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Abstract

Previous studies in to predictive modelling of sports have largely concentrated on those
which belong to the group of sports and games which can be termed as one-on-one:
those where teams or players face each other in pairs e.g. football, basketball and tennis.
Here the case of multi-competitor games or sports such golf, horse racing and motor
sport, which are defined as ones in which three or more players or teams compete
against each other at the same time are considered. Models, which given datain the form
of previous performance of players, can make probabilistic predictions on the outcome
of future tournaments are investigated. The generalised Bradley-Terry model for
repeated multiple rankings of individuals known as the Plackett-Luce model is reviewed.
A two-way anova model which uses scores rather than rankings is proposed as an
alternative more suited for specific application to sports data. A dynamic extension and
Kaman filter approach to fitting data to the two-way anova model is described.

The models are firstly developed and tested on artificially generated ‘toy’ data then are
applied to real world data in the form of seven years worth of US PGA tour records.
Findings from this study are presented in the form of a comparison of the static models
with the Official Golf World Rankings and a case study of the dynamic analysis of two
players. A quantitative evaluation of the predictive performance of the models is
presented in the form of results from their application in a gambling scenario. The
dynamic two-way anova model is found to be competitive in its predictions when

compared to those of a human expert.
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For a matrix of Scores, S, where the the (i,j) th element is the score of player i in tournament

j and the non-participation of a player in a tournament is indicated by a score of zero.

Initialise

Number of players, numP = number of rows in S

Number of tournaments, numT = number of columns in S

a*st = vector of zeros, with number of elements equal to numT
Adjusted scores, A=S

Until convergence of & and 8

End

Step 1: Calculate et based on current aest
For i =1:numP
Pi = mean of the non zero elements of the i th row of A
End
Step 2: Calculate @ based on current fest
Form matrix B: the scores adjusted by fest
For I =1:numP

For j =numT

B(i) = (i) - B

End
End
Elements that were zero, representing non-participation, may now not be zero, so to
correct this: For all elements of S that are zero, make corresponding element of B
zero.
Form vector, m, the mean f-adjusted score for each tournament
For j =1:numT

m(j) = mean of the non zero elements of the j th column of B
end
Constrain elements of m, to form the zero mean vector, a7
a"?? =m —mean of m
Update estimate of a
st = gest + gupd

Adjust Scores by subtracting a*?
For I =1:numP
For j =numT
A(i) = Ai,]) - ()
End
End
For all elements of S that are zero, make corresponding element of A zero.

21



Results using the two step algorithm for the case when not al players play in al
tournaments are shown in Figs 5 and 6. These are obtained from data generated again for
the ‘realistic’ scenario of 440 players who play in 325 tournaments where the probability
of each player playing in any given tournament is 0.4, i.e. on average there are 176
players competing in each tournament. The score standard deviation was set at 10 for all
players. Fig 5 shows f estimation, while fig 6 shows o estimation.
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Fig 5. f estimation in the two-way anova model The estimate of # obtained by
performing the two-step iterative algorithm described above is shown here in blue, with
the corresponding true values, g*, plotted in red. Note that the players have been sorted
here in to ascending #*.
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Fig 6. a estimation in the two-way anova model when not all players play in al
tournaments. The estimate of « is shown here in blue, with the corresponding true values,

a*, plotted in red. Note that here the tournaments have been sorted in to ascending a*.

A further level of complexity can be incorporated by allowing players to have different
score standard deviations. This can be thought of in a real-world terms as some players
being more ‘erratic’ than others. While a‘steady’ player islikely to regularly perform to
close to their ability, an erratic player is more likely to perform well above or below
their ability in any given tournament. Thisis represented in terms of the model by steady
players and erratic players having lower and higher score standard deviations
respectively.

Estimating the score standard deviation of aplayer isarelatively simple task in the static
[ case. The score standard deviation estimate for player i is given by calculating the
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standard deviation of the non-zero terms of the i th row of the adjusted scores matrix A.
Fig 7 shows results of the estimation of the score standard deviation of players, again
using the ‘realistic’ number of players and tournaments with the score standard
deviations of players randomly assigned from a uniform distribution with upper and
lower limits of 15 and 5 respectively.
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Fig 7. Score standard deviation estimation in the two-way anova model. The estimate of

score standard deviation is shown here in blue, with the corresponding true values

plotted in red. Note that here the players have been sorted in to ascending order of true

score standard deviation.
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3.3 Comparison of Plackett-L uce and two-way anova models

The task in fitting the Plackett-Luce model to data is the estimation of p, while for the
two-way anova model it is B, thus there is no direct way to compare the relative
performance of the models. In order to do this both models must be used to estimate the
same parameter. There is no way of obtaining an estimate of # using the Plackett-Luce
model, however by using Monte Carlo sampling of the two-way anova model estimates
of y, as defined by the Plackett-Luce model, can be produced.

The procedure used is to generate scores for a given number of tournaments using the
two-way anova model. These scores are then easily converted to rankings by giving the
player with the best score in atournament the ranking of 1, the second best the ranking 2
and so on. These rankings are then used in the MM algorithm to find the Plackett-Luce
model estimate of y, y™. The original scores are then used to obtain an estimate of g, 8,
in the usual way as previously described. This estimate of g is then used to generate a
large number of sample tournaments, from which an estimate of y can be obtained.
Recalling that y, when normalized, can be defined as the vector whose elements are
equal to the probability of the corresponding player winning a tournament between all
the players, from the large number of generated tournaments an estimate of this
probability is obtained by simply dividing the number of tournaments a player wins by
the total number of tournaments. Thus an estimate of y from the two-way anova model,
y"A is obtained.

Finally the ‘true’ value of p, y*, isrequired. An estimate of thisis obtained by using the
same method as for y"“*, but using the true value of #, #*, which was used to generate
theinitial set of tournament scores.

There is the possibility that if too few tournaments are simulated in the Monte Carlo
sampling that the value of ™" obtained could be affected. The estimates of y were

found empirically to be stable after 10® sample tournaments.

Fig 8 shows the results using this method of comparison from repeated trials of the

‘realistic’ scenario as used previoudly.
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Fig 8. Comparison of accuracy of y estimation in Plackett-Luce and two-way anova
models. Each blue cross, of which there are 50, represents a different trial whereby y*,
y"- and y™" were obtained using the procedure outlined previously. If the quality of the
estimates of the two models were similar then the crosses should be dispersed equally on
either side of the central diagonal line. A bias to either side indicates that there is a
difference between the two. From the plot, all the crosses are towards the lower right.
This strong bias shows that the error in estimation of y from the Plackett-Luce model is
very likely to be greater, and thus the two-way anova model is producing better quality

estimations.

From Fig 8 it is clear that the two-way anova model is producing better results. This
perhapsisn’t really surprising, as there isinformation lost in the conversion of the scores
to the rankings which the Plackett-Luce model uses, thus the y estimate obtained from
the two-way anova model where this information is retained should be superior. As was
discussed in section 2 the form of this ‘information’ is the further distinguishing of
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player performances. The distance between the 1% and 2™ player could be 10 shots, or
could only be 1 shot but in terms of rankings these situations are not distinguished. It
follows that when there is limited data available the Plackett-Luce model could be
expected to ‘squash together’ the y values: i.e. give the best players too low values of p,
and the worst players too high values. To see if thisis the case, fig 9 shows the results
for one of the 50 trials from fig 8.
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X estimate of gamma from Plackett-Luce model 1
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Fig 9. Plot of y* (red), y™- (blue) and y™* (green) for atypica tria. The players have

been sorted by increasing y*. The gamma axisis shown on alog scale for visibility.

From the plot in fig 9 the expected ‘squashing’ effect predicted for the Plackett-Luce
model can be seen. For the players with low gamma (towards the left) the blue Plackett-
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Luce prediction is too high and for the higher gamma players - towards the right - it is

too low.
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4.0 Dynamic model

In any real world situation, it is likely that individual players can improve or decline in
ability over time. The models discussed in section 3 make no allowance for this: the
players are assumed to have constant ability and the results from a tournament played
severa years ago are deemed to be as important as the results from one played last week.
It seems probable that a dynamical model, which is able to differentiate between
tournaments, dependent on how long ago they were played, and essentially ‘weight’
them for importance should be able to provide a more accurate estimate of the current
ability of aplayer.

Section 4.1 describes how the two-way anova model is extended to generate dynamic
data. In 4.2 the estimation of « given such dynamic datais discussed. Section 4.3 details
a Kaman filter approach to the dynamic estimation of f#, the performance of which is
compared with static estimation in section 4.4. In section 4.5 a Kalman smoother method

for score standard deviation estimation is described.
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4.1 Gener ating dynamic data

The model for dynamic g is defined by egn (8) in section 2.6. In order to generate
dynamic toy data the same procedure as for the static case is used, but now the # vector
Is updated following every tournament so that each element takes a random Gaussian
walk around its previous value.

Each tournament can be considered to represent one time step, so after initialisation f’s

evolution over time is modelled by, after each tournament, performing the update

For i = L:number of players
ﬁiHl = ﬂjt + N(O’O-eVOJQ)
End.

4.2 Estimation of e in dynamic case

As in the static case, the a values for each tournament must be obtained before scores
from different tournaments can be directly compared. Given that players S values can go
up as well as down and that there are sufficient players competing in each tournament,
the variances in # could be assumed to cancel out for the purposes of estimating a and
the same procedure as for the static case used. This assumption was tested
experimentally by performing repeated trials on data generated using the same ‘redlistic’
number of players and tournaments as used in section 3. @, # and score standard
deviation vectors were generated as usual. Two separate sets of tournament result data
were then generated: one with static #, and one with dynamic g in which the g vector
was updated after each tournament with a e value of 1. The two-step agorithm as
detailed in section 3, which assumes static data, was then used to estimate e from both

data sets. The results from onetrial are shownin Fig 10
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Fig 10. Plot showing a estimation from both static and dynamic data for one trial. The
true value of a is plotted in red, while the a estimates from the static and dynamic data

are plotted in green and blue respectively.

From fig 10 there is no obvious difference in the accuracy of estimate obtained by the

two step algorithm when using either static or dynamic data. A total of 50 such trias
were performed. In each case the summed absolute error between the true ¢ and those
obtained from the static and dynamic data was calculated. These are plotted in fig 11.
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Fig. 11. Comparison of the accuracy of estimates of ¢ obtained from the static and
dynamic g cases. Each point in the plot represents one of the 50 trials.

From this plot it is clear that there is a slight bias towards the static data producing a
more accurate estimate of a. Thisis not unexpected, as the two-step algorithm assumes
static data, thus when the datais not in fact static, there is likely to be a reduction in the
estimation accuracy. Provided this reduction is not too significant, this may be a
sacrifice that is acceptable, as being to able to estimate & in this way will considerably
reduce the task of estimating # dynamically. In order to quantify the effect on the
accuracy, consider that for the 50 trials the mean summed absolute error in the static g
case is 215.56+40.36, while for the dynamic g case it is 257.70+43.18, where the errors
quoted are one standard deviation. Thus the mean difference in the summed absolute
error in a for the two cases over the 50 trials is 42.14. As these values are summed over
all the tournaments for each trial, of which there are 325, the mean difference in error
per tournament is 0.1297. The mean absolute value of a over the 50 trials was 3.77, thus
the average percentage reduction in accuracy from having dynamic data compared to
static datais just 3.43%.
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This is a reasonabl e trade to make for the benefits which estimating « in this way will
provide, thus in the analysis of dynamic data in this project, a is aways estimated using

the two step algorithm assuming static data.

4.3 Dynamic estimation of

The task of estimating # dynamically is performed using a Kalman filter approach. The
Kaman filter is a set of mathematical equations that provide an efficient recursive
solution of the least-squares method. It was described first by Kalman'” in 1960 and
since has been developed and applied in a broad range of contexts. Thorough reviews of
the theory and application are available from many sources'®*° .

Given tournament scores which have already been adjusted to account for a, using the
two-step algorithm, the task of dynamic estimation of S reduces to a 1-dimensional
Kalman filter for each player. Thus the implementation is essentialy standard®, with a
dlight modification to account for the possibility of missing observations — i.e. where
players don't play in a tournament. If there is a missing observation at time t, the
estimate of S is just the estimate at time t - 1, while the uncertainty in the vaue is
increased from that at timet - 1 to account for the potential of f changing during the
missing observation. The parameters used in the Kaman filter are obtained by EM
estimation®® *?**#_ This procedure uses the dataset to obtain maximum likelihood
estimates of the system and observation variance and the initial state vector and variance
used in the filter. In this 1-d Kalman filter the system matrix and the observation matrix
are both identity.
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4.4 Comparison of B estimation in dynamic and static models

To evaluate the relative performance of the static and dynamic models their predictions
of # are considered. Given a dataset of tournament scores, generated with dynamic g,
where each tournament is considered to be one time step, estimates of g from both the
static and dynamic models were obtained for each time step. In the case of the dynamic
model these values were obtained using the Kalman filter approach described in section
4.3. For the static model, the estimate of # was obtained from the two step iterative
algorithm detailed in section 3.2. 50 trials were carried out with data generated using a
‘redistic’ number of players and tournaments. The results for one player from one trial

areshowninfig 12.
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Fig 12. Plot showing # estimation for one player. The red crosses are the observed
scores (adjusted to account for @). The red line is the true value of S for the player,
which is seen evolving over time. The green line is the static estimate of S, which is
essentially just the mean of the observed scores. The blue line is the dynamic estimate of
£, while the light blue one standard deviation error bars represent the uncertainty in f

from the Kalman filter.

To compare the two models the cumulative squared error in g is calculated for each.
With reference to fig 12 this is the squared distance between the red line and the green
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line for the static case, and the red line and the blue line for the dynamic case, calculated
at each time point — i.e. each tournament on the x-axis, and these values summed. This
was done for al the players to give a total accumulative error over all players over all

time. The results of repeated trials of this are presented in Fig 13.
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error from dynamic model 6

Fig 13. Comparison of /5 estimation in static and dynamic case. Each cross, of which

there are 50, represents the accumulative error from onetrial.

From fig 13 it is clear that the dynamic Kaman filter approach produces better
estimates of (3 than the static model.
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4.5 Estimation of score standard deviation in dynamic case

For the purposes of score standard deviation estimation in the dynamic case, a Kaman

smoother'® 24

approach is used. As the f value of a player is changing, simple
estimation of score standard deviation assuming static data will logically produce values
that are too high as the evolution variance of 3, sevs > Will essentialy act as an additional
source of variance. A better estimate of score standard deviation can be obtained by
estimating # dynamically and adjusting the scores to account for this. Thus a dynamic
estimate of score standard deviation for a player is found by first obtaining the vector of

B evolving over time for that player,

, using a Kaman smoother. This is then
subtracted from the non-zero elements of the corresponding row of the a-adjusted scores
matrix, A, to form the vector s. The estimate of score standard deviation is given by

calculating the standard deviation of the elements of s.

To confirm that, in the dynamic f case, the Kaman smoother approach to score
standard deviation estimation gives better results than a static approach both methods
were tested on dynamically generated data using a ‘realistic number of players. The
players were assigned score standard deviations from the uniform distribution with
upper and lower limits of 13 and 7 respectively. The results from one such tria are

shown in fig 14.
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Fig 14. Estimate of score standard deviation for one trial. The true score standard
deviation of each player is shown in red, while the estimate from the dynamic Kaman
smoother approach is shown in blue and the static estimate shown in green. Note that the

players have been sorted in to ascending true score standard deviation

Fig 14 shows that, as expected, the static method generally gives estimates which are
too high, while the Kalman smoother approach produces better estimates which are
centered around the true value as the additional source of variance caused by the
dynamic  values has been corrected for. In total 50 trials like the one displayed in fig 14
were carried out. In each case the squared error between the true score standard
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deviation and the two estimates was calculated and this summed over all the players to
get an accumulative error. The mean accumulative error when using the Kaman
smoother method was 1.8561x10° + 3.8443x10". For the static method it was 3.2382
x10°%+ 1.6900 x10°. The dynamic Kalman smoother approach clearly produces the better
estimates, and thus is the method used for score standard deviation estimation in the

analysis of dynamic data in this project.
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5

5.0 Application toreal world data

In previous sections the models investigated in this project have been applied to
artificially generated ‘toy’ data. The ultimate intention when developing any mode! is to
apply it in a rea world scenario. In this section the findings from application of the
models to 7 years worth of US PGA tour records are presented. Section 5.1 discusses
how the data was collected and preprocessed. Section 5.2 covers the findings from
obtaining a values for the tournaments. Section 5.3 contains an analysis using static
models, which is compared with Official World Rankings in section 5.4. In section 5.5
the results from the dynamic analysis of real world data is presented in the form of a
case study of two players. The models were applied to a gambling scenario for

evaluation purposes and the findings from this are presented in section 5.6.
5.1 Data | ssues

This study uses data from the period 7" Jan 1996 — 20" July 2003 inclusive. In thistime
there were 332 US PGA Tour tournaments played, in which a total of 1911 players
competed. Many of these players only played in a limited number of tournaments and
never made any impact in terms of successful performances. As these players are not of
any particular significance to the study, only players who had played in at least 20
tournaments in this period were retained, leaving 438 players. As discussed in section 2,
many golf tournaments include a ‘cut’ after the second round, whereby a number of the
lowest placed players are removed - often around half of the starting field - and don’t
continue on to play the final two rounds. In this case of players who miss the cut the
final score recorded is their two-round total. This clearly can not be used as the player’s

score for the purposes of this study as this would result in players who missed the cut —
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by playing poorly — having much better scores than all the players who made the cut.
Also, the player’ s participation in the tournament can not ssmply be discounted, as doing
this would fail to recognise poor performances of players. One way to obtain a final
score for these players would be to simply double their two-round total, which would
give an estimate of what they would have scored over four rounds. This however does
not take in to account any differences in the playing conditions between the first two
rounds of a tournament and the last two. If the weather significantly improves or
deteriorates it can have a significant effect on the average score. Taking this in to
account, to obtain afinal score for players who missed the cut a projection is made using:

i Highest (worst) score Score required t Theplayer's
Final score for equired to il
player missing over four rounds mike cut after scoreafter two 4
obtained by the other  — two rounds + rounds

cut players who made cut

The golf season generaly runs from early January to early November, thus there is an
‘off-season’ period of roughly two months each year. As time series analysis is to be
performed, these periods require to be accounted for in the data. The data is stored in a
matrix, whereby each row corresponds to one player, and each column to one
tournament. The (i,j) th element of the matrix is the score of player i in tournament j, and
a score of zero indicates non-participation in the tournament. There is generally one
tournament played per week during the season, so each column of the matrix can be
considered to represent atime period of one week. Thus to represent the off-season, 8 or
9 (dependent on the length of the off-season that year) tournaments in which nobody
participates were inserted in the relevant places in the data.

The key which matches the indices of the rows and columns to the corresponding real

world players and tournaments isincluded in appendix 1

41



5.2 Calculated a values for tour naments

Fig 15. shows the a values obtained for the 325 tournaments in the study using the two-

step algorithm.

Band 4

100} - -4~
125

375 400

350

325

tournament

Fig 15. o values obtained for each real world tournament.

The tournaments in fig 15 can be seen as being dispersed in to four horizontal ‘bands’,

with means of around +65, 0, -70 and -145 on the a-axis. This effect is due to large

structural differences between the tournaments. The majority are played over four

rounds, i.e. 72 holes, however for each year of the study two are played over five rounds,

ie 90 holes. These tournaments, The Bob Hope Classic and The Las Vegas Invitational
42



are tournament numbers 3 and 39 respectively for the 1996 season, and can be seen in
Band 1 on the plot repeated at regular intervals of roughly 52 tournaments as these
tournaments are played around the same date every year. The o values obtained for these
tournaments are higher as the total final scores will be greater due to the extra round
played.

The tournaments in Band 3, beginning with number 35, the 1996 Canadian Open and 37,
the 1996 BC Open, are all tournaments during which the number of rounds was reduced
to three due to adverse weather conditions. Tournament number 38, in Band 4 with an o
value of 145.84, is the 1996 Buick Challenge, which as with most other tournaments is
normally played over four rounds but in this year particularly bad weather resulted in it
being shortened to two rounds. Unlike in Band 1, there is no regular pattern for the
occurrence of tournaments in Bands 3 and 4 as, obvioudly, playing tournaments over
three rounds because of inclement westher is not something which is deliberate or
planned. Although these tournaments do seem to occur at around the beginning and end
of seasons — corresponding to winter months

The par score for one round on PGA tour golf courses is generally in the region 70-72,
thus with one additional round on top of the normal four, the scores will be greater by
roughly this value, and in tournaments with less than four rounds the scores will be
reduced by a corresponding multiple. This explains the a-axis separation distance of the
bands. The tournaments with five rounds have positive o values because, as discussed in
section 3, in order to form the adjusted scores, « is subtracted from the true observed
scores. In effect this adjustment obtains, for tournaments not played over four rounds,
what the scores would have been had the tournament been played over four rounds. Note
that this is not the same as just throwing away the scores from the final round of afive
round tournament and using the 4 round aggregate, which would lose the information
contained in the fina round performances of the players. Similarly, the o values of
tournaments played over fewer than 4 rounds are negative, as these scores must be
increased to obtain an equivalent ‘4 round estimate’.

The smaller scale variations in o between tournaments within the same band represent

the differences in course difficulty, weather effects and field strength as previously
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discussed in section 2 or 3?. As discussed in section 5.1, in order to create a continuous,
roughly regular timeline, additional tournaments where all players don’'t take part are
inserted to represent the off-season. These can be seen on the plot as a group of 8 or 9
successive tournaments with o values of zero. The first such region, representing the off-
season period between the Sarazen World Open on 3 Nov 1996 and the Mercedes
Championship on 12" Jan 1997, runs from tournament number 44 to number 52. The

later off-season periods follow at regular intervals on the plot.



5.3 Static model analysis of real world data

Fig 16 shows the static 5 values for the players obtained from the two-way anova model

using the two step algorithm.
S ,
3107 @ Arnold Palmer
305+ 4
300 A i

4
2751 @ Tiger Woods |

270 | | | | | | L |
0 50 100 150 200 250 300 350 400
player

Fig 16. Static  values obtained from 2 step algorithm for all players over the entire
period of study from 7" Jan 1996 — 20" Jul 2003. The players with the best and worst
values of S are labelled.

Fig 16 shows that the best player, Tiger Woods ( = 275.16), has a considerably better S
value than any of the other players. This is not a surprising finding: Tiger Woods has
been described as “undeniably the best player of his generation”® and at the date of the
final tournament in this study he had been ranked number 1 in the Official World
Rankings for 206 consecutive weeks — nearly four years. That Arnold Palmer (f =

309.06) should be ranked as the worst player here is also unsurprising. Palmer is
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undoubtedly one of the greatest and most famous golfers of al time; however he was at
his prime in the early 1960s and was 67 years old at the beginning of the period of study.
During this period he played most of his competitive golf on the Seniors Tour, where the
courses are perhaps better suited to players of his age. Although he could not
realistically be considered as a competitive player, for reasons of nostalgia, and maybe
because tournament organisers and sponsors knew what effect a household name such as
Arnold Palmer, whatever his age, playing would have on audience figures, he played in
twenty PGA Tour tournaments in the period, thus qualifying him for inclusion in this
study.

Fig 17 shows the y values for each player obtained from the Plackett-Luce model using
the MM algorithm over the entire period of study.

0.018F @ Tiger Woods 1

0.016 - B

Arnold Palmer

Fig 17. y values obtained from the Plackett-Luce model. The best and worst players are
the same as for the  ranking of the two-way anovamodel in Fig 16: Tiger Woods (y =
0.017409) and Arnold Palmer (y = 0.00020637).

5.4 Comparison of static modelswith Official World Rankings
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The Officid World Golf Ranking? is updated and issued weekly following the
completion of the previous week's tournaments in five professional tours; the PGA Tour,
PGA European Tour, Southern African PGA Tour, PGA Tour of Australasia, and PGA
Tour of Japan. Points are awarded according to the players finishing positions in
tournaments. These points are accumulated over atwo-year "rolling" period. Each player
is then ranked according to his average points per tournament, which is determined by
dividing his total number of points by the number of tournaments he has played over that
two-year period, with a minimum requirement of 20 tournaments for each year.
Tournaments that take place on different tours are given higher or lower ratings
dependent on the strength of the tour. This means there are more points awarded for
winning on the PGA Tour than in any of the other tours. In addition to this, some
tournaments which are deemed to be of higher importance such as the Masters, U.S.
Open, British Open, and PGA Championship carry more points.

Table 1 shows a comparison between the Official World Rankings and rankings

obtained from the models studied in this project.
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Player Official World J vaue from y value from y value from two-
Ranking Points | two-way anova Plackett-Luce way anova model
Avg. (ranking) model (ranking) | model (ranking) (ranking)
Tiger Woods 16.81 (1) 273.91 (1) 0.043038 (1) 0.10581 (1)
Ernie Els 9.48 (2) 277.99 (2) 0.015775 (2) 0.038194 (3)
Vijay Singh 8.06 (3) 278.63 (3) 0.014664 (4) 0.018224 (14)
Mike Weir 7.96 (4) 280.27 (12) 0.0076143 (17) 0.033096 (5)
DavisLove Il 7.59 (5) 279.47 (8) 0.0099172 (6) 0.021937 (11)
Jim Furyk 7.34 (6) 279.97 (11) 0.0093904 (10) 0.015698 (15)
David Toms 6.70 (7) 279.37 (10) 0.008587 (13) 0.033036 (6)
Kenny Perry 6.29 (8) 280.38 (13) 0.0092066 (11) 0.015495 (16)
Padraig Harrington 6.05 (9) 279.10 (5) 0.0089318 (12) 0.030911 (7)
Nick Price 5.73 (10) 278.86 (4) 0.015522 (3) 0.02141 (12)
Phil Mickelson 5.60 (11) 279.46 (7) 0.0078575 (15) 0.034685 (4)
Retief Goosen 4.83(12) 279.12 (6) 0.014601 (5) 0.050186 (2)
Justin Leonard 4.28 (13) 280.71 (15) 0.0098476 (8) 0.015091 (17)
Sergio Garcia 3.79 (14) 283.75 (39) 0.0043067 (65) 0.010503 (24)
Robert Allenby 3.64 (15) 281.8 (18) 0.0068998 (21) 0.018602 (13)

Table 1. The top 15 players in the Official World Rankings as of 20" Jul 2003 together

with the player's two-way anova f and Plackett-Luce y value and a y vaue obtained

from Monte Carlo sampling of the two-way anova model.

All of the values in Table 1 were obtained by using only data from the preceding two

year period, asis the case in the Official World Rankings. Results from tours other than
the PGA Tour are incorporated in to the Official World Rankings while, due to data

constraints only results from the PGA Tour were used here to obtain the 5 and y values.

This may be reflected in the discrepancies in the ranking of Sergio Garcia, 14™ in the

Official World Rankings, but ranked much lower where only PGA Tour data is

considered. Garcia is Spanish and has divided his time between the European and US
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PGA Tours, with most of his success enjoyed in his home continent — boosting his
Official World Ranking, but not the rankings based only on PGA Tour data.

Despite the fact that both are obtained from the same model, the rankings of players
according to 8 (column 3) and the Monte Carlo estimate of y (column 5) are not the same.
This is because the Monte Carlo estimation uses both the player’'s score standard

deviation as well astheir S value.

Fig 18 shows a comparison between the y estimates obtained from the Plackett-Luce

model and by sampling of the two-way anova model — columns 4 and 5 of Table 1.
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Fig. 18. Plot for al players of the results given in columns 3 and 4 of Table 1. The
number of players is reduced from 438 to 282, as the period of study is reduced to two
years, with the requirement of playing in 20 tournaments retained. y is shown on alog
scale for visibility. The values obtained from the Plackett-Luce model are shown in
red/green, while the values from Monte Carlo sampling of the two-way anova model are
shown in blue/yellow. The players have been sorted in to increasing Plackett-Luce y

order.

The same effect as observed for the toy data (fig 9 in section 3.3) is seen for the real
world datain fig 18: The Plackett-Luce y’s are more ‘ bunched together’, whilst thereisa
greater spread of the two-way anovay’s. It is possible that this effect could be an artefact
of the way the two-way anova model estimate was obtained by Monte Carlo sampling.
However the results in the above figure are based on 10° generated sample tournaments,
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so the values obtained should be accurate estimates. A player who receives a y value of

10°®, i.e. aonein amillion chance of winning, has won 100 of these sample tournaments.
5.5 Dynamic two-way anova model analysis of real world data

Here a case study of two playersis presented. The dynamic S values obtained from the
Kaman filter for the players Tiger Woods and David Duval are plotted in Fig 19. These
are two players about whom plenty of analysis and opinion has been written by sports
journalists, allowing the results obtained to be compared and contrasted with ‘expert’
opinion.
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Fig 19. Plot of dynamic f obtained from Kaman filter for two players. Shown here in
red is the S value evolving over time for Tiger Woods. The red dots are the actual scores
for each of the tournaments, while the asterisks are the a-adjusted scores. In blue, is the

equivalent for David Duval.
An article’” by Ed Smerman in The Australian details the perceived fall from grace of

David Duval stating that “His decline is stunning”. It goes on to detail his collapse in
form: “Hisfall started in 2002, when he dropped to 80th on the money list with earnings
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of $838,045. Thisyear he has made the cut in only four of 17 tournaments, with earnings
of $84,708. Hisworld ranking is 119.”

Looking at Fig 19, his g value (in blue) seems to mirror this analysis, a sharp increase
beginning at around the start of 2002 and continuing to the present day. It wasn't always
doom and gloom for Duval however, as Smerman notes “Duval won 11 tournaments
from 1997 to 1999.” Indeed Duval’s success was so pronounced that he was considered
by many to be the main contender to Tiger Woods' crown: “It wasn't that long ago that
Duval was hovering in Tiger Woods' stratosphere. In fact, he was the last player to be
ranked No.1 in the world before Woods claimed the top spot in 1999.”

Again this assertion is echoed in the analysis of Fig 19. Duval’ s best £ rating came early
in 1999, when for a brief period it was indeed superior to that of Tiger Woods (shown in
red).

Looking now at the development of Tiger Woods' career®, early in the period of study
— during 1996 — Woods was only 20 years old and making his first steps in the world of
the PGA Tour. Indeed he only left college and turned professional in August of that year,
his first professional tournament being tournament number 34, The Greater Milwaukee
Open, in which he finished tied 60" with a score of 277 (which was a-adjusted here to
288.63). This bedding in period is reflected in his high g rating at the start of the study.
As the plot shows, Woods quickly found his feet and went on to establish himself as one
of the top golfersin the world, achieving hisfirst number one place in the Official World
Rankingsin June 1997.

Undoubtedly the pinnacle thus far of his career wasin the period June 2000 — April 2001,
when he became the first player in history to complete golf’s grand slam by holding all
four ‘major’ championships at one time. His lowest $ value came at around this period.
His win at the US Open on the 18" of June 2000 was by an unprecedented 15 strokes,
which remains the largest margin of victory ever recorded at a maor tournament.
Wood's final score was 272, which is a adjusted here to a score of 254.9, which is the
lowest o adjusted score by any player in the period of study. The next best score was
also by Woods: his a adjusted 259.4 (actua score = 270) at The US Masters tournament
in Apr 1997. He won it by 12 strokes, a record for the tournament. The best o adjusted
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score by a player other than Woods was Mark Calcavecchia s 259.8 to win the Phoenix
Open on the 28" Jan 2001 by 8 strokes. His actual score of 256 broke the PGA Tour
record for the lowest 72-hole score that had stood for 46 years.

There has been some debate in the golfing press over a perceived fall in Woods' form of
late. Mark Reason, writing in the Daily Telegraph® says “Woods's gradual decline in
form started in 2001”. He attributes the blame to physiological allments, something
Woods himself admits suffering from, saying “my swing is unique. | put a lot of forces
through the knee area - and the hip area and the back area... That's what made it sore
in the first place”. Recent articles written about Woods invariably contain the word
‘dump’, and despite the protestations of Woods ("It's been more of an annoyance than
anything because | have to keep answering it") as Reason puts it: “by normal people's
standards, heis not in a slump. But Woods is not normal and neither are his standards.”

The dynamic £ analysis of Fig 19 would seem to show that Woods did indeed suffer a
decline in form starting around 2001. However, his performances in mid to late 2002
and in 2003 would seem to indicate a recovery and that he is performing at a good level,

although not quite reaching the heights of around 3 years ago.



5.6 Evaluation of models by application to gambling scenario

While sections 5.4 and 5.5 have included qualitative evaluation of model performance,
in the absence of knowledge of the ‘true’ values of parameters, as were available for the
toy data, there is no obvious method for quantitative evaluation of the models on real
world data. As an attempt to do this, and also to gain a measure of the predictive power
of the models, a study of their performance in the context of gambling was carried out,
the results of which are presented here.

There are many ways offered by bookmakers to gamble on golf such as outright betting
- betting on the eventual winner of a tournament before it starts - match betting - given
two or more players, pick who will finish better placed and in-running betting - where
the odds are updated in real time as the tournament progresses — to name afew.

Due to time constraints and for the sake of simplicity, for the purposes of this study only
outright betting is considered. Odds were collected™ for 12 tournaments; from the HP
Classic on the 4" May 2003 till the BC Open on the 20" July 2003. The odds are
traditional fractional odds, whereby for exampleif a bet of 1 unit on a player who's odds
are 20/1 is placed and that player wins, it will result in a return of 20 units, plus the 1
unit stake, giving a net profit of 20 units on the transaction. The odds also provide for
‘each-way’ bets whereby half of the stake goes on the player winning outright as usual,
but the other half is bet on the player finishing in a given number of the top places (in
golf thisis generally 5 places — which is the case for all the odds collected in this study)
at reduced odds (1/4 of the winning odds here). Thus for an each way bet of 2 unitson a
player at 20/1, if the player finishes in the top five, but does not win, the returns will be
the winning part of the stake, 1, + 1* 20/ 4 =6, i.e. atotal profit of 4 units. If the player
wins outright thereturnis(1+1*20)+(1+1* 20/ 4) = 27, i.e. aprofit of 25 units.
In cases where there is a tie for 5" place dead heat rules apply, whereby the stake is
proportionally reduced for every player in thetie.

As this study is performed on arelatively small sample size of only 12 tournaments, by
simply using outright betting on winners, there would only be 12 possible bets that could

win in the whole study. By using each-way betting, the number of potentialy winning
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bets is increased to at least 60 (for the top five places), and more in the case of ties for
5 place. Thus al bets placed in this study are made on an each way basis.

For this study a system is required by which to convert the probabilistic predictions of
the models in to actual bets to place on players, for this the Kelly Criterion® was
considered. A system originally designed for information rates, it operates by taking in
to consideration the probability of the player/team winning and also the overlay
(advantage) that you have over the bookmaker based on the available odds. The overlay
for aplayer, i, is calculated as:

overlay for player i = ( P(player i wins) * bookmaker’s odds for playeri) —1. (12)
The Kélly Criterion states that bets should only be placed where the overlay is positive
and the stakes should be weighted proportionally as:

bet amount = overlay / (bookmaker’s odds —1). (13)

In this study, 3 models are tested on their performance: the static Plackett-Luce and
two-way anova models and the dynamic two-way anova model. Also, as a further basis
for comparison, the predictions of a human expert® over the period are tested. Use of the
Official World Rankings would also have been of interest here, however there is no
principled way to convert these in to anything meaningful about how to bet: they were
not designed with the ability of producing probabilistic predictionsin mind.

Under the Kelly Criterion, all three of the models returned negative overlays for
virtually every player in every tournament of the study. Thus the odds offered are almost
always too small and Kelly Criterion is not a feasible system under which to bet. The
proliferance of negative overlays would indicate that the odds offered by bookmakers
for golf tournaments are of particularly poor value.

A measure of the ‘value’ offered in bookmakers odds can be obtained by calculating the
sum of the corresponding probabilities. Given fractional odds for a player, the
probability of that player winning, according to the odds, is given by 1/ (odds + 1). For
example if a player is offered at odds of 40/1 then the corresponding probability is 1 /
(40 + 1) = 0.0224. Given odds of winning for all the players competing in a tournament,
the sum of the corresponding probabilities, all things being equal, should be 1. If the
sum is greater than 1, then this shows that the odds offered are too small to be
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considered completely ‘fair’. The value of this sum of probabilitiesis often referred to as
the ‘bookie’s cut’ as this is in fact how bookmakers make their money, by setting the
odds in their favour. The extent to which the sum of the probabilities is greater than 1
indicates how much of a cut the bookmaker is taking from the money bet on a
tournament. An ideal situation for a bookmaker is for al the money bet on a tournament
to be evenly distributed proportional to the odds offered, such that the total to be paid
out in winnings is the same no matter which player wins. In this case the proportion of
the total money bet on the tournament retained by the bookmaker is given by (<bookie's
cut> - 1) / <bookie's cut>. So for example a booki€'s cut value of 2 means that the
bookmaker retains half of the total stake money.

For the odds obtained for the twelve tournaments in this study, which are the
combination of the best odds from three different bookmakers, the bookie's cut is on
average 1.4609, with a high of 1.5450 and a low of 1.2871. This means that the
bookmaker retains on average 31.6% of the total money bet on a tournament. Thus any
potential for making a profit by betting on golf is somewhat limited.

For the purposes of this evaluation, a system is required by which a reasonable number
of bets are actually placed, which was not the case for the Kelly Criterion. Provided all
models use the same system, the results obtained will still give an indication of which
model performs better — even if this is defined in terms of the least money lost, as
opposed to the most money gained.

In the system used, each model is assigned 100 units of virtual money to bet on each
tournament. The amount to bet on each player (the stake) is calculated as proportional to
the probability of that player winning according to the model under investigation. The
number of players that can be backed in each tournament is limited to five so as to avoid
spreading the stake money too thinly throughout the field. The study was carried out
with a shifting time line of the data available to the models. in caculating the
probabilities the models can only use data up to and including the previous week’s
tournament. The human expert predictions are in the form of three players to back each
tournament, so the 100 unit stake money was divided equally among the three players.

The results are shown in fig 20.
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Fig 20. The results from application of the models to a gambling scenario.

The colour coded symbols towards the top of fig 20 are the returns from the 100 unit

stake invested in each tournament, while the lines show a running total of profit/loss for

each of the models and the human expert. The dashed line shows the expected effect of
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The obvious observation to make from fig 20 is that al of the methods, including the
human expert, lose money over the period — from 15.9% of the total investment for the
dynamic two-way anova model to 44.9% in the case of the Plackett-Luce model. As
mentioned earlier, the way in which odds are set means that any betting strategy will
almost certainly lose money in the long run: assuming that the bookmakers are doing
their jobs properly, any monetary gains are usualy due to short term fortuitous runs. As
discussed previoudly the *bookies cut’ gives a measure of this disparity. The dashed line
on the plot in fig 20 shows the performance of a system, which in the absence of any
booki€e' s cut, would perform at a break-even level.

In terms of relative performance of the models, the dynamic model (black) clearly
outperforms the two static models and ends up with the most money at the end. Thereis
very little to separate the two static models, although the static two-way anova model
(red) does finish on a dlightly higher amount than the Plackett-Luce model (blue). The
study was performed on quite a small sample size of only twelve tournaments, so any
assertions made from it are of little statistical significance, however it can be concluded,
on the basis of this evidence, that whilst the dynamic two-way anova model |oses money,
this can possibly be attributed to the bookmaker’'s profit margins rather than poor
predictions by the model. It is aso shown to be competitive with a human expert in its

predictions.
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6

6.0 Discussion and Conclusions

In this section the results and findings from this project are discussed. Section 6.1
considers the main difference between the Plackett-Luce and two-way anova models: the
use of rankings or scores. In section 6.2 the potential for use of the models in other
sports is briefly discussed, while 6.3 looks at the issues involved in obtaining ‘fair’
ranking systems and how the models could be applied to this in golf. In section 6.4
improvements to the work in this project are suggested and possible future work outlined.
The conclusion in section 6.5 gives a brief retrospective overview of the project as a

whole.
6.1 Scoresvs Rankings

The key difference between the Plackett-Luce model and the two-way anova model
proposed in this project is that the latter uses scores, whilst the former uses rankings. It
Is clear that a set of scores for a tournament contains more information than a ranking:
the ranking can be obtained from the scores, but the reverse — obtaining the scores from
the ranking — is not possible. Thus, it would seem that a model based on scores should
produce a more accurate reflection of the true underlying model. However, it may be
that the additional information contained in the scoresis not relevant, or even misleading.
Thisis probably an application-specific consideration.

Multi-competitor sports could perhaps be further sub-divided in to categories where
either ranking or score is of greater importance. Consider motor racing such as Formula
One or Nascar - multi-competitor sports in which all the drivers are on the track at the
same time, and directly influencing each other's performance. Motor racing is

dominated by tactics associated with over-taking. A driver will attempt to physicaly
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block the driver behind from overtaking. Thus in formula one, the level of performance
is not so directly related to the actual time a driver finishes in, but more to the ranking
they finish in.

In golf, the actions of one player can not physically affect the performance of any other
player in a comparable way. Although there is the possibility of an interactive effect
between players for psychologica reasons — a player may focus themselves to play
better if they see they are only a few shots behind the leader, or a leader may panic and
play worse if they look at a scoreboard and see a player rapidly catching them up.
However, psychological effects aside, there is a clear distinction between muilti-
competitor sports where physical interaction, although not necessarily physical contact,
between competitors is possible such as motor and horse racing, and where it is not
possible such as golf and timetrial skiing.

The relative importance of scores and rankings may well be strongly related to the
degree of interaction between players. This project was carried out specificaly with
application to golf data in mind, which resulted in the focus being shifted more towards
the score-based two-way anova model as opposed to the rank-based Plackett-Luce
model. While the two-way anova model was shown to outperform the Plackett-Luce
model on the toy data, it must be remembered that the toy data was generated using the
two-way anova model — so the comparison could be expected to be somewhat biased. In
terms of performance on the real world data, the difficulties in evaluating the models
make it hard to firmly conclude in favour of a model one way or the other. The static
two-way anova model does dlightly outperform the Plackett-Luce model in the gambling
study, and the dynamic two-way anova model more so, however the redity is that
neither are the true underlying model of PGA Tour golf, which in terms of the relative
importance between scores and rankings probably lies somewhere between the two.

6.2 Application to other sports

While the two-way anova model developed here is quite specific to golf, there is

certainly potentia for it to be applied to other sports. The key idea of establishing an
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‘event effect’ which can be estimated and then used to adjust scores — alowing results
from different days and places to be directly compared — is applicable to many other
multi-competitor sports. Also the time dependent model based on random Gaussian
walks and the Kalman filter approach to fitting such a model is more or less directly
applicable to obtaining a dynamic model in other sports.

The two-way anova model is not necessarily the best model to use in any situation. As
mentioned previously, there are other sports which intuitively would seem better suited
to arankings based analysis as afforded by the Plackett-L uce model.

6.3 Ranking systems

There is often debate in sports about what constitutes a fair long term ranking system —
often thisis important because it is the ranking which decides who wins trophies or how
the money is distributed. In golf this isn’t so much the case — money and trophies are
awarded for each tournament individually — but there are other requirements for a fair
ranking system. Aside from prestige reasons, there is the question of Ryder Cup
qualification. The Ryder Cup is held every two years and pitches twelve golfers from the
United States against twelve from Europe in direct team competition. The golfers
involved are ostensibly the best players over the previous season, who have ‘earned’ the
right to play. Being selected in a Ryder Cup team is a high accolade and very important
for golfers for patriotic and, perhaps more cynically, exposure and sponsorship reasons.
Currently the sides are selected using the US PGA Tour and European Tour money lists.
This method of selection can lead to ‘unfair’ inclusions and exclusions from the teams.
Players who play in lots of tournaments getting average results will often end up with
more money despite not being as good players as those who are more selective about
which tournaments they compete in. Also many of the top European golfers play on the
higher profile US Tour; however the European team is selected only on the basis of the
player’s ranking on the European Tour money list. Often the top Europeans who play in
America go back to Europe to play in a few high profile big money tournaments from

which alone they hope to earn enough money to qualify.
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Clearly, the ethos of the Ryder Cup tournament is to have the best twelve players
available playing on each side, which under the current system is far from guaranteed. A
ranking system based on a Plackett-Luce or static two-way anova would circumvent the
problems associated with a prize money accumulation system and thus provide a fairer
system for player ranking and Ryder Cup team selection. Using the existing Official
World Rankings would also be an improvement on the current system, athough these
are produced in a somewhat ad hoc fashion, compared to the more principled approach
of the Plackett-Luce and two-way anova models.

Having said this, there is a'so a desire for sports ranking systems to be transparent and
largely understandable by the lay person. It is also perhaps useful to be able to state
before a tournament that if a player finishes say above 10" place that they will move up
in to the top 20 players in the world. Or more importantly, if a player needs to know
exactly what place they must finish in order to qualify for the Ryder Cup team. In
systems such as the Plackett-Luce and static two-way anova the performance of all
players, even those seemingly unrelated to the situation, is taken in to consideration.
This can mean that making such statements prior to a tournament becomes very difficult

or impossible.
6.4 Futurework and scope for improvements

Much of the conventional wisdom about golf holds that some players are better suited to
certain types of courses: a very long course would be more likely to produce a winner
who is a ‘big hitting’ powerful player, while a short course with tight fairways and
awkwardly placed greens would be better matched to a player, who's game is based
more on accuracy than length. Human expert predictions are often based on such factors:
whether or not a player has won or played well on the course, or similar courses,
previoudy can form alarge part of the anaysis.

The models in this project do not make any allowance for factors of this type. The fact
that the dynamic two-way anovamodel is shown to be at |east competitive with a human

expert in the gambling study shows that there is merit in a model based purely on
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quantitative results such as player scores. Thisin itself is an interesting point — it could
be that the conventional wisdom is unfounded and that the type of course is not of such
importance. However, if there is truth in it, the models could feasibly be improved by
building in such considerations. In the case of the two-way anova model, the course
effect term, «, is assumed to be constant for all players for a given tournament. If this
assumption was relaxed by alowing it to be different for different players, this could
allow for effects due to different types of course.

The problem with effects such as these is that they are very difficult to quantify. A
possible means for this purpose could be a statistical analysis of tournament records in
far more detail than just the final scores of players. There is a huge amount of statistical
information recorded in each tournament, such as the number of times the player found
the fairway from the tee, the number of greens they reached within two or more shots of
par for the hole (greens in regulation), the number of putts for the round, the average
length of drive and so on. This information could be used to establish a profile of each
golfer: possibly a cluster analysis could classify them in to groups such as ‘long hitting
and not very accurate’, ‘short hitting and accurate’ and ‘good at putting’. These profiles
could then be used to produce a profile of each course, whereby it could be possible to
show that players who are good drivers or good putters for example perform better than
would otherwise be expected on that course. If these effects could be quantified, then
something akin to a ‘player-course’ compatibility co-efficient could be calculated and
incorporated in to predictions.

Another way to improve the predictions of the models would be to expand the data to
include other tours as well as the PGA Tour. In this project this was not possible due to
time constraints. Some players, who are amongst the best in the world, choose to play a
lot of golf on other tours such as the European tour, as they wish to remain based in
Europe for personal reasons. These players often only play in a limited number of the
larger tournaments on the US PGA Tour and can be considered as realistic contenders to
win these. In terms of the models in this project, only using US PGA Tour data means

the information on these players is limited, which leads to greater error and uncertainty
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in their ratings. In the 12 tournament period of the gambling study, there were 7
occasions when a player not included in the data, through having not played in 20
tournaments, finished in the top 5. On every occasion it was not that this player had just
appeared from nowhere, they had been playing on other tours — in most cases the
European PGA Tour.

Inclusion of other tours, such as is done in the Official World Rankings would mean
more information is made available on players. In order for the models to work properly
using data from different tours there would need to be a reasonable amount of mixing of
players between the tours, as all ratings are made relative to other players. The greater
the degree of mixing, the more accurate the relative weightings of players who only play
on one tour would be.

In the two-way anova model the Score standard deviation has an important effect on
predictions. This can be seen in the rankings comparison (table 1). Retief Goosen is
ranked 6" in terms of B, but when Monte Carlo sampling is performed, using the
estimated score standard deviation, to obtain y estimates, his ranking increases to 2" In
the model, the distribution of players scores is assumed to be Gaussian. This allows for
easier anaysis, but it could be possible that these distributions are not truly Gaussian.
The use of a kernel estimator could possibly produce better representations of the
distributions.

The two step algorithm used for the estimation of o in the two-way anova modedl is
shown empirically to produce good estimates on the toy data. A possible improvement

would be a more principled approach to this problem which is essentialy the

optimisation of the objective function Z(yij -B -« )22“. subject to the constraint

i

Zai = 0 where the elements of z can take the value 1 or O to indicate participation or
j

non-participation in a tournament.
It would be interesting to test the models on real world data from other multi-competitor
sports. Particularly to see if the suggested relationship between the degree of competitor

interaction in the sport and relative importance of scores and rankings is observed. For
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these purposes the development of a dynamic extension of the Plackett-Luce model and

accompanying procedure for fitting data to this model would be credit-worthy work.

6.5 Conclusion

The central objective of the project was to obtain a model for multi-competitor sports,
which given data in the form of previous performance of players can make probabilistic
predictions on the outcome of future tournaments. This has certainly been achieved.
Both the existing Plackett-Luce model and the developed static two-way anova model
can be used for this purpose. A further proviso would be that the predictions of the
models are of merit. The performance in the gambling study of the dynamic extension of
the two-way anova model, which is more tuned towards predictive power, would seem
to indicate that the predictions are of reasonable quality, while there is still potential for
improvement of the model.

More generally the aim to apply the modelsto the real world data was achieved and was
successful in terms of producing findings which intuitively seem correct. This indicates
that there is potential for using statistical modelling and machine learning in sport for the
confirmation, and quantisation of existing ‘anecdotal’ theories, and possibly for the
discovery of previously unseen relationships and trends. The ability afforded by the two-
way anova model to directly compare the performance of a competitor or competitorsin
different events, held on different dates and in different locations in a principled manner

iscertainly of great practical benefit.
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