even
when accounting for the expected win probability for the different matches,
host nations appear to have a higher win ratio than their rating alone would
suggest, see Figure 9.
Analysing games in Dutch football from 1990 to 2005, P.C. van der Kruit [19]
found that home-teams won around 63% as opposed to the expected 50%,
when not counting draws. For the simulation, the average win expectancy
for host-nations is increased to 2

3 from the standard 1
2 , not counting draws.

Expecting a sigmoid curve to be the best approximation for the necessary
adjustment of the win expectancy p in regards to the home advantage of the
teams, the following formula is used in the simulation:

p′ =
2

1 + e−4∗p
− 1

, which satisfies:∫ 1

0

(
2

1 + e−4∗p
− 1

)
dp =

1

2
ln

(
1

2(1 + e4)
− 2

)
≈ 0.66

In case both teams have an assigned home advantage ha1/2 or the sum of
the home advantage of both teams is below 1, the simulation adjusts the
weight of the result of the home advantage rule as follows for every team
t ∈ {1, 2}:

w′t = w ∗ hat
max(1, ha1 + ha2)

, where w is the user-selected weight for the rule.

14
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Year H.-A. H.-A. no draws Other

1930 1.00 1.00 0.50
1934 0.80 1.00 0.50
1938 0.50 0.50 0.41
1950 0.67 0.80 0.44
1954 0.50 0.50 0.45
1958 0.67 0.80 0.34
1962 0.67 0.67 0.40
1966 0.83 1.00 0.42
1970 0.50 0.67 0.43
1974 0.86 0.86 0.34
1978 0.71 0.83 0.37
1982 0.20 0.33 0.34
1986 0.60 1.00 0.37
1990 0.86 1.00 0.38
1994 0.25 0.33 0.40
1998 0.86 1.00 0.34
2002 0.50 0.67 0.38
2006 0.71 0.83 0.38
2010 0.33 0.50 0.38

mean 0.63 0.75 0.40

Table 1: The table shows the win ratios of teams over the years. The
second column shows the ratios for teams with a home advantage (being
host nations), the third row shows the same data but without counting
draws, and the fourth row shows all other games, including draws, without
a participating host nation.
An important remark: the data may not be statistically reliable, due to the
low number of games with host nations per year.

15
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Figure 9: Comparing the calculated win expectancies of the host nations’
teams with their actual win ratio shows, that host nations are generally more
likely to win than their ranking would suggest. The dashed red line depicts
the formula to adjust the win expectancy based on the home advantage of
the teams f(p) = 2

1+e−4∗p − 1, which is used in the simulation.

16
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3.3 Draw Probability

For the simulation, a formula that gives the probability for a draw based
on the win expectancy of the participating teams is needed. Separating the
calculation of the win expectancy from the calculation of draws is necessary
not only because some calculation methods might not directly yield the
probability for draws, but also to freely allow mixing the results of the
rules that calculate the win expectancy without influencing the calculation
of the draw probability in an unwanted way. To derive the formula for
the calculation of the draw probability, the historical FIFA matches [14]
have been analysed after the method of calculating the win expectancy
from teams’ respective ratings was established. The data thus consisted of
matches and the assigned win expectancy p, making it straight-forward to
find a correlation between the two variables.
Expecting a Gaussian distribution, the regression model a ∗ exp(− (p−0.5)2

2∗c2 )
has been fitted to the data using least squares fitting. The results vary
slightly depending on the underlying rating system (f.e. Elo rating or FIFA
ranking points), see Table 2 and Figure 10.
The value 1

3 for a has been chosen, since it reflects the idea that in an equal
game every outcome (win, loss, and draw) should have an equal probability,
which also seems to be reflected by the results of the regression model. 2.8
has been chosen for c as the mean of the model results. The final formula
to calculate the probability for draws based on the win expectancy thus is:

PDRAW =
1

3
∗ exp(−(PV ICTORY − 0.5)2

2 ∗ 0.282
)

, where PV ICTORY is the win expectancy of one of the teams.
Since the formula is symmetric, the results are the same from each of the
teams’ perspective: PDRAW (PV ICTORY ) = PDRAW (1− PV ICTORY ).

17
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Parameter Est. (FIFA) Est. (ELO) Est. (Value) Chosen Values

a 0.37994 0.29736 0.31979 1
3

c 0.29234 0.26339 0.29036 2.8

Table 2: The table shows the parameter estimations resulting from regres-
sion models based on the data for different ranking methods as well as the
finally selected parameter values.

Figure 10: This graph shows the relation between win expectancy based on
different rankings and the probability of draws. The result of the regression
models for the different scores have been depicted as well as the final distri-
bution formula that is used in the simulation. The error bars indicate the
minimum and maximum values over the different years.

18
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3.4 Number of Goals

Since the simulation also simulates the goals for both teams in every match,
a model for the goal distribution based on the win expectancy of a team is
needed. Again, the historical FIFA matches [14] have been analysed after
the methods of calculating the win expectancy from teams’ respective ratings
were established.
The data used for deriving the goal distribution thus consisted of matches
with win expectancy and goal amount for both teams. As expected the
average amount of goals for a team increases the higher the probability to
win the match is, see Figure 11.
To find out the underlying distribution, the data has been divided into win-
expectancy-categories Ci, with C1 containing games with a win expectancy
in (0, 0.1), C2 containing (0.1, 0.2), etc.
For each category Ci, the frequency of every number of goals was calculated.
In expectation of a Poisson distribution, the regression model PCi(G) =
λG∗exp(−λ)

!G has been fitted to the matches in the category using least squares
fitting. The resulting values for λ can be seen in Table 3.
To find a formula for the λ-parameter and in expectation of a linear correla-
tion, the regression model λ(p) = m ∗ p+ b has been fitted to the estimated
λ-parameters using the centres of the categories as the x-parameters, see
Figure 12.
Following the results of the regression models, the formula that is used in
the simulation to calculate the λ-parameter for the goal distribution based
on the win expectancy p of a team is:

λ(p) = 1.8 ∗ p+ 0.27

Figure 13 shows the Poisson-distributed model for the number of goals with
the λ chosen as described above in comparison to the observed distribution
with the win expectancy based on the FIFA ranking points.

It has to be noted that according to [20] the goals in a football match are
not perfectly Poisson-distributed. A team, that already scored goals, seems
to be more likely to score further goals. This is attributed to an effect of
self-affirmation. However, for simplicity, the pure Poisson model is used for
this simulation.
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Figure 11: The graphs show the available data that has been used to de-
rive the goal distribution per win expectancy. As expected, a relationship
between win expectancy and number of goals can be seen.
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Figure 12: The graphs show the estimated λ-parameters of the Poisson dis-
tributed number of goals per win-expectancy-category. A linear regression
model has been fitted to the data. The formula depicted in the graph is
λ(p) = 1.8 ∗ p+ 0.27. For the expectancies based on Elo and FIFA, the first
data point has been disregarded as an outlier.
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Category λ (FIFA) λ (Elo) λ (value) λ (age)

0 - 0.1 29.900 29.600 0.679
0.1 - 0.2 0.583 0.677 0.659
0.2 - 0.3 0.540 0.407 0.551
0.3 - 0.4 0.533 1.260 0.686 0.951
0.4 - 0.5 1.560 0.906 1.150 1.130
0.5 - 0.6 1.200 1.340 1.170 1.310
0.6 - 0.7 1.440 1.520 1.490 1.660
0.7 - 0.8 1.250 1.930 1.730
0.8 - 0.9 2.130 1.380 1.780
0.9 - 1 1.960 2.200 1.680

Table 3: The table shows the estimations for the λ-parameter of a Poisson
distribution for the number of goals resulting from regression models based
on the data for different ranking methods.

Figure 13: The left graph shows the observed goal distribution in the FIFA
matches for different win expectancies based on FIFA ranking points. The
right side shows the model with a Poisson distribution as used in the simu-
lation.
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Why the number of goals is not the only characteristical number
used

When a valid formula for the number of goals based on the win expectancy
of two teams is established, the separate random roll for a draw and for the
winner of the game could be omitted, in theory. The only random number
to be rolled would be the number of goals for each side, leading to draws
and a winner as a native result of the rolls.
From the Poisson distributed number of goals, the chance of a draw can be
calculated from the winning expectancy p of one of the teams as follows:

P ′DRAW =

∞∑
i=0

[
(
e−λ(p) ∗ λ(p)i

!i
) ∗ (

e−λ(1−p) ∗ λ(1− p)i

!i
)

]
where λ(p) = 1.8 ∗ p+ 0.27.
The probability for a team with win expectancy p to score more goals than
the opposing team and thus, to win the game, can be calculated similarly:

P ′V ICTORY =
∞∑
i=0

(
e−λ(p) ∗ λ(p)i

!i
) ∗

i−1∑
j=0

[
(
e−λ(1−p) ∗ λ(1− p)j

!j
)

]
where λ(p) = 1.8 ∗ p+ 0.27.
However, comparing that with the originally derived formula for PDRAW
and the original win expectancy p, there is a discrepancy as can be seen
in Figure 14. For that reason, the originally derived formulas were kept
as the foundation to decide the result of a match. That way, in case the
calculation of goals turns out to be inaccurate, the remaining model will not
be influenced.
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Figure 14: The graph compares the outcomes of a match that were calculated
from the Poisson-distributed goal number (solid lines) to the expected results
(dashed lines).
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3.5 Choosing the default weights

For the simulation, a set of default weights for the rules is needed, because
the win expectancy for a match will be calculated from a combination of
different rules which have certain weights assigned. The default weights will
be presented to the user prior to any customization. Ideally, those defaults
should be chosen in a way to best reflect the reliability of the rules and give
the user a good basis to start from.
The weight of the age rule has been set to 0, because it appears to have the
lowest significance of all rules. Similarly, the weight of the value rule is set to
only 0.25, because it is not a ranking method per se and would need further
analysis to make reliable statements whether it is suited for prediction.
The weights of the Elo and the SPI rule are both set to 1.0. The weight of
the FIFA rule is set to only 0.5, because of known weaknesses as described
in section 2.2.
This results in a combined win expectancy, that is hopefully a lot more
resistant against outliers in the different rating methods. Figure 15 shows
the correlation between the different win expectancies based on the different
rating systems. Note that not the rating points from the different rating
systems are the basis for this correlation, but the win expectancies based on
those rating points. The correlated win expectancies come from a simulated
round-robin-tournament between all nations participating in the world cup
2014. Except for the calculation based on the average age of a team, all
rating systems show clear correlation. However, especially in the plot that
compares the win expectancy based on FIFA ranking points and Elo rating,
outliers can be seen. The combined win expectancy has a correlation value
of at least 0.9 with the calculations based on Elo, FIFA ranking points and
SPI.
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Figure 15: The plot shows the correlation between the win expectancies
calculated from different ratings. A round-robin-tournament between all
nations that participate in the world cup 2014 has been used as the basis
for the calculation.

expectancies elo fifa value SPI age combined

elo 1.00 0.83 0.75 0.91 0.33 0.98
fifa 0.83 1.00 0.70 0.72 0.46 0.90
value 0.75 0.70 1.00 0.76 0.04 0.82
SPI 0.91 0.72 0.76 1.00 0.24 0.93
age 0.33 0.46 0.04 0.24 1.00 0.34
combined 0.98 0.90 0.82 0.93 0.34 1.00

Table 4: The table shows the correlation of different win expectancies based
on a round-robin-tournament between all nations participating in the world-
cup 2014.
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4 The Software

The software, which was created during this thesis, mainly consists of three
parts: the web-frontend that consists of the user-visible parts of the soft-
ware, the backend that cares for the management and website-generation,
and the simulator which runs the actual simulation and calculates the statis-
tic results.
The whole application is written with scalability and flexibility in mind,
as one requirement was, that future adjustments in any direction should
be easy to make. The different parts of the application communicate over
clearly-defined and simple interfaces, see Figure 16. The following subsec-
tions explain the different parts of the simulator application.
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Web Backend

- web-site generation
- request processing

Python + Flask

Dispatcher

- starting of tournament 
simulations
- result collection

HTML + CSS + JavaScript

- responsive websites

C++

- tournament simulation

- statistics generation

Database 
Abstraction Layer

AJAX
& JSON

STDIN / STDOUT
& JSON

Figure 16: The diagram shows the general setup of the created applica-
tion. The different main parts of the application are outlined as well as the
interfaces between those parts.
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4.1 Frontend

The frontend is the part of the application, the user can interact with. It
consists of several web pages that allow the user to interact with the backend
and, for example, start new simulations.
The web pages are generated dynamically by the backend from HTML tem-
plates. For user-interaction and general responsiveness, JavaScript is used
in combination with dynamic Ajax requests that allow for a fluent user in-
terface.
JavaScript libraries that are used for an improved user experience are:

JQuery The JQuery library allows for easy DOM traversal in HTML doc-
uments, event handling, and animations[21].

ChartJS The ChartJS library allows generation of charts and diagrams via
JavaScript[22].

As a CSS library, Bootstrap[23] is used, which allows for a responsive and
flexible design, that works well with both desktop and mobile clients.

The web pages pages, that are necessary for the simulation process, unlike
pages such as the index page or the impressum, are the following:

New World Cup Run Page This is the main entry point for the user,
which allows customizing a world cup simulation by setting rule weights or
even adding a custom rule with custom ratings for the teams.
After finishing the custom setup, the tournament simulation is sent to the
backend as a JSON string via Ajax and a loading dialogue is shown until
the tournament simulation is finished. The user will then be redirected to
the tournament page.

My Tournaments Page This page shows the user an overview over their
past simulations. A simulation is linked to a user via a session cookie that
contains solely a user-id.
The tournaments are ordered by the date and time the user requested the
simulation with their custom parameters. Note that this date and time is
not necessarily the original date of simulation, since no two simulations with
the exact same parameters are ever run. In case users try to run an existing
simulation another time, they are instead presented the old results with an
updated timestamp.

Teams Page This page shows a list of the available teams that participate
in the world cup 2014 and their respective rating points in the different
available rating systems.

29



4.2 Backend David Dormagen

New Custom Tournament This is a page mainly for testing purposes
and as a prove-of-concept. The user can iteratively set up and customize
a new tournament simulation with full control over the type of simulation,
the available rules, and the participating teams.
When one stage of customizing the tournament is complete, additional in-
formations for the next stage are requested from the backend via Ajax. This
page is usually hidden in the deployed version of the simulator.

4.2 Backend

The backend is the main part of the application that not only cares about
website generation but also handles request processing and tournament sim-
ulation dispatching. The backend is written in Python and makes use of the
following main libraries:

Flask Flask is a Python web application microframework that is used for
the communication with the frontend[21].

SQLAlchemy SQLAlchemy is a library for database abstraction[22].

The backend can be divided into two sub-parts: firstly, the part that cares
about the frontend interaction, and secondly, the part that starts the simu-
lator when a new user request is available: the simulation dispatcher.
The simulation dispatcher will be described in the next section. The re-
mainder of this section will describe the part that is responsible for user-
interaction and request processing.
The backend generates the user-visible web pages from a set of Jinja2 tem-
plates, that can be cached as necessary. The backend also implements a very
simple user management: whenever users simulate their first tournament, a
new user id is created and linked to the actual user with a session cookie
without an expiration date. All future tournaments simulated by that user
can now be linked to that user id, which enables the application to show a
user all their past tournament simulations without requiring a sophisticated
password-based user management. As long as the users do not delete their
session cookies, their tournaments will be linked to them.

4.2.1 The Simulation Dispatcher

The simulation dispatcher is the part of the Python backend that starts the
simulator when a user requested a new simulation run and eventually, after
the simulation finished, writes the results back into the database.
There are two available dispatchers: the first one is the local dispatcher that
starts a simulation on the same computer as the backend. The second one
is a QLess-py[24] based simulator which makes use of a redis[25] database
to enable running tournament simulations on distributed worker machines
for maximum scalability, see Figure 17. In the decentralized case, workers
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can be dynamically added and removed at any time without the need to
manually register them with the backend.
The communication between the simulation dispatcher and the actual simu-
lator happens entirely over standard input and standard output using JSON-
formatted strings. This approach was chosen to keep a maximum flexibility
in both the dispatcher and the simulator and prevent them from being too
intertwined.
The dispatcher will start the simulator and send all of the user configura-
tion, teams’ score, and anything else that is needed for the simulation over
the standard input. After the simulation is done, the simulator will format
the calculated results in JSON format and send them through the standard
output.
This implies that the simulator does not need a database connection. It is
entirely possible to use the simulator as a stand-alone program completely
independent from the rest of the application and without using any type of
dispatcher as an interface.
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Everything on
 one server

Dispatcher

- creates new simulation run
- writes results into database

Simulator

- runs simulation
- calculates results

Database Server

Dispatcher

- creates new QLess job
- writes results into database

Redis Database

Simulation Worker

Simulator

- runs simulation
- calculates results

Simulation Worker

Simulator

- runs simulation
- calculates results

Simulation Worker

Simulator

- runs simulation
- calculates results

Figure 17: The diagram shows the two different types of available dispatch-
ers. The local dispatcher is ideal for low-traffic applications or testing and
the QLess dispatcher is ideal for a decentralized setup providing good scal-
ability with an arbitrary number of possible workers.
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4.3 The Simulator

The simulator is the part of the application that runs the actual simulation
and collects the statistics to generate the output that is sent back to the
backend. The simulation is written in C++11 and makes use of the JSON
Spirit library[26] to both parse and generate the necessary JSON-encoded
strings for communication with the backend. Threads are used to run single
tournament executions concurrently for an optimal efficiency. The results
are merged to generate the final statistics once the simulation threads have
finished.
The simulator is a very light-weight program where the main part consists
of the definition of the tournament’s rules and the fomulae that are used to
calculate the win expectancies as described in section 3, and the collection
of the statistical data.
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5 Results

In this paper, we have not only developed a simulation model to simulate the
FIFA World Cup by combining multiple rating systems into win expectan-
cies that yield the probability to win for any team in any match, but also
implemented a very accessible simulator application that implements the
official FIFA tournament rules and uses the discussed simulation model to
run the complete tournament multiple times, generating a statistical proba-
bility distribution for the outcomes of the tournament from the observations
made during all matches. Since the tournament is simulated following the of-
ficial rules, the resulting distribution for every team also takes into account
tournament-specific attributes such as the possibility of meeting stronger
opponents most of the matches due to a possibly more unfavourable initial
group draw. Table 6 shows the resulting distribution collected from 100000
executions of the whole tournament. The rule weights are configured as de-
scribed in section 3.5 and the different scores for each team were collected
on 8th May 2014.
This distribution can be seen as the estimate of the world cup’s results under
this simulation model. According to this distribution, there are four clear
favourites for the first place: Brazil, Spain, Argentina and Germany. There
is only a chance of around one third that the first place will be neither of
those four teams.
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Team 1st 2nd 3rd 4th Avg. Goals

Brazil 25% 10% 10% 3% 1.8
Spain 15% 10% 8% 4% 1.6
Germany 14% 10% 13% 6% 1.6
Argentina 10% 10% 11% 7% 1.6
Portugal 4% 5% 5% 6% 1.3
Colombia 4% 5% 4% 4% 1.4
France 3% 4% 5% 6% 1.3
Uruguay 3% 4% 4% 4% 1.3
Chile 3% 4% 3% 4% 1.2
England 3% 4% 3% 3% 1.3
Netherlands 2% 4% 3% 3% 1.2
Italy 2% 4% 3% 3% 1.3
Belgium 2% 3% 4% 5% 1.3
Switzerland 2% 3% 3% 4% 1.2
Russia 1% 3% 3% 4% 1.3
Ecuador 1% 2% 2% 4% 1.1
USA 1% 2% 2% 4% 1.1
Bosnia and Herzegovina 1% 2% 2% 3% 1.1
Ivory Coast 1% 2% 1% 2% 1.1
Mexico 1% 1% 1% 2% 1.0
Croatia 1% 1% 1% 2% 1.0
Greece 1% 1% 1% 2% 1.1
Honduras 0% 1% 1% 2% 0.9
Iran 0% 1% 1% 2% 0.9
Korea Republic 0% 1% 1% 2% 1.0
Nigeria 0% 1% 1% 2% 1.0
Ghana 0% 1% 1% 2% 0.9
Japan 0% 1% 1% 1% 0.9
Costa Rica 0% 1% 0% 1% 0.8
Cameroon 0% 0% 0% 1% 0.8
Australia 0% 0% 0% 1% 0.7
Algeria 0% 0% 0% 1% 0.9

Table 6: This table shows the resulting distribution from 100000 tournament
runs. The chances shown are direct observations from the simulation and
represent how many times a team had a certain rank in the tournament.
The average goals in the table are the average goals for every team over all
matches.
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6 Conclusion and Future Work

We have developed a probabilistic simulation model to simulate the football
world cup by means of different rules, which take into account different rat-
ing systems and can be combined arbitrarily with user-defined weights.
We also developed a simulation application that employs the described sim-
ulation model. The source code is released under the MIT license[27] and
can be found on github.com3, as of May 2014.

A lot of different rating methods have been looked at in this thesis. However,
there remain more and it is possible that yet another rating method might
turn out to provide not only a better prediction of the results of a match, but
also a more straight-forward way to calculate the odds between two teams.
In particular, it might be interesting to check how well bookmaker’s odds as
a method of calculating the win expectancy for a team in a particular match
perform. Bookmaker’s odds are designed to do exactly what other rating
systems might only yield as a secondary by-product: they rate the chance of
success in a particular match up between two teams or the probability that
a team wins a certain competition. They usually not only take different rat-
ing systems into account, but are also adjusted by experts to be as accurate
as possible. For this version of the simulation and the thesis, bookmaker’s
odds have not been looked at specifically. The main reason is that the moral
obligations coming from an accurate simulation model must not be forgot:
allowing a user to directly compare side-by-side the calculated odds for a
team to win and what a bookmaker would predict, might directly increase
the willingness of the user to place bets on certain outcomes. At least as
long as the simulator and the simulation model have not proven to be ex-
tremely accurate, we think nobody should be tempted to place bets based
on the results of this simulation. Another issue that would have to be dealt
with is, that the bookmaker’s odds for a specific tournament usually already
take into account things like the group draws and the different matches a
team has to play throughout the tournament. For the simulation model this
is not ideal, since the winning probabilities for two teams that face each
other are needed, regardless of which other games each team might play in
the tournament. When using bookmaker’s odds to predict the outcome of
a tournament with the simulation model discussed in this paper, it would
be crucial to have most neutral ratings to, for example, not overrate teams,
which are favoured by bookmakers due to an easy group draw, throughout
all single matches in the complete tournament. Further, bookmaker’s odds
are not designed to be fair. They are designed to generate revenue for the
bookmakers. Bookmakers might for example overestimate certain teams to
keep the return rate lower. However, since the bookmaker’s odds might be

3https://github.com/walachey/football-worldcup-simulator
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an extremely good model of a team’s chance of winning a certain event, it
might still be interesting to look into it. For example, [28] states that book-
maker’s odds might outperform the Elo rating system and the FIFA rating
in regards to predicting the outcome of a tournament.

Another open topic is the verification of the simulation model with the rules
and default weights as described. The straight-forward way of checking the
simulation results is obviously comparing the actual results of the world cup
with the prediction from section 5. This is not possible at the moment.
Another method would be to simulate a previous world cup with known
outcome and then do the comparison. However, the following general issue
with comparing a probabilistic prediction with the actual outcome of a tour-
nament must not be overlooked when doing such a comparison: a statistical
prediction has only little significance when comparing it to one single event.
The model could be extremely accurate and the results of the event could
still differ drastically. Only a long-term comparison with multiple tourna-
ments using the same rating method could show whether the model is valid
or even refute it.
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