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Abstract

In this expository essay, I explore Markov Chain Monte Carlo (MCMC) in goal-scoring

using the Poisson distribution, proposed by Everson and Goldsmith-Pinkham (2008).

First, I explain the mathematical and intuitive aspects of the Gibbs Sampler, which uses

a Gamma prior and Poisson likelihood along with a home-�eld advantage parameter,

proposed in Everson and Goldsmith-Pinkham (2008), and discuss the results of their

algorithm based on English Premier League soccer data. Then, I use a simpli�ed version

of the MCMC, which takes away the home-�eld advantage parameter, and apply it to

2017 Professional Ultimate Frisbee data (AUDL), a relatively newer sports scene which

has a similar environment to soccer. I implement the MCMC for teams within a division,

for 5 divisions. I �nd that this method is acceptable, but not all divisions are predicted

properly. I suggest future steps of research, which include home-�eld advantage, star

power, and other aspects of the sport.
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1 Introduction

Whether you are a sports fan or an analyst, how teams score in any sports is very impor-
tant, especially when we talk about how good a particular team is. We can easily model how
teams score in sports, especially in soccer and hockey because the basic scoring scheme is
simple: you put the ball in the goal and it's a point. The literature points to modeling goal
scoring in soccer and hockey (and other similar sports like lacrosse and waterpolo) using a
Poisson model because of the sports' sparse scoring and timed nature. However, this model
is often too simple, so it is pretty inaccurate outside of a perfect world. To supplement this
simple model, we can use Markov Chain Monte Carlo (MCMC) algorithms, more speci�-
cally the Gibb's Sampler method, to �x the problems with using the simple model and more
accurately predict goal scoring (a more Bayesian �avor1). Through this new model of the
Poisson Distribution with a MCMC algorithm, we will not only be able to predict how well
a team can score goals, but we can also relate how goal scoring can impact a team's o�ensive
power and defensive power, thus giving a prediction for an overall �rating�.

To check the accuracy of the model, we check our simulated data with that of the actual
results by ranking the simulated results by strength (the combination of o�ensive and defen-
sive power) and comparing them to the actual standings. The goal is to get the ranking of
the strength from the simulated results to match closely to the actual standings. We rank
on overall strength for the following reason: while it is good to score many goals, if the team
allows many goals, then in terms of overall strength, the really strong o�ensive rating will
be net out by a weak defensive rating. To extend the experimentation, although not done
in this paper, we can simulate the season data many times to get at a more accurate �nal
predicted standings.

The paper serves to explain all aspects of our model without, hopefully, confusing the
reader too much. Section 2 will give the background terminology for the vehicles driving the
model (i.e. Poisson Distribution, Markov Chain Monte Carlo, Bayesian inference). Section 3
will give an in depth look at the Everson - Goldsmith-Pinkham goal scoring model. Section
4 will apply the properties of the model to another less commonly known sport: Ultimate
Frisbee. To do this, we use data from the 2017 American Ultimate Disc League (AUDL) sea-
son, a season of professional Ultimate Frisbee. While the majority of the discussion will be
on the Everson - Goldsmith-Pinkham model using the 2006 English Premier League (EPL)
data, we simplify the MCMC algorithm and derivations when we run it with the AUDL 2017
season data. Section 5 will conclude the paper and o�er insights to the bene�ts of Bayesian
inference in sports.

2 Background

In this section, I will explain the two major parts of our model: the Poisson Distribution
and the Markov Chain Monte Carlo (MCMC). Then, I will introduce Bayesian Inference.

1Bayesian Statistics refer to a type of statistics that treats data as �xed and parameters as random. In
other words, unknown parameters follow some distribution that is given by some expert. More background
in Section 2.3.
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2.1 Poisson Distribution

We will �rst go over the basics of the Poisson Distribution. Let X be a discrete random
variable. The Poisson distribution X ∼ Poisson(λ) can be described with the following
probability mass function (pmf):

P (X = x) =
λxe−λ

x!
(1)

where x ∈ (0,∞) and λ is the rate parameter. The mean of a particular Poisson distribution
can be expressed as

E(X) = λ (2)

In order for the Poisson Distribution to hold, we must ensure that both of the following
conditions are met

1. Events occur at random.

2. The average rate of occurance of events (the mean) must remain constant throughout
the time intervals.

Based on the conditions, we can crudely estimate how often a particular team scores goals
with the Poisson distribution because a goal can be scored at any time within the interval
(thus the event of the goal is random) and the sport has a strict time interval (hockey
has 3 quarters with �xed time interval, soccer is timed up to 90 minutes, etc.). However,
based on the literature, there is a de�nite discrepency between scoring at home and away,
thus breaking condition 2. To rectify this, we use the model that Everson and Goldsmith-
Pinkham proposes building a composite model to partition o�ensive and defensive based on
home-�eld advantage (more on this later).

Through the Poisson Model, we assume each soccer match to be the �xed time interval,
where there is a probability to score at each time. Through this model, we can easily
determine, though crudely, the mean of goals scored in all games. Mathematically, let
X1, X2, ...Xn be n independent soccer matches all distributed by a Poisson Distribution, each

with some rate parameter λ. in other words, let X1, ..., Xn
ind∼ Poisson(λi) for i = 1, 2, ..., n.

The means of each soccer game is

E(X1) = λ1, E(X2) = λ2, ..., E(Xn) = λn

While it is very crude to model goal scoring using the Poisson distribution, we can improve
on it through partitioning on some condition (i.e. home vs away games) and adding other
methods like using Bayesian processes such as MCMC.

Finally, another nice property of the Poisson distribution is called Poisson additivity.
Under the assumption of independence, we can simply add together the distributions, thus
adding together the parameters. Mathematically, let X ∼ Poisson(λ1) be independent from
Y ∼ Poisson(λ2). Thus, we can say that

X + Y ∼ Poisson(λ1 + λ2) (3)

We will de�nitely exploit this property in the explanation of the goal-scoring model.
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2.2 Markov Chain Monte Carlo (MCMC)

Next, we will go over Markov Chain Monte Carlo (MCMC). First, we will de�ne a Markov
Chain, then go into detail on speci�cally Markov Chain Monte Carlo, a type of Markov
Chain.

2.2.1 Markov Chain

Markov Chains is a process in which the outcome of a given experiment can a�ect the
outcome of the next experiment. In past analyses, we assume independence among all
random variables, which is not very realistic. In a Markov Chains, random variables exhibit
a one-step dependence where the random variables Xi+1 depend on Xi. Because of the one-
step dependence, Markov Chains can add a layer of realism since they are a good compromise
between complete indepedence and complete dependence. We use this technique to simulate
complex distributions, especially using Markov Chain Monte Carlo (discussed in the next
section).

2.2.2 Markov Chain Monte Carlo

Markov Chain Monte Carlo is a set of powerful algorithms that enable us to simulate from
complicated distributions using Markov Chains. In other words, we are able to build our
own Markov chain so that the distribution of interest is the stationary distribution of the
chain (think of stationary distribution as the equilibrium distribution or end goal). As an
added bonus, we can use the stationary distribution that is easy to describe without having
to know the normalizing constant of the distribution.

There are two main MCMC algorithms: Metropolis-Hastings algorithm and Gibbs Sam-
pling. We will, as well as in the Everson and Goldsmith-Pinkham model, focus on Gibbs
Sampling.

2.2.3 Gibbs Sampling

Gibbs sampling is a type of MCMC algorithm that obtains approximate draws from a joint
distribution, based on sampling from conditional distributions, derived using the full joint
distribution, one at a time. Since goal-scoring is discrete, for the sake of consistency, we
will show an arbitrary example of the process of Gibbs sampling with two discrete random
variables.

Consider two discrete random variables X and Y with the joint distribution

pX,Y (x, y) = P (X = x, Y = y) (4)

where x and y are known values.
Under Gibbs sampling, we update X conditional on Y , then use that value to update

Y conditional on X, then repeat the process until we get to the stationary distribution.
Mathematically, we carry out the following steps:

0. Start with a current state: (Xi, Yi) = (xi, yi)

1. Draw a value xi+1 from P (X|Y = yi) and set Xi+1 = xi+1.
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2. Draw a value yi+1 from P (Y |X = xi+1) and set Yi+1 = xi+1.

3. Repeat steps 1-2 until convergence to pX,Y .

We can extend this beyond two random variables, which will lengthen the algorithm because
of the need to sample from more conditional distributions. Adding more steps will improve
the quality of our sample.

So, when do we use Gibbs sampling and why do we use it? Gibbs sampling is used when
the conditional distributions worked with are pleasant to work with. In most cases, this
usually means whether the conditional distributions are parametric (i.e. Poisson, Gamma,
etc.). In other words, if the distributions we use to model the problem are parametric, Gibbs
sampling is the easiest way to converge at the desired distribution.

2.3 Bayesian Inference

Footnote 1 describes the primary goal of Bayesian Statistics. In this section, we will walk
through how Bayesian Statistics work in practice. As the name suggests, Bayesian Statistics
employs the use of Bayes' Rule2 given by:

P (A|B) =
P (B|A)P (A)

P (B)
(5)

Now, consider we have an unknown parameter θ and some gathered data X. If we want to
�nd the unknown θ using our data X, we can use Bayes Rule to �nd what our unknown
parameter is

P (θ|X) =
P (X|θ)P (θ)

P (X)
(6)

Now, we assume that θ and X|θ follow some distribution and X is known. We can simplify
Equation (5) further since P (X) is some constant, we have

P (θ|X) ∝ P (X|θ)P (θ) (7)

We have three components of the Bayesian model

1. Prior : A parameter that has a probability distribution where an expert can add basic
knowledge to our model. This is P (θ).

2. Likelihood : The data conditioned on the probability distribution of the prior. This is
P (X|θ).

3. Posterior : An updated prior where we incorporate data with the expert's knowledge.
This is P (θ|X).

Equation (6) makes it easier to discern parameteric posteriors from parametric priors and
likelihood functions. Furthermore, using Equation (6), we have the following nice property:

Conjugates : Under Bayesian paradigm, there are families of distributions such that prior
and posterior distributions are related. This is super nice since we can properly identify
prior and posterior pairings to get the �nal distribution we want.

2Also known as Bayes' Theorem or Bayes' Law. A common application of this theorem is identifying the
probability of cancer based on how accurate a test is. Mathematically, if A is the event of cancer and B is
how accurate the test is, we can determine P (A|B) from P (B|A)

4



3 Model

In this section, we will use the framework from Section 2 to lay out Everson's and Goldsmith-
Pinkham's proposed framework for the Composite Poisson Model. First, we will cover the
parameters used in the model. Next, we will cover the Composite Poisson Model (i.e. how
the multiple Poisson distributions and other related distributions work together). Finally,
we will build the distributions for the Gibb's Sampling algorithm and discuss the results of
the algorithm.

3.1 Parameters

First, we want to describe some modi�cations to simply using the Poisson distribution. As
mentioned in Section 2, there is a discrepency between scoring at home vs. scoring away.
This discrepency will clearly a�ect a team's scoring power, thus impacting its o�ensive and
defensive strengths. Because of this, we use the following parameters in our model:

1. O�ense �strength� parameter (call this θoj)

2. O�ensive home �eld advantage (call this δoj)

3. Defensive �strength� parameter (call this θdj)

4. Defensive home �eld advantage (call this δdj)

θoj and θdj refer to a team's o�ensive and defensive strength for team j. A large θoj means
the team tends to score a lot, while a large θdj means the team tends to not allow many
goals. δdj and δoj refer to how much stronger a team is when playing at home compared to
playing on the road. We assume all parameters to be positive (i.e. θoj, θdj, δoj, δdj > 0).

By construction, we want to assume these parameters take on some distribution. By
doing so, we get some nice Bayesian properties (i.e. having friendly priors, posteriors, and
conjugates) when we condition our random variable (call it Y ) on our parameters. We can
even further partition the index j of all θ terms into home and road teams for game i (i.e.
hi and ri respectively). By doing so, we cover all possible cases: the o�ensive strength of a
home team vs the defensive strength of the road team and the o�ensive strength of the road
team vs the de�ensive strength of the home team. This gives us a total of 6 parameters to
watch. We call these parameters:

1. θohi , θdri , δohi , δdri are the parameters that determine the goals of a home team scored
in game i

2. θori , θdhi , δohi , δdri are the parameters that determine the goals of a road team scored in
game i

Intuitively, the grouping of these parameters make sense. Statement 1 takes the o�ensive
strength of the home team and the defensive strength of the road team, while also factoring
the home �eld advantage parameters δ, to determine the number of goals the home team
scores. Statement 2 is the exact opposite, where we take the o�ensive strength of the road
team and the defensive strength of the home team, while also factoring home �eld advantage
parameters δ, to determine the number of goals the road team scores.

Section 3.2 will cover how these parameters work together to give the mean number of
goals scored by a particular team.
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3.2 Composite Poisson Model

This subsection will cover how to construct the Poisson distributions using the parameters
from Section 3.1. Here, we will choose to use a composite structure. The composite struc-
ture is great for the goal-scoring model since it allows teams to vary in their abilities to score
and prevent goals. This is shown by having θoj and θdj parameters separate o�ensive and
defensive power.

There are two levels to the model. The �rst level uses the Poisson distribution to rep-
resent the mean number of goals scored for the home and road teams. The second level of
the model will help facilitate the inference of the �rst level by giving the θ and δ parameters
(i.e. θoj, θdj, δoj, δdj) some distribution.

Level-1 Model
Let Yhi be the number of goals scored for the home team for game i, where i = 1, 2, ..., N .
Let Yri be the number of goals scored for the road team for game i. Let there be a total
of k teams. Using the parameters outlined in Section 3.2, we can model the Y 's with the
following parametric distributions:

Yhi|θohi , θdri , δohi , δdri ∼ Poisson(θohi + θdri + δohi + δdri), i = 1, 2, ..., N (8)

Yri|θori , θdhi , δohi , δdri ∼ Poisson(θori + θdhi), i = 1, 2, ..., N (9)

Intuitively, these distributions make sense. As mentioned before, the Poisson Model is a good
crude estimate for modeling goal-scoring when there is some �xed time parameter. Equation
(8) shows that goal scoring for the home team is conditioned on the o�ensive power of the
home team, the defensive power of the road team, and the home-�eld advantage parameters.
Thus, when we want to �nd the mean goals scored of the home team, we add together the
o�ensive power of the home team, the defensive power of the road team, and the home-�eld
advantage parameters. Equation (9) shows that goal scoring for the road team is conditioned
on the o�ensive power of the road team, the defensive power of the home team, and the home
�eld advantage parameters. When we want to calculate the mean goals scored of the away
team, it is simply the sum of the o�ensive power of the road team and the defensive power
of the home team. Note that for the road team, we do not add the home-�eld advantage
parameters since the road team does not have such an advantage.

From equations (8) and (9), we can clearly see that the road team is disadvantaged in
terms of scoring. Now, the Poisson model (or in this case the Composite Poisson model)
coincides with the �ndings from literature3.

We can think of these distributions as the likelihood (or data) of our model. However,
under the Bayesian paradigm, we need starting points for the θ and δ parameters, so we
include another level to the model to help us set the θ's and δ's. We can consider these as
prior distributions.

Level-2 Model
Once again, let us assume that there are k teams. In the second level of the model, we model

3Recall in Section 2.1 that the literature points to a de�nite scoring discrepency between scoring at
home vs. scoring on the road.
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the θ's and δ's using a Gamma distribution. We assume the Gamma distribution because it
has nice conjugate properties in conjunction with the Poisson distribution. Thus we arrive
at the following distributions for the j-th teams:

θoj, θdj
iid∼ Gamma

(
αθ,

αθ
µθ

)
, j = 1, 2, ..., k (10)

δoj, δdj
iid∼ Gamma

(
αδ,

αδ
µδ

)
, j = 1, 2, ..., k (11)

where µ is the mean of θ and δ respectively4, and α is the degree of concentration about µ.
By construction, the θ's and δ's have mean µ and variance µ2/α.

3.3 Gibbs Sampling Distributions

This section will cover the derivations of the Gibbs sampling distributions, particularly the
derivation of the joint posterior distribution which the Gibbs sampling algorithm will draw
from. First, we will further partition the distributions of Y . Then, we will derive the joint
posterior distribution.

3.3.1 Further Partitions of Y

While in theory, we would like to just directly use the distributions given in the Composite
Poisson model, it is more practical to further partition Y to have much nicer distributions
to deal with. In addition, these partitions will also make the algorithm easier to follow. We
assume the independence of the Poisson distributions, so we can simply add together the
distributions and parameters.

For home goals, we let Yhi = Yhoi + Yrdi + Yhai + Yrai, for games i = 1, ..., N . Thus, the

4Let X ∼ Gamma(α, β). The mean of X is

E(X) =
α

β

and the variance is

V ar(X) =
α

β2

Thus, in this case, the mean and variance for θ and δ are given respectively:

E(θ or δ) =
α

α/µ
= α · µ

α
= µ

V ar(θ or δ) =
α

(α/µ)2
= α · µ

2

α2
=
µ2

α
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distributions for the partitions are as follow:

Yhoi|θohi ∼ Poisson(θohi) (Partition 1)

Yrdi|θdri ∼ Poisson(θdri) (Partition 2)

Yhai|δohi ∼ Poisson(δohi) (Partition 3)

Yrai|δohi ∼ Poisson(δdri) (Partition 4)

Intuitively, these partitions similarly describe the Level-1 model described in Section 3.2.
Partitions 1 and 2 re�ect the scoring and defensive parameters of some home team. Partitions
3 and 4 re�ect the home-�eld advantage for the home team. Thus, the number of goals scored
by the home team, Yhi, is the sum of Partitions 1-4.

We can do the same for road goals. Here, we let Yri = Yroi + Yhdi for games i = 1, ..., N .
Thus, the distributions for these partitions are as follow:

Yroi|θori ∼ Poisson(θori) (Partition 5)

Yhdi|θdhi ∼ Poisson(θdhi) (Partition 6)

Once again, intuitively, these partitions describe the Level-1 model described in Section
3.2. Partitions 5 and 6 re�ect the scoring and defensive parameters of some road team. The
number goals scored by the road team, Yri, is the sum of partitions 5-6.

Comparing Yhi and Yri, we again see the property that the home team scoring more goals
than the road team scoring, which is re�ected in the literature.

Everson and Goldsmith-Pinkham take the model further by exploiting the property of
the Poisson model: by using Poisson distributions to approximate Binomial distributions and
continuing to use Poisson additivity. By doing so, we create a new conjugate prior-posterior
pair: the �Beta-Binomial�. While the analyses come out to be the same, it is important to
note that this step is unnecessary. We can easily get at what we want by using the partitions
of the Poisson distributions.5

3.3.2 Deriving the Joint Posterior Distribution

Now, we want to derive the joint posterior for the model. This is the distribution that the
Gibbs sampling will converge to. We break this down into inference of δ and θ. The paper
goes through this, but I still want to highlight some key aspects of the derivation.6

First, it is impotant we choose the correct prior. Consider the inference of δ. Our goal is
to �nd some posterior density for δ, so after deriving the likelihood for δ, we want to consider
picking a prior for δ. The prior density we want to choose is non-informative, that is, it adds
little to no information, and proper such that the posterior comes out �nice�. Consider the
inference for θ. Once again, we want to pick a prior such that it is non-informative and

5I actually talked to Phil Everson about this, and even he said he kind of got �carried away� when he
decided to use the Binomial distributions to approximate Poisson distributions.

6The derivation of the Joint Posterior distribution is found in the paper: Everson, Phil and Goldsmith-
Pinkham, Paul S. (2008). �Composite Poisson Models For Goal Scoring�. Journal Of Quanititative Analysis

In Sports. Volume 4, Issue 2. http://works.swarthmore.edu/fac-math-stat/124, pp.6-9
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�nice�. The methodology is the same, and we can come up with the likelihood in terms of λ,
thus �nding the right the prior for λ.7

Second, it is important to not let the math bog down the core mechanics of Bayesian
inference. At the end of the day, we are looking for the following results:

f(δ|δ̂) = p(δ)L(δ) (Inference for δ)

f(θ|λ) = p(λ)L(λ) (Inference for θ)

where p(·) are prior functions and L(·) are likelihood functions. The parameters λ and δ̂
come from the estimation changes de�ned in Section 3.3.1.

3.4 Gibbs Sampling Algorithm

Here, we use Partions 1-6 in Section 3.3.1 and our priors, given by equations (10) and
(11), to generate the steps for the Gibbs sampling algorithm. The algorithm is given by the
following steps:

0. Determine starting values for the θoj, θdj, δoj, and δdj for the k teams

1. Given θ's and δ's, generate the random partitions of Yhi into Yhoi, Ydoi, Yhai, and Yrai
and Yri into Yroi and Yhdi

2. Use the partitioned Yi values to generate estimates of θ̂oj, θ̂dj, δ̂oj and δ̂dj.

3. Use θ̂oj, θ̂dj, δ̂oj and δ̂dj to generate (αθ, µθ) and (αδ, µδ) pairs from the joint posterior
distribution

4. Generate new values of θoj, θdj, δoj, and δdj from the conditional posterior distributions

given θ̂'s, δ̂'s, and (αθ, µθ) and (αδ, µδ) pairs.

5. Repeat steps 1-4 until convergence.

We assume that the parameters converge after 1000 iterations.
To clarify the notation of the algorithm, the values with hats are estimates from the iter-

ation and the values without hats are unknown probability distributions. Like we explained
in Section 2, the MCMC should converge to the joint probability distribution derived in
the previous section.

Now, we want to determine how to determine the starting values. We set δ to be the
di�erence between mean home team score and mean road team score in all the games. Math-
ematically:

δ(0) =

∑
Yhi −

∑
Yri

N
(12)

We then correct Yhi by subtracting o� δ. Now, we set θoj to be half the goals scored by team
j and θdj to be half the goals allowed by team j in the team's n games for all k teams. So
for each team:

θ
(0)
oj =

(
∑
Yhi − δ(0)) +

∑
Yri

2n
(13)

7The priors chosen are called Je�rey's Prior. These are special priors that are de�ned as the square root
of the negative expected second derivative of the log-likelihood function. Sounds like a load of jargon, but
the key thing to grasp is we use this prior because it is non-informative.
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θ
(0)
dj =

∑
Points Againstij

2n
(14)

Intuitively, since δ re�ects home-�eld advantage, so it makes sense that it starts as being
the di�erence between the mean home goals and mean road goals. θ values are a function
of scoring and points allowed means, and so it also makes sense that they start as simply
being the mean of points scored and mean points against.

3.5 Model Results

In this section, we cover the results of the Gibbs sampling algorithm in Section 3.4 (shown
in Table 1). The data Everson and Goldsmith-Pinkham use is the 2006 English Premier
League soccer data. This dataset is ideal in terms of experiemental design since in the EPL,
teams play each other twice, once at home and once on the road. The teams are ranked by
strength from estimating θo and θd, and the actual standings are also shown for comparison.

Table 1: 2006 English Premier League (EPL) predicted
standings vs actual standings. Figure taken from Ever-
son and Goldsmith-Pinkham (2007).

Based on the results, the MCMC model properly predicted the �rst and second place
teams perfectly. The teams in the top four place and bottom teams were all fairly close,
but the model doesn't perform as well once we get down to the middle-tier teams. The
shortcoming of the model can be summed up with the following (and is true in pretty much
any sport): just because you score the most points doesn't mean you �nish near the top.

More speci�cally, we can come up with possible errors within the model itself:

1. The possibility of �lucky� draws when drawing samples from the conditional distribu-
tions.
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2. The lack of variables indicating great play. This may include strings of passes, the
e�ectiveness of having some �star player�, and physical defensive play.

Error 1 comes from the possibility of drawing a value in the tail of the distribution (where
the value is high and the probability of drawing the value is low but still possible). As
we can imagine, using a very big value can impact the next distribution we draw from, so
having this happen a couple times can lead to higher (or lower) than usual θ's. Error two
re�ects parameters we can't see in the model. So far, the model only uses goals scored and
goals allowed to predict o�ensive and defensive power, but there are other factors that also
a�ect o�ensive and defensive play. Good o�ensive �ow, such as stringing a series of passes
or having a star striker dribble through a defense, should positively in�uence θo and thus
contribute to a team's �nal standings. On the �ip side, good defense, such as number of
saves a goalkeeper makes or not allowing the other team's o�ense to take shots at the goal,
should positively in�uence θd and thus also contribute to a team's �nal standings. Clearly,
these factors are not re�ected in the model, and so we end up with potentially wrong �nal
standings.

4 AUDL and the Goal Scoring Model

In this section, we want to see if the framework of the model that Everson and Goldsmith-
Pinkham lay out can be applied to a lesser known sport: professional Ultimate Frisbee
(otherwise referred to as the American Ultimate Disc League or AUDL for short). The
AUDL follows the properties of soccer: the score is measured by single points and the games
are timed. To do this, we simplify the model and iterate the MCMC algorithm to see if we
can get similar results.

4.1 Background

Before we get into the model, we �rst want to give a brief overview of Ultimate Frisbee.
Brie�y, the rules are as follows:

1. There are 7 players on the �eld per team, so there are a total of 14 players on the team.

2. The o�ense moves the disc down the �eld through throwing it from player to player.
A player with the disc cannot run with the disc, and can only throw the disc with a
pivot foot.

3. The o�ense loses possession of the disc when a pass is not completed (dropped, defensive
block, thrown out of bounds, etc.).

4. A team scores 1 point when a player catches the frisbee in the endzone.

In collegiate and club levels, the games are not timed, but rather go until a team reaches
13 points or hard cap goes o� (time cap that occurs after the game starts). Because of the
scoring, this would break the model.8 Luckily, Professional Ultimate Frisbee, most notably
AUDL which is founded in 2010, is played with 4, 12-minute quarters, which lends itself

8In conversation with Paul Goldsmith-Pinkham, this makes modeling really hard since we can't use the
Poisson Distribution due to not having a consistent �xed time period.
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to using the Poisson distribution. Teams in the AUDL play each other within a division
(Midwest, South, West, East) 3 times over the course of the regular season. At the end of
the regular season, there is a playo� bracket to crown the year's champion.

4.2 Building the Model

The data we use in this exercise is the AUDL 2017 Season Data. The data is scraped from
the AUDL website, and includes win-loss, division, points scored, points allowed, and point
di�erential.

Before we begin to build our model, we create a set of assumptions. Because games are
played regionally only and traveling is quite limited, we will assume that home and road
teams have equal opportunity to score, so we drop the home-�eld advantage parameter.
Next, we assume that an expert from the AUDL gives us a some prior information, so our
prior estimates are consistent throughout the model (one α and µ value). With these two
assumptions we can build our model.

Without home�eld advantage, our likelihood function becomes:

Yij|θoj, θdj ∼ Poisson(θoj + θdj) (15)

where θoj and θdj are independent. The priors are given by

θoj, θdj
iid∼ Gamma

(
α,
α

µ

)
(16)

We can �nd our posterior by multiplying the likelihood with the priors and get θoj, θdj|Yij.
Since θoj and θdj are independent, we can partition the likelihood into Yoij|θoj and Ydij|θdj.
Multiplying the paritioned Yij distributions with the matching prior will get us the following:

θoj|Yoij ∝ θoj(Yoij|θoj) (O�ense)

θdj|Ydij ∝ θdj(Ydij|θdj) (Defense)

Because these distributions are conjugates, the posteriors are

θoj|Yoij
iid∼ Gamma

(∑
Yoij + α, nj +

µ

α

)
(17)

θdj|Ydij
iid∼ Gamma

(∑
Ydij + α, nj +

µ

α

)
(18)

where nj is the number of games played by each team.9

Before we �ll out the algorithm, we need to identify our starting conditions. We set the

9Here, nj might be di�erent for each team since the data scraped contains playo� games, so teams that
make the playo�s playo� games. We are still assuming independence from game to game.
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following starting values:

θ
(0)
oj =

Total Points Scored

2nj

θ
(0)
dj =

Total Points Allowed

2nj

α = 0.01

µ = mean(Total Points)

θoj, θdj are set similar to that of the Everson - Goldsmith-Pinkham model. α is set to be a
non-informative prior. µ is set to be the mean points, as described in the Everson- Goldsmith-
Pinkham paper. Both α and µ are our prior speci�cations, and can be subjected to change
depending on the information given by an expert.

Now that we have our conditional distributions, we can set up the iterative Gibbs sampler
steps.

0. Start with θ
(0)
oj and θ

(0)
dj . Let Y

(0)
oij start as the total number of goals scored and Y

(0)
dij

start as the total number of goals allowed for team j.

1. Draw θ
(1)
oj and θ

(1)
dj given Y

(0)
oij and Y

(0)
dij from Gamma

(∑
Y

(0)
oij + α, nj +

µ
α

)
and

Gamma
(∑

Y
(0)
dij + α, nj +

µ
α

)
respectively.

2. Draw Y
(1)
oij and Y

(1)
dij given θ

(1)
oj and θ

(1)
dj from Poisson(θ

(1)
oj ) and Poisson(θ

(1)
dj ) respectively.

3. Repeats step 1 and 2 until convergence.

Once again, we assume that convergence occurs after 1000 iterations.

4.3 Results and Analysis

First, we check the results of the posterior θ distributions to make sure they follow a gamma
distribution. Figures 1 and 2 are depict the posterior distributions of θo and θd respectively,
which both follow the shape of a gamma distribution.10

Table 2 gives the results of the algorithm on the AUDL 2017 season data. Because the
standings divides the 24 teams into 4 divisions, we compare the predicted standings to the
actual standings by division. Immediately, we notice a couple things. First, the θ's are much
bigger. This is because in AUDL Ultimate Frisbee games are higher scoring. Second, the
South and West division prediiction was the best while the Midwest division prediction was
really bad. In the Eastern division, the MCMC algorithm correctly predicted the �rst and
last place teams. However, we can still see that the results were similar to those of Table
1. Once again, we see that the model best predict top and bottom teams, but fail to closely
provide accurate estimates of the middle teams.11

10We could have burned some iterations, which was not done here. A burn is taking out an iteration at
some interval (i.e. every 10th, 50th, or 100th iteration) in order to improve independence.

11I realize that the Midwest Division results were completely wrong and the West Division results properly
guessed the top 3 and bottom 3 teams in the wrong order.
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Figure 1: Distribution of posterior θo draws.

Figure 2: Distribution of posterior θd draws.
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Table 2: 2017 American Ultimate Disc League (AUDL) predicted
standings vs actual standings by division
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In the future, to improve the predictions, we could better use the prior α parameter.
In the algorithm above, we set α to be uninformative, so we are allowing values to vary
randomly. In other words, there is no concentration around µ. By allowing α to be non-
zero, we will get di�erent results since we allow for the draws closer around the µ, which
means the concentration around µ increases .

Furthermore, we could include a weighted home �eld advantage parameter, δ, since the
games are played at a 2-1 home-road split. We can hypothesize that the δ parameter will
help �x some of the errors in the simpli�ed algorithm. Also, we hope to have better access to
game-by-game data, which could help cut down some of the assumptions being made earlier.
This data could also help us set better prior parameters for better posterior results.

5 Conclusion

In conclusion, in both using the Everson - Goldsmith-Pinkham and simpli�ed algorithms,
we see that the model does well in predicting the top and bottom teams, but doesn't do
well in predicting the middle teams. We attribute the error to three possible things: lucky
draws from the intermediate steps of the Gibbs sampler, not accounting for all parameters
that impact scoring, and, in the case of the simpli�ed algorithm, lack of great data. These
errors can be potentially resolved upon making changes to the original model.

Scoring is an important aspect of any sport, so how would this model help a sports analyst
(or I guess also a well-informed, die-hard sports fan)? It is true that the Gibbs sampling
algorithm used ex post season scoring, that is the algorithm is applied to �predict� the season
standings after the season has happened. The �rst motivation of this is to merely see how
well the model performs compared to the true result. In reality, we can use the previous
season's θ's and set some arbitrary number of points a team might score per game, then
iterate through the algorithm.12 The second motivation highlights the beauty of Bayesian
Statistics: we can simulate a sports season multiple times. For example, while the results
shown in Figure 2 only highlights one possible ranking of the 2017 AUDL season, we can
imagine running the algorithm another 1000 times, each with di�erent θ̂oj and θ̂dj estimates.
In fact, running the algorithm 1000 times (each with di�erent draws in the intermediate steps
of the Gibbs sampler) may even help �x the absolutely crazy standings predictions in some
divisions! Under the a standard statistics approach, as one might learn in an introductory
statistics course, we would need the same season to occur 1000 times, then derive estimates
by sampling, which is clearly impossible in reality. While under the Bayesian paradigm it is
possible, and usually a really good idea, to simulate the season 1000 times, we can usually
get at the right �answer� through one run of the algorithm.

12Here, we assume all else constant (same players, same level of play, etc.). It will be an interesting
exercise/ extension to see what changes when certain factors change, like if a player gets traded or signs with
a new team.
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