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Summary

The scoring and defensive abilities of Australian Rules Football teams change over time
as a result of evolving player rosters, tactics and other management factors. We develop a
dynamic model based on the Poisson difference (Skellam) distribution which simultaneously
models the two different point scoring mechanisms in Australian Rules Football, the
motivation for which comes from work on predicting outcomes in soccer matches. Our
model is developed in a Bayesian framework and is fitted using the Stan modelling
language. Model validation is performed on the 2015 Australian Football league (AFL) home
and away season.
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1. Introduction7

Australian Rules Football is one of the most popular sports in Australia and as such it has8

a considerable fan base and extensive media coverage. Speculating on the outcome of such9

sporting events is widespread, with many punters betting on the outcomes of football matches10

each week, thus providing motivation to develop statistical models to help make informed11

bets. Previously, work on modelling and predicting the outcomes of Australian Football12

League (AFL) matches has been attempted by Clarke (1993) and Ryall & Bedford (2010).13

They assigned a singular rating to each team, and updated this rating as the results from each14

round became available, similar to that of the Elo (1978) system used in competitive chess.15

While such models have also been used for sports other than AFL, these sports also saw the16

development of various attack and defence strength models. In particular several of these17

models have been proposed to predict results in association football leagues, including the18
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2 DYNAMIC BAYESIAN FORECASTING OF THE AFL

double Poisson model (Maher 1982), the bivariate Poisson (Karlis & Ntzoufras 2003), its19

stochastic parameter counterpart (Koopman & Lit 2015) and the Bayesian version (Baio &20

Blangiardo 2010); as well as ordinal models (Knorr-Held 2000; Brillinger 2007, 2008).21

We propose a modelling framework similar to that of Baio & Blangiardo (2010) and22

Koopman & Lit (2015), which is based on the assumption that each team’s score follows23

a Poisson distribution. Koopman & Lit (2015) allow for the two Poisson distributions to be24

correlated in a specific way such that the difference in goals is given by a Skellam distribution.25

However, given the high scoring nature of AFL games, modelling the scores (or differences26

in scores) directly as Poisson distributions could be problematic, due to overdispersion. For27

example, the English premier league football data used by Karlis & Ntzoufras (2003) showed28

that in approximately 85% of matches, each team scores two or fewer goals. In contrast to this,29

between the start of the 2013 season and the end of the 2015 AFL season approximately 36%30

of matches have ended with a score difference of more than 40 points. These high scores31

are due to the two types of scoring mechanisms in Australian Rules Football, where a goal32

is worth six points, a behind is worth one point, and the winning team is the one with the33

higher aggregate score at the end of the match. Our experience in attempting to model the34

scores and/or differences directly with Poisson/Skellam random variables led to very poor35

model fit and predictions. Consequently, we propose a model that differs from the soccer36

modelling approach of Koopman & Lit (2015) in order to account for these two types of37

scoring mechanisms in AFL and to accommodate the potentially larger score differentials38

between the teams. This model is distinct from many previous sports modelling approaches39

as it simultaneously models different scoring mechanisms, here two, thus encapsulating the40

highly variable nature of AFL scoring.41

In this paper we use the Skellam distribution to model both the difference in goals and42

the difference in behinds, scored between two teams. However, in order to ensure we can fit43

our model without the need to develop application specific algorithms, such as in Karlis &44

Ntzoufras (2003), we express our model as a Bayesian hierarchical model. The hierarchical45

and Bayesian nature of the model allows us to use a readily available Bayesian inference46

language such as Stan (Stan Development Team 2016), which also allows us to fully specify47

the model in the Stan language, run MCMC chains, obtain parameter estimates, and make48

model predictions for the outcome of future matches.49

The remainder of the paper is structured as follows: Section 2 contains the model details50

including a description of the Skellam distribution, construction of the dynamic Bayesian51

hierarchical model and the constraints required for identifiability. In Section 3 we describe52

the application of our methodology to data from the 2015 AFL home and away season, and53

provide some results. Finally, we provide some conclusions in Section 4. All code required to54

implement our methodology is freely available at https://github.com/hhau/DynBayes.55
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Figure 1. The goal and behind difference for the 2013-2015 AFL home and away seasons, with Skellam
distributions fitted. The parameter values of the Skellam distributions are λ1 = 27.63, λ2 = 27.02 for the
goal difference, and λ1 = 16.66, λ2 = 16.07 for the behind difference.

2. Model framework56

The Skellam distribution (Skellam 1946) serves as the basis for our modelling, and is

defined as the distribution of the difference between two independent Poisson distributed

random variables. Specifically, if X and Y follow Poisson distributions with parameters λ1

and λ2, respectively, then Z = X − Y has the following probability mass function:

f (z | λ1, λ2) = e−(λ1+λ2)
(
λ1

λ2

)z/2

Iz

(
2
√
λ1λ2

)
,

where Iz(x) is the modified Bessel function of the first kind (Abramowitz & Stegun 1964,57

p. 1046), and the score difference z, has support over all the integers; see Figure 1 for58

examples of Skellam distributions. Note that if correlation between individual scores of teams59

are modelled by expressing the scores as X = X1 + X0 and Y = X2 + X0, where the Xis are60

independent Poisson distributed random variables (see, for example, Koopman & Lit 2015),61

then the difference between X and Y will still follow a Skellam distribution. This property62

allows us to assume that factors affecting the score of each team equally, such as the weather63

and stadium conditions, could be appropriately modelled via X0 and hence ignored when64

modelling score differences.65
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4 DYNAMIC BAYESIAN FORECASTING OF THE AFL

2.1. Dynamic elements66

While the motivation for our model comes from the framework of Koopman & Lit67

(2015), one of the novel aspects of our model is that we propose to model a paired response,68

namely the goal difference and the behind difference from each match. While the distribution69

for the goal difference is governed by parameters λ1 and λ2, another Skellam distribution with70

parameters λ3 and λ4 is used to model the behind difference.71

However, it is desirable to have some dynamic structure on these parameters to allow

them to vary over time, as well as change depending on the two opposing teams. Consider

two teams i and j, who play each other at time point t, at team i’s home ground. We would

like the goal scoring ability of each team to depend both on the ‘goal-attack’ strength of that

team, as well as the ‘defence’ strength of the opposition. The same set up is imposed on

each teams behind scoring ability. We would also like to include some form of home ground

advantage. The ‘goal-attack’ strength of the home team i at time point t is denoted by αi,t, its

‘behind-attack’ strength by γi,t and its ‘defence’ strength by βi,t. The home ground advantage

is denoted by δ, which is assumed to be constant for all teams, and constant over time. We

relate this structure to λ1, . . . , λ4 with the log link function:

λ1,i, j,t = exp(δ + αi,t − β j,t), λ2,i, j,t = exp(α j,t − βi,t),

λ3,i, j,t = exp(δ + γi,t − β j,t), λ4,i, j,t = exp(γ j,t − βi,t).

Each team is assumed to have its own ‘attack’ strength and ‘defence’ strength, which

represent team performance at each point in time. Note that we use the same δ in both

distributions, which is a data motivated choice based on our data exploration that indicated

on average the home team scored 0.603 and 0.621 more goals and behinds respectively, with

standard errors of 0.288 and 0.184. We ruled out the use of team specific δ parameters, since

such parameters could arguably vary from season to season, necessitating the introduction

of a large number of additional parameters that would have to be excessively regularised to

avoid overfitting. We use a common β for both the goal difference and behind difference, as

we expect teams that concede fewer goals to concede fewer behinds. This also implicitly

establishes a correlation between the number of goals and behinds, and also keeps the

number of latent variables at a reasonable level. Furthermore, we are choosing to model

goal difference and behind difference ostensibly as a method to reduce variability in our data

compared to directly modelling the score difference. This also results in the effective doubling

of the number of data inputs at each time point compared to just the score difference. In order

to allow for variation in attack and defence strengths over time, autoregressive processes are
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placed on both the ‘goal-attack’ , ‘behind-attack’ and ‘defence’ strengths. Explicitly:

αi,t = µα,i + φααi,t−1 + εα,i,t

γi,t = µγ,i + φγγi,t−1 + εγ,i,t

βi,t = µβ,i + φββi,t−1 + εβ,i,t,

with µα,i, µγ,i and µβ,i autoregressive means, φα, φγ and φβ the autoregressive coefficients

and εα,i,t, εγ,i,t and εβ,i,t the normally distributed error terms. The autoregressive coefficients

are assumed to be constant for each team. This maintains comparability to Koopman & Lit

(2015), and also reduces the number of parameters to ensure identifiability. We expect the

week to week change amongst teams to be similar across teams. The independent error terms

are assumed to come from a normal distribution:

ε j,i,t ∼ N
(
0, σ2

k

)
, k = a, β, j = α, γ, β,

and are assumed to be the same for all teams’ ‘attack’ and ‘defence’ processes. Note that72

this setup means that the errors of α and γ have the same N
(
0, σ2

a

)
distribution, and β has73

a separate N
(
0, σ2

β

)
distribution. This is again to reduce parameter count and is suitable for74

the assumption that all teams are equally variable from round to round. This relationship of75

α, γ → a and β→ β will continue throughout the rest of this paper.76

2.2. Complete Bayesian specification77

In order to complete the description of our model, we need to specify our priors. It

should be noted that these are in no way objective, in fact they are considerably influenced by

other implementations of similar models. We place uniform priors on the standard deviation

parameter:

σk ∼ U [0.005, 5] k = a, β (1)

This approach seems reasonable compared to Baio & Blangiardo (2010), who use a

Gamma(0.1,0.1) prior on the variance and Owen (2011), who uses a Gamma(2,250), or a

Gamma(2,500) prior on the variance, as we expect significantly more variance in a higher

scoring sport such as AFL. We place the following Beta priors on the φ parameters of the

autoregressive process:

φk ∼ Beta(100, 20) k = α, γ, β

as we expect a reasonably large estimate for φ, but not as large as those found in soccer78

matches. This also serves to avoid any potential numerical issues that might be encountered79

from φ estimates that are close to zero. Koopman & Lit (2015) estimated values for φα and φβ80
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6 DYNAMIC BAYESIAN FORECASTING OF THE AFL

of 0.9985 and 0.9992 in their English Premier League soccer data. In view of the considerably81

larger variability in AFL scores, we would expect lower estimates. Given the large number of82

data points, spread out across several distinct time series, this specification for φ is also not83

as informative as it may appear, as it can easily result in an estimate for φ in a region of low84

probability.85

2.3. Identifiability constraints and consequences86

The time series structure that is imposed on the strengths of each team introduced a large87

number of latent variables that can make fitting the model difficult and inconsistent. To ensure88

the fitting method converges to an appropriate model, and converges to this same model each89

time the fitting procedure is run, we implement some identifiability constraints.90

For every time point in our data set, we have to consider three parameters unique to91

each team (αi,t, γi,t, βi,t). Combining these with the three autoregressive means per team92

(µα, µγ, µβ), the autoregressive variables (φα, φγ, φβ), the home team team advantage (δ) and93

other ancillary latent variables results in nearly 3800 parameters and latent variables for our94

largest data set. Given we only add two observations per time point per match (goal difference95

and behind difference between teams i and j), we need some additional constraints in order96

to ensure the model is identifiable. It should be noted here that all values of αi,t, γi,t, βi,t for t97

other than the current time point are of no statistical interest, in terms of making inference98

about the outcome of matches at the next time point, and as such are latent variables.99

As our interest is about predicting the difference between two teams, the only important

quantity is the relative difference between autoregressive estimates, for example how much

stronger is the Sydney Swans’ ‘goal-attack ’strength than Carlton’s. As such we can apply

the sum-to-zero constraint on all the autoregressive parameters:

n∑
i=1

αi,t = 0,
n∑

i=1

γi,t = 0,
n∑

i=1

βi,t = 0, (2)

for all t in {1, . . . ,T } where T is the total number of rounds in the data set and n is the number

of teams in the AFL. See Section 2.5 for the specifics of these values. The Stanmanual (Stan

Development Team 2016, Chapter 6.6) discusses several possibilities on how to implement

such sum-to-zero constraints, the most appealing of which in our context would be to define

the nth parameter to be:

αn,t = −

n−1∑
i=1

αi,t, γ1n,t = −

n−1∑
i=1

γi,t. βn,t = −

n−1∑
i=1

βi,t,
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A. MANDERSON 7

for a given time point t. However, this approach results in estimates for the nth parameters100

which were considerably higher or lower than any other parameter estimates at that given101

time point. A possible explanation is that with this approach the nth parameter estimate is102

forced to be equal to the negative sum of the other estimates. As discussed in Kruschke (2011,103

Chapter 18), this is fine if the prior on the parameters (which is only applied here to the first104

n − 1 parameters) does not depend on hyperpriors, as the hyperpriors should be informed by105

all n parameters, and not just n − 1 of them. However, in our time series specification the prior106

on the parameters does depend on hyperpriors. Further discussion of the issue of combining107

sum-to-zero constraints with a time series specification for parameters can be found in Knorr-108

Held (2000).109

In order to correct this numerical anomaly, as well as increase computational efficiency,

the following ideas from Knorr-Held (2000) and Owen (2011) are implemented. Consider just

the goal attack strength parameters αi for i ∈ {1, . . . , n}. The evolution of these parameters can

be expressed in terms of a multivariate normal distribution:

αααt ∼ N
(
φααααt−1 + µµµα,D

)
,

where D is a diagonal matrix with entries σ2
a. Stepping backwards through time until the

beginning of the time series leads us to the initial values, ααα1 ∼ N
(
φaµµµα,D

)
, where µµµα is the

vector of autoregressive means for the ααα process. As we require the sum-to-zero constraints

on ααα to hold at all points in time, including t = 1, we are implicitly requiring the elements µµµα
to sum to zero. In addition to this constraint, Owen (2011) shows that in order for the original

identifiability constraint (2) to hold, the covariance matrix D must be modified such that it

has the following form:

R =
nσ2

(n − 1)

(
In −

1
n

1n1T
n

)
,

where n is the number of teams, In is the (n × n) identity matrix and 1n the (n × 1) matrix

of ones. This construction of R has its own associated issues, notably R is not of full

rank and hence has no inverse. As such, Stan cannot directly sample from the multivariate

normal distribution with R as its covariance structure. Sampling is instead performed from

an (n − 1) dimensional non-degenerate multivariate normal distribution. This distribution has

an appropriate mean and covariance structure:

S =
nσ2

(n − 1)

(
In−1 + 1n−11T

n−1

)
,
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8 DYNAMIC BAYESIAN FORECASTING OF THE AFL

where we refer to variates of this distribution as the raw parameters. Transformation of these

raw parameters into the parameters of interest is handled by the n × (n − 1) matrix:

J =


In−1 −

1
n 1n−11>n−1

− 1
n 1>n−1

 ,
whose structure implements the desired centring constraints. To illustrate this more explicitly,

take the (n − 1) dimensional raw means of all of the auto regressive processes:

µµµα,raw ∼ N
(
0, σ2

µS
)

µµµγ,raw ∼ N
(
0, σ2

µS
)

µµµβ,raw ∼ N
(
0, σ2

µS
)
.

These means are then transformed into the parameters used for inference by J:

µµµα = Jµµµα,raw µµµγ = Jµµµγ,raw µµµβ = Jµµµβ,raw.

In a similar manner, the initial values for the team strength parameters come from appropriate

zero mean distributions:

αααt,raw ∼ N
(
0, σ2

aS
)

γγγt,raw ∼ N
(
0, σ2

aS
)

βββt,raw ∼ N
(
0, σ2

βS
)
,

which are then used to find the initial values:

ααα1 = µµµα +
σ2

a√
1 − φ2

α

ααα1,raw γγγ1 = µµµγ +
σ2

a√
1 − φ2

γ

γγγ1,raw βββ1 = µµµβ +
σ2
β√

1 − φ2
β

βββ1,raw.

Finally, these are mapped forward in time to create the ‘attack ’and ‘defence ’strengths:

αααt+1 = φααααt + µµµα + σ2
a Jαααt+1,raw

γγγt+1 = φγ γγγt + µµµγ + σ2
a Jγγγt+1,raw

βββt+1 = φβ βββt + µµµβ + σ2
β Jβββt+1,raw

To complete this hierarchical specification,σµ requires some form of prior distribution, which

is again chosen to be uniform:

σµ ∼ U (0.005, 1) .

The slightly smaller bounds on this variance parameter compared to σa and σβ in (1) are due110

to decreased variability in the value of µµµ. This reflects the fact that a single unexpected result111

only slightly changes the mean of the underlying autoregressive process. Other Bayesian112
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Figure 2. A graphical depiction of the structure of the model described in Sections 2.1 to 2.3

attempts do not allow this parameter to vary, and simply fix it at some value (see, for example,113

Baio & Blangiardo 2010).114

A graphical representation of this model is presented in Figure 2, which is arranged115

in the following manner: the nodes in the first (bottom) layer represent the data generating116

distributions, with the nodes in the second layer representing the parameters that govern said117

distributions, except for the darker grey node in the second layer, which represents the home118

ground advantage. The nodes in the third and fourth layers pertain to the time series structure,119

and lastly the nodes in the fifth and sixth layers represent the prior distributions required to120

complete the specification of the model.121

2.4. Start-of-season variance122

As teams draft, trade, and train players during the off season, their performance can123

change substantially from the end of one season to the start of the next. As our time variable t124
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10 DYNAMIC BAYESIAN FORECASTING OF THE AFL

only indexes the occurrence of matches, it does not include detail about the start and end of125

seasons. For example, t = 22, t = 23 and t = 24 are all one time lag apart, yet the transition126

in real time from t = 22 to t = 23 represents one week, but t = 23 to t = 24 represents127

approximately 5 months due to the off season break (the regular AFL season contains 23128

rounds; the same is true for the set of time points at the end of each season in our data set, i.e129

t = 45, 46, 47, . . .).130

The change in a team’s performance during the off season can be difficult to model,

as season breaks are fairly lengthy periods of time and a team’s off season strategy may

change considerably each year. Some years they may focus on training rookies for future

season endeavours, other years they may focus on conditioning so that senior players are

in peak condition near the end of the season. As such, there are a small number of data

points associated with inter-seasonal performance change, which have large variability. In

the model implementation, start-of-season variance is handled by specifying the time points

corresponding to matches occurring after season breaks, and inflating the variance of the time

series estimates at these points. Subsequent rounds have a similar, albeit reduced inflation

factor based on the assumption that the first round contains the most information about

a team’s change in performance during the off season. As such we use an exponentially

decaying inflation factor of (v − 1) exp{−(t − tss)} + 1 such that:

αi,t ∼ N
(
µi + φaαi,t−1,

[(
(v − 1) exp{−(t − tss)} + 1

)
σa

]2
)
,

where tss is the time point that corresponds to the start of the season and v is a chosen variance131

inflation factor.132

2.5. Miscellaneous details133

The AFL has 18 teams (i.e. n = 18), who each play 22 matches across 23 rounds in a134

regular home and away season, for a total of 198 matches. This means teams do not play135

exactly two games against every other team, rather they play once against all teams and136

twice against a selection of the other teams. For each of these games each team receives four137

competition points for a win, two for a draw and zero for a loss. The season is then concluded138

with a four week finals series which reduces the top eight finishing teams to two teams to139

play in the grand final. However, we do not model this part of the season for two reasons:140

First, match tactics in finals are markedly different to those employed during the standard141

home and away season. Second, as only a limited number of teams make the finals series, we142

would have insufficient data to estimate the attack and defence strengths of each team.143
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3. Results144

3.1. Model fitting, estimation of parameters and prediction generation145

The model described in Section 2 was coded in the Stan modelling language and146

fitted using the rstan interface. Specifically, we concern ourselves with the estimation of147

binary win or loss results, as well as win, draw, and loss (WDL) probabilities for the 2015148

AFL home and away season. Historical and current results for the AFL were acquired from149

www.footywire.com. Home and away data from 2013 to 2015 were used to fit the model150

and predict results. Each round took approximately 6 to 8 hours on a standard university151

workstation to fit with acceptable convergence, which enables the use of this model in a152

round to round forecasting scenario.153

Traceplots, density estimates and summary statistics for convergence of MCMC chains154

were assessed with the most important parameters (or latent variables) for stable model155

behaviour being the attack (αi,t, γi,t) and defence (βi,t) strengths over time for each team.156

Figure 3 uses α1,36 and α1,37 to show typical examples of traceplots of any of these parameters157

and demonstrates no undesirable behaviour. Note that this traceplot was generated with one158

chain of 5000 iterations, whilst our reported predictions were generated using 4 chains of159

10000 iterations, all of which converged and mixed appropriately.160

3.2. Predictive results of the 2015 AFL season and model validation161

Predictions for match outcomes were obtained in a one-step-ahead manner, whereby162

all results from previous rounds were used to predict the current round matches. Their163

associated probabilities and estimated differences were generated by sampling from the164

posterior predictive distribution of the parameters. For practical purposes these predictions165

included a predicted point difference, as well as associated WDL probabilities. We also166

construct prediction intervals for the score differences in each match and check whether each167

actual difference was contained within the corresponding interval.168

Figure 4 describes the performance with respect to win/loss predictions across the 2015169

season, with the dashed line indicating the proportion of predictions that were correct in170

each round, whilst the solid line is the mean of the performance up to each time point. The171

total number of correctly predicted matches was 132, which corresponds to 2/3 of the total172

number of games in the season. This is a reasonably good performance, as top football tippers173

with many years of experience rarely exceed 145 correct predictions for the home and away174

season. There appears to be a slight drop in predictive performance towards the end of the175

season, which is more difficult to explain but could be due to the complacency of top teams,176
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Figure 3. A traceplot and density estimate of the Goal Attack parameter for team 1 and time point 36
and 37. This particular plot was generated with 1 chain of 5000 iterations, which is less than what was
used to generate predictions.

or disinterest of the lower ranked teams. However, it is equally possible that fatigue or other177

unknown factors manifested themselves as random variation.178

Whilst these binary win or loss outcomes are definitely of practical interest, they are not179

necessarily the best means for validating the model. Take for example, a model prediction of180

a points difference of +1, with an estimated standard deviation of 5, and an actual result181

of −2. Such a prediction would be considered reasonable, however the dichotomisation182

into a win and loss would lead to the prediction being classified as incorrect. In order to183

explore the model’s outputs and predictions, we construct a prediction interval using the184

estimated difference and its standard deviation. As we have a large number of samples, and the185

estimated distributions from the traceplots of the goal and behind differences appear relatively186

symmetric, we construct an approximate normal interval.187

Figure 5 shows the estimated and actual coverage probablity of the 100
(
1 − α

2

)
%188

prediction intervals as a function of α. For all values of α it depicts a reasonably well behaved189

model, with actual coverage very closely following nominal coverage. As such, there is some190

implicit degree of confidence in the estimated differences, standard deviations, and WDL191

probabilities.192
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Figure 4. Predictive performance of the model over the 2015 home and away season. The dashed line
represents the proportion of games the model would have predicted correctly in each round. The solid
line is the average proportion of games predicted correctly over the season up to and including that point
(i.e. the point at round two is the mean proportion of games predicted correctly in rounds one and two.).

We also validate the predictive capabilities of the model, particularly the estimated WDL193

probabilities, by estimating the cumulative number of competition points accrued at each194

point in time. Multiplying the possible number of competition points that can be earned in195

a game (namely four for a win, two for a draw and zero for a loss) by our estimated WDL196

probabilities yields the expected number of competition points in each match. Hence, we197

obtain a predicted point trajectory for each team over the whole season which is compared to198

the actual number of competition points received in Figure 6. We note that the observed and199

predicted trajectories shown are relatively close for most teams. The intra-seasonal changes200

in performance appear to be well captured by our model; for example, the increase in North201

Melbourne’s performance towards the end of the season. However, as one would expect from202

hierarchical models, it is also apparent that there is some evidence of shrinkage, with under-203

performing teams such as Brisbane, Carlton and the Gold Coast Suns having win rates over-204

predicted by the model and vice versa for the higher performing teams. This is somewhat less205

true for Hawthorn: as the data used to fit the model encompasses years in which Hawthorn206

has won the grand final, the output seems very reasonable.207
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Figure 5. The coverage proportion as a function of the quantile used to construct the prediction interval.
The dotted line represents the ideal coverage, whilst the solid line represents the actual coverage.

The difficulty in predicting outcomes at the start of the season is apparent, with teams208

like Hawthorn and the Western Bulldogs having their predictions and actual curves exhibiting209

near parallel behaviour after the initial few weeks of the competition. The major difference210

between the two curves is due to teams unexpectedly winning or losing games at the start211

of the season where prediction is difficult due to the inter-seasonal changes in each teams’212

ability.213
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4. Conclusions214

Currently there is a lack of published methodology for outcome prediction in the AFL,215

with Clarke (1993) and Ryall & Bedford (2010) appearing to be alone in attempting to216

forecast the results of AFL matches. We have provided an approach to modelling AFL217

results using dynamic hierarchical Bayesian models which, to the best of our knowledge218

of the sports modelling literature, have only been implemented for soccer data (see for219

example Owen 2011; Baio & Blangiardo 2010). Our models were based on the Skellam220

distribution and in contrast to previous work, using similar methodology for sports modelling,221

we have modelled the difference in the two scoring mechanisms simultaneously, in an attempt222

to encapsulate the highly variable nature of AFL match results. We considered issues in223

constraining parameters and model identifiability and applied appropriate methods to rectify224

such problems. Our final model is implemented in the form of a Stan model, which enables225

the generation of predictive results and we have subsequently applied this to data from226

the 2015 AFL season, with comparable predictive performance to similar models used for227

soccer outcome modelling. All code and data used to fit these models is freely available on228

https://github.com/hhau/DynBayes.229

Future extensions of modelling AFL match outcomes would benefit from focussing on230

the problems encountered due to the highly variable nature of AFL scores. Solutions may231

include: using the difference of negative binomial random variables as a potential alternative232

to the Skellam distribution, or binning the scores appropriately instead of using exact233

differences and thus extending our methods to ordinal regression. Furthermore, identifying234

the best and worst performing teams to provide an extra adjustment to their time-series means235

could be used to correct for shrinkage issues encountered using current techniques.236
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Figure 6. Predicted competition point total (solid) and actual competition point total (dotted) over the
2015 AFL home and away season. The individual plots are sorted in order of total actual competition
points at the end of the season, with the plot being read from right to left, top to bottom.
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