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Abstract
Simulation games of cricket matches, using some random element, have been popular for many years dating back at least to the “Owzat” or “Howzat” dice-based game
available at least since the 1970s, and more recently including many highly successful computer/video games. However, such games have tended to focus on entertainment value
rather than serious application. Nevertheless, such probabilistic simulations could have
real practical use. Data-driven probabilistic simulation models can be used to test the
validity of various metrics of player performance by comparing the results of the simulations using these metrics with the statistics of real matches involving the same players.
Furthermore, such simulations, if judged to be sufficiently realistic and reliable, could be
used to estimate probabilities of outcomes of events within matches and of the possible
results of actual matches. This could have applications to gambling, and to investigations
of corrupt activities, such as match fixing and spot fixing. In this paper, we use data on
real players and performance measures based on both batting averages and strike rates (for
batsmen) or on both economy rates and strike rates (for bowlers) to develop probabilistic
models of the evolution of an innings in Twenty-Twenty (T20) cricket. We perform computer simulations, using balanced teams of players for whom a reasonable amount of data
is available, and investigate the effect of modifying the player performance metrics, and
hence the probabilistic models, on the individual and team scores. We evaluate our models
by comparing the distributions of scores from simulated innings with those of real innings
involving the same players or teams. We also discuss potential applications of our models,
including a suggestion for a method to highlight possible anomalous performances.

1

Introduction

Cricket is one of the world’s most popular sports, particularly from the following it attracts both
“live” at the matches and through TV and internet coverage. Twenty20 (T20) cricket – a fast
short limited over format of the game, where each team is allowed to bat for a maximum of 20
overs – has become the latest popular form of cricket, attracting extensive and lucrative sponsorship in many countries. Predicting the outcomes of cricket matches is of interest to a wide
variety of parties – the players, their coaches and managers, fans, sponsors and the gambling
community, both gamblers and bookmakers/betting exchanges. However, extensive gambling
on cricket has led to allegations of corrupt activity in relation to betting, and in some cases
these have led to criminal convictions – for example, the case of the England v Pakistan Lords
Test match of 2010, which resulted in three members of the Pakistani team being imprisoned,
including their captain Salman Butt. Thus, producing statistical and/or computational models
which would enable reliable predictions of match results or scores, and probabilities relating to
these, could be of interest to the cricketing, gambling and legal authorities.
1
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In this paper, we build on a recent pilot study [5] where we developed and applied a data
driven probabilistic model of the progress of a T20 cricket innings, based on real data for
actual international players. We discuss the inadequacy of “traditional” player performance
indicators – batting and bowling averages, and batting run rates or bowling economy rates –
for T20 cricket and propose some new measures of a player’s quality in these contexts. We then
develop a probabilistic model for a given batsman scoring runs off a specified bowler using these
indicators and a modified form of a Poisson distribution. We then apply this model to simulate
a set of England Sri Lanka “virtual” T20 international matches, and compare the distribution
of simulated innings scores with those from real matches involving those teams. In the light of
the results we obtained, we discuss the limitations of our model and the performance indicators
we used and suggest ways in which they could be improved.

2

Performance Indicators for Individual Cricketers for
Limited Overs Matches

The “traditional” method of comparing the performances of several batsmen (and bowlers)
over several matches is via their batting (or, respectively, bowling) “averages”. A batsman’s
“average” is calculated by dividing the total number of runs he has scored by the number of
times he has been out. Similarly, a bowler’s average is given by the number of runs he has
conceded divided by the number of wickets he has taken. These – particularly the batting
average, which gives too great a reward for innings where the batsman was not out – have
received much criticism from cricket-loving professional statisticians [1, 6, 8]. A notable example
of this is the case of W.A. Johnson, a specialist bowler in the Australian squad which toured
England in 1953, who attained the very rarely-achieved feat of averaging over 100 as a batsman
in an English first-class season, despite never exceeding 28 in any one innings – he totaled
102 runs over 17 innings, but had only been dismissed once! Damodaran [2] investigated the
rate at which various batsmen from the Indian national team scored during the course of their
innings, adopting an approach using “hazard functions” and conditional means. However, this
was primarily to investigate and compare the different batsmen’s confidence and potential at
different points in their innings. The use of both batting and bowling averages is even less
appropriate for limited overs cricket, where the aim for a batsman should be to score runs
quickly rather than just accumulate runs without getting out. Similarly, the principal aim for
a bowler in such matches should be to concede as few runs as possible, rather than necessarily
taking a lot of wickets. However, for batsmen, run rate (runs scored divided by balls faced)
alone is not necessarily sufficient either. Some tail-end “sloggers” may achieve a good run rate,
but rarely stay in long enough to build a really valuable innings. Such a late-order batsman
should surely not be rated higher than, say, a patient opening batsman who accumulates many
runs at a steady, but lower, rate.
For test bowlers, a “Barnes score” has been recently proposed [3], comparing each bowler to
the legendary S.F. Barnes, who managed to take 189 wickets in just 27 test matches between
1901 and 1914. This “Barnes score” is calculated by wickets taken divided by the product of
bowling average (runs conceded per wicket taken) and strike rate (average balls bowled per
wicket taken). This metric favours bowlers who take a lot of wickets, which is perhaps the
primary concern in test or first class cricket, but less so in limited overs cricket. In a previous
paper [5], we suggested that the rate at which runs are conceded (i.e. runs conceded divided
by balls bowled) – namely the “economy rate” per ball – was an appropriate measure of a
bowlers performance in limited overs cricket (with lower values indicating better bowlers), and
2
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that any appropriate performance indicator for batsmen in this form of the game should take
into account both the batsman’s average number of runs per innings and the rate (in runs per
ball faced) at which those runs were scored. In order to do this in a realistic way, in [5] we
calculated a batsman’s “performance indicator” (PI) as a product of his batting average, as a
fraction relative to the best batting average found anywhere in our database of player statistics,
and his average run rate, both for the same type of cricket match (in this case, T20) of current
interest.
The “Barnes score”, the batting PI of our previous paper, and the more conventional performance measures of batting and bowling averages, batting run rate and bowling economy and
strike rate, all prove to be special cases of a more general performance measure:
Performance = (Runs scored or conceded)α (Balls faced or bowled)β (Wickets taken or lost)γ
(1)
where α, β, γ are some constants for each model. The traditional batting and bowling averages
both have α = 1, β = 0 and γ = −1, whilst the batting run rate and bowling economy rate
have α = 1, β = −1 and γ = 0. The batting PI of our previous paper has α = 2, β = −1 and
γ = −1, whereas the “Barnes score” for bowlers has α = −1, β = −1 and γ = 3. We believe
that this more general model of performance is worthy of further investigation in the future.
We now propose some further batting and bowling performance indicators. Consider: R =
Runs scored (or conceded when bowling), B = Balls faced (or delivered when bowling), O =
Number of times getting out (for batsmen) and W = number of wickets taken (for bowlers). Our
suggested batting performance indicators T1 , T2 and T3 can be defined as: T1 = R2 /(B × O),
T2 = R2 /[(B +1)×(O +1)] and T3 = R2 /[O ×B +1] respectively. We normalize these indicators
by dividing each value by the maximum of the considered data and multiplying by 100 (yielding
T10 , T20 and T30 respectively). Therefore, the higher the indicator, the better the batsman is. In
the cases of T10 , T20 and T30 , 100 is the highest possible value. T1 was the batting PI used in [5].
Similarly, bowling performance indicators B1 (the Barnes score), B2 and B3 can be defined as :
B1 = W 3 /(B × R), B2 = R2 /[(W + 1) × (B + 1)] and B3 = R2 /[W × B + 1] respectively. For T2 ,
T3 , B2 and B3 , 1 is added to both the number of wickets taken (or lost) and the number of balls
bowled (or faced) to avoid any difficulties due to division by zero, but these additions should
make very little difference to regular bowlers. We normalize these indicators by dividing each
value by the minimum of the considered data (yielding B10 , B20 and B30 respectively). Therefore,
the lower the score, the better the bowler is, with the exception of the Barnes score B1 and its
normalized form B10 , for which high scores are better than low ones.
A selection of these batting and bowling performance indicators are then used in the development of probabilistic models, with parameters calculated using real player and match data,
as described in section 3 below, and the results used in probabilistic simulations of innings of
England v Sri Lanka T20 matches.

3

Data-Driven Probabilistic Model

“Markov-like” models have displayed considerable success for modelling two-person games, such
as Tennis singles matches [7, 10, 11, 12]. However, such games are very controlled situations,
whereas a ball-by-ball analysis of a cricket match, with many different combinations of bowlers,
batsmen and fielders, presents a far bigger challenge.
Nevertheless, taking inspiration from the two player tennis model of Spanias & Knottenbelt [11], based on average statistics for each player over all the matches they have played
(over a particular time window) on the professional circuit, we have developed a probabilistic,
3
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data-driven model for ball-by-ball developments during limited overs cricket matches. For the
purposes of this paper, we have decided to focus on T20 matches, although the model should
be adaptable to any form of limited overs cricket, if the probabilities of the possible events are
calculated from data appropriate to that genre of the game.
Pairs of teams of 11 players, for each of whom extensive summary statistics were available of
their T20 performances (Number of matches played, innings batted, number of times out, runs
scored, balls faced, batting average, batting run rate (runs per ball faced), number of fours and
sixes scored, number of balls bowled, runs conceded, wickets taken, average runs conceded per
ball), were selected. Batting and bowling “performance indicators” were calculated for each
player, as described in section 2 above.
For each possible bowler-batsman combination from these two teams (where the bowler
and batsman must come from opposing teams), a “modifier” was calculated by summing the
deviations of the batsman’s and bowler’s performance indicators from their respective average
values across the two teams of current interest. This modifier is then added to the mean of
that batsman’s average runs scored per ball and the bowler’s average runs conceded per ball.
This resulted in what we anticipate being a typical run rate for that particular bowler-batsman
combination. This was then further adjusted, using the mean rates (per ball faced) which the
batsman scored fours and sixes and the net average runs per ball (excluding fours and sixes)
used as the “mean rate”, µ, for a Poisson distribution:
P (X = x) =

e−µ µx
x!

(2)

where X is the number of runs scored off a given ball. The probabilities for X = 4 and X = 6
were then corrected based on the batsman’s actual rates of scoring such boundaries, and the
complete set of probabilities normalized to sum to 1. The probability of a batsman being
dismissed on any given ball was calculated from the number of times the batsman has been out
relative to the total number of balls he had faced in the T20 matches in our dataset.
Examples of the expected distributions of runs scored off a single ball for various bowlerbatsmen combinations from our dataset can be found in [5], where the descriptions “weak”,
“good” and “strong” are used in terms of the appropriate players’ batting and bowling performance indicators, based on the dataset we used, rather than being any comment on the players’
talents. From these, it can be noted that, for all batsmen considered, the probability of n runs
being scored off a single ball peaks at a relatively low value of n, this value which gives the
maximum probability being higher for a “good” batsman than for a “weak” one facing the
same bowler. Also, the probability of scoring a four is generally higher than that for scoring a
three, and much higher than scoring a five (a very unusual event). Similarly, the probability of
scoring a six is normally lower than that for a four (for the same bowler-batsman combination),
but considerably higher than that of scoring a five. These observations, based on our “modified
Poisson distributions”, are consistent with everyday experience about the distributions of runs
scored off a single ball in cricket.

4

Data Used and Design of Experiments

Based on our probabilistic model described in Section 3, we developed a computer program
in Visual Basic to simulate limited overs cricket matches. The probabilities for a specified
number of runs being scored, or the batsman being dismissed, off any given ball, when a
specified batsman is facing a specified bowler, were given by our probabilistic model with parameters determined by the players data for the type of cricket matches of interest (in the
4
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context of this paper, T20 matches) obtained from http://www.espncricinfo.com/. Teams
of 11 international players, each of whom had played at least 30 completed T20 matches,
were selected, including batsmen, bowlers and a wicket-keeper, and the appropriate probabilities for each batsman-bowler (where these were from different teams) combination computed.
Pseudo-random numbers generated in the Visual Basic program were compared with cumulative probabilities of events, starting with the batsman being dismissed and followed by 0, 1, 2,
3, 4, 5, 6 or 7 runs being scored from each ball. (As would be expected, the probabilities of 5 or
7 runs being scored off a ball were extremely low.) For our computer simulation models, data
from professional T20 matches involving 22 international players, each of whom had represented
England or Sri Lanka (11 from each country) between February 2005 and the end of April 2014,
were taken from the ESPN Cricinfo website http://www.espncricinfo.com/. The records of
all these players contained batting data and many of them also had bowling data.

4.1

Traditional Statistics

A sample of the batsmen’s records, using traditional batting summary statistics is given in Table
1 (a and b), and of the bowlers’ records in table 2. The statistics are taken from all professional
T20 matches involving those players over the specified time window, since relatively few T20
internationals have been played, so little data is available on these, and calculating model
parameters based on very limited datasets tends to give unreliable results.
Country
Player
Matches Innings Not Outs Runs Average
England
M. Lumb
169
168
11
3865
24.61
England
A. Hales
102
101
7
2809
29.88
England
M.M. Ali
80
77
3
1596
21.56
Sri Lanka K.J. Perera
55
53
4
1029
21.00
Sri Lanka T.M. Dilshan
161
157
20
3637
26.54
Sri Lanka M.D.S. Jayawardene
170
165
24
4051
28.73
Table 1a. Example player records for overall batting performance: traditional statistics.
Average is the average runs scored per dismissal (i.e. Innings − Not Outs)
Player

Balls Faced Times out
(BF)
per BF
M. Lumb
2746
0.05717
A. Hales
2009
0.04679
M. M. Ali
1284
0.05763
K.J. Perera
840
0.05833
T.M. Dilshan
3056
0.04483
M.D.S. Jayawardene
3129
0.04506

Average runs
per ball
1.408
1.398
1.243
1.225
1.190
1.295

4s/BF 6s/BF Performance
Indicator (PI)
0.173 0.051
1.159
0.154 0.046
1.398
0.131 0.034
0.897
0.102 0.054
0.861
0.141 0.025
1.057
0.149 0.030
1.245

Table 1b. Example player records for overall batting performance: statistics explicitly used in
our first model. The “Performance Indicator” (PI) used here was originally proposed in [5].

4.2

New Performance Indicator Statistics

Tables 3 and 4 show possible new performance indicators, as suggested in section 2 above, for
some players from the two teams considered. Recall that, for the batting indicators, higher
5
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Player
Matches Deliveries Wickets Runs Average Econ Runs per ball
James Anderson
44
933
41
1318
32.15
8.47
1.412
R.S.Bopara
179
2283
108
2873
26.60
7.55
1.258
Steve Finn
50
1058
53
1311
24.74
7.43
1.238
N. Kulasekara
74
1561
81
1924
23.75
7.39
1.232
Lasith Malinga
201
4355
265
4802
18.12
6.61
1.102
Thisara Perera
120
1917
104
2603
25.03
8.14
1.357
Table 2. Example player records for overall bowling performance. Econ (economy) is average
runs conceded per over, and Average is average runs conceded per wicket taken.

values indicate “better” batsmen, whereas for bowlers, with the exception of the “Barnes’
scores” B1 and B10 , lower values indicate “better” bowlers.

Batsman
Alexander Hales (Eng)
Mahela Jayawardene (SL)
Joseph Buttler (Eng)
Kumar Sangakkara (SL)
Christopher Woakes (Eng)
Eoin Morgan (Eng)
Tillakaratne Dilshan (SL)
Gary Ballance (Eng)
Thisara Perera (SL)
Angelo Mathews (SL)
Nuwan Kulasekara (SL)
Stuart Broad (Eng)
Lasith Malinga (SL)
James Anderson (Eng)

T1
41.01
37.2
36.43
36.17
34.98
34.49
32.41
32.04
31.26
30.41
14.65
7.24
6.80
5.09

T2
40.63
36.92
35.96
35.88
33.23
34.19
32.17
31.3
30.72
29.97
14.09
6.79
6.62
3.92

T3
41.01
37.2
36.43
36.17
34.98
34.49
32.41
32.04
31.26
30.41
14.64
7.24
6.80
5.04

T10
100.00
90.70
88.84
88.19
85.30
84.10
79.02
78.13
76.23
74.15
35.71
17.66
16.59
12.40

T20
100.00
90.86
88.49
88.31
81.78
84.14
79.18
77.02
75.60
73.76
34.66
16.71
16.29
9.64

T30
100.00
90.70
88.84
88.19
85.29
84.10
79.02
78.13
76.23
74.15
35.71
17.65
16.59
12.29

Table 3. New statistics for batsmen using three different indicators for both England and Sri
Lanka teams.
Bowler
Lasith Malinga (SL)
Stuart Broad (Eng)
Seekkuge Prasanna (SL)
Nuwan Kulasekara (SL)
Steven Thomas Finn (Eng)
Moeen Munir Ali (Eng)
Ravi Bopara (Eng)
Thisara Perera (SL)
Angelo Mathews (SL)
Christopher Woakes (Eng)

Avg
18.1
20.5
24.2
23.8
24.7
26.6
26.6
25.0
29.3
26.0

Econ
6.61
7.09
7.25
7.39
7.43
7.33
7.55
8.14
7.25
8.17

B1
0.89
0.26
0.06
0.18
0.11
0.08
0.19
0.23
0.09
0.16

B2
19.90
23.94
28.21
28.90
30.05
31.89
33.15
33.64
34.89
34.97

B3
19.98
24.22
29.20
29.28
30.65
32.58
33.48
33.99
35.44
35.44

B10
16.06
4.63
1.12
3.19
1.94
1.49
3.47
4.07
1.68
2.80

B20
1.62
1.95
2.30
2.36
2.45
2.60
2.71
2.75
2.85
2.85

B30
1.00
1.21
1.46
1.47
1.53
1.63
1.68
1.70
1.77
1.77

Table 4. New statistics for bowlers using three different indicators for both England and Sri
Lanka teams. Avg and Econ are the bowlers bowling averages and economy rates, as defined
for Table 2.
6
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Match Simulation Experiments
Simulations with Old Performance Indicators

Using same batting and bowling performance indicators described in [5], namely batting indicator T1 and the bowler’s “economy rate” per ball, an initial simulation experiment was run
between England and Sri Lanka. Figure 1 and 2 show the distributions of scores for each country whilst batting first, over 1000 simulated innings. (Note that we focus on first innings since
second innings scores will sometimes be restricted by the team batting second reaching their
target score and winning the match!)

Figures 1 and 2. Distribution of total number of runs scored by England and Sri Lanka, as
team batting first against the other, over 1000 simulated matches
Based on the “raw” innings scores shown in Figures 1 and 2, the mean (with standard
deviations in brackets) innings totals were 138.48 (24.82) for England and 151.06 (28.93) for Sri
Lanka. For England batting, the mean number of wickets lost was 6.76 (2.21), and the team
had been all out within the 20 overs 143 times out of 1000. The corresponding values for Sri
Lanka batting were mean wickets lost 6.29 (2.85) and all out 270 out of 1000 innings. It can
clearly be seen that the distributions of innings totals are considerably non-normal. However, it
should be noted that the majority of the very low innings scores correspond to occasions where
the team was dismissed within the 20 overs : for England, out of 92 team totals under 100 runs,
66 corresponded to innings where the team were all out, whereas for Sri Lanka batting, of 64
totals below 100, in 63 cases the team were bowled out. Removal of cases where the team was
prematurely dismissed would remove part of the left-hand tail from the distribution of innings
totals, yielding mean (and SD scores) of 163.32 (17.36) for Sri Lanka and 138.76 (20.31) for
England.

5.2

Simulations with old batting indicator but new bowling performance indicator

The simulations were re-run, but this time basing our performance indicators on batting indicator T1 (as before) and bowling indicator B2 , so that a bowler’s quality is this time measured
not just by his economy rate but also by the number of wickets he takes – conceding very few
runs per ball is still considered good, but so is taking wickets frequently at low cost. The patterns for the innings totals were broadly similar to those for the simulations using the previous
(original) performance indicators. Using the “raw” innings scores shown in Figure 3 and 4,
the mean (with standard deviations in brackets) innings totals were 173.76 (22.91) for England
7
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and 189.09 (31.42) for Sri Lanka. For England batting, the mean number of wickets lost was
6.78 (2.17), and the team had been all out within the 20 overs 129 times out of 1000. The
corresponding values for Sri Lanka batting were mean wickets lost 6.26 (2.80) and all out 237
times out of 1000 innings.
Again, the distributions of innings totals are considerably non-normal, with the majority of
the very low innings scores corresponding to the team being dismissed within the 20 overs : for
England, there were just 6 team totals under 100 runs, all corresponding to innings where the
team were all out, whereas for Sri Lanka batting, there were 20 innings totals below 100, and
in all cases the team were bowled out. Removal of such cases where the team was prematurely
dismissed again removed a large part of the left-hand tail from the distribution of innings totals,
yielding mean (and SD scores) of 201.42 (17.34) for Sri Lanka and 178.37 (18.56) for England.

Figures 3 and 4. Distribution of total number of runs scored by England and Sri Lanka, as
team batting first against the other, over 1000 simulated matches (using new bowling
performance indicator B2 ).

6

Discussion, Conclusions and Future Work

For actual T20 international matches involving either or both of these countries (between January 2005 and December 2014), the summary statistics are shown in Table 5 below. It would
appear that, for the real innings and for both sets of simulations, on average Sri Lanka tend to
have slightly higher innings totals than England when batting first, , but also have greater level
of variation in their scores. The innings totals and numbers of wickets lost by the team batting
first produced by both sets of simulations appear realistic. Although the totals produced using
the second (new) set of player performance indicators are slightly higher than those from the
first set, the differences are not that large. Further investigation, using more simulated games,
on the distributions of scores, run rates and wickets lost could be useful. It would also be
beneficial to widen this investigation, both performing more simulations with these same performance measures, and examining the distributions more carefully, and also with the others
we have proposed above. We should also consider player performance indicators suggested by
other authors, such as the “Richards Score” [4] which takes into account the fraction of the
team total scored by the individual batsman and his rate of scoring relative to that of his team
(thus, batsmen who are making large contributions to modest totals, and scoring faster than
their team-mates, get rewarded), or the “Bowling Quality Index” proposed by Narayanan [9].
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Team
batting
first

Number Min.
Mean Max.
Std
of
innings innings innings dev
matches score
score
score

Attanayake and Hunter

Min.
Mean
Max.
Std
wickets wickets wickets dev
lost
lost
lost

England (v
30
111
161.23
214 28.36
5
6.97
10
1.59
all teams)
Sri Lanka
37
101
163.68
260 32.04
3
6.30
10
2.15
(v
all
teams)
England (v
6
132
157.17
190 22.40
5
6.17
9
2.56
Sri Lanka
only)
Sri Lanka
6
128
161.50
189 24.49
4
6.60
10
2.39
(v England
only)
Table 5: Summary statistics of actual innings totals and wickets lost by England and Sri
Lanka when batting first in actual T20 innings (abandoned games excluded).

A limitation of this model is that, subject to the quality of the batsmen currently “in”
and the bowlers they are facing, the “pace” of the game – in terms of scoring rate and the
rate at which wickets fall – would be expected to be uniform. Given a specific batsman facing
a particular bowler, the scoring rate and probability of the batsman getting out would be
independent of the stage of the game. This is not realistic – if a top order batsman is still
“in” in the later overs, he would be expected to score more freely but take more risks (and
hence have a higher probability of getting out) than when facing the same bowler much earlier
in the innings – particularly if several wickets had fallen early on. Furthermore, we have not
yet considered the effect of such factors, or of changing the performance indicators used, on
what is probably the most important outcome – the overall result of the match for the team:
did they win, lose or tie? Finally, if the models developed and tested are considered to be
sufficiently reliable, simulations using them could be used to estimate probabilities of particular
match outcomes or events within matches. These in turn to be used as a method to “flag up”
potentially anomalous incidents, which might be associated with illegal gambling or attempts
to fix matches or aspects of matches. There are, therefore, plenty of opportunities for extending
this work.
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Abstract
Round-robin tournaments rank participants according to their results in all games, considering that
all victories have the same value. However, our understanding is that victories against strong opponents
have more value than those against weak opponents. Hence, such tournaments should consider this
interpretation in their final rankings, using centrality measurements that evaluate the influence of an
element based on its neighbours centralities. In this context, we use eigenvector and layer centralities
to evaluate team performance in the 2014 Guanabara Cup, considering this understanding.

1

Introduction

In contrast to knockout tournaments, where each game eliminates one contestant, in roundrobin tournaments, all contestants compete against each other. Round-robin tournaments are
considered fairer because the teams’ final results rely on many games, whereas, in knockout
tournaments, occasional performances have great influence in the final ranking.
Nevertheless, round robins require many more matches for completion, and therefore are
usually designed for national tournaments. The strongest national football leagues, which are
determined by the International Federation of Football History & Statistics [14], all have round
robin formats, such as Liga Nacional de Fútbol Profesional (Spain), Serie A (Italy), Premier
League (England), etc.
In such tournaments, the teams receive a pre-determined amount of points for each type of
result, e.g., 3 points for each win, 1 point for each draw, and zero points for losses. Although
the number of points is the same, winning different games presents different levels of difficulty
for the team. Therefore, we understand that victories or draws against strong opponents should
have more value for the final ranking than those against weak opponents.
For that, we represent a round-robin tournament using a directed graph, where edges denote
non-losses, i.e., winnings and draws. Thence, we calculate centrality measurements that evaluate the influence of each element, according to its neighbours’ centralities, namely eigenvector
and layer [2] centralities. When applied to our graph, such measurements rank teams that beat
opponents who, in turn, had many victories, better than teams that beat opponents who, in
turn, had few victories.
The case study analysed herein is the Guanabara Cup, disputed by 16 clubs from the State
of Rio de Janeiro. This football championship has been the object of previous studies, such as
Alves et al [1], who analysed the championship’s most incoherent results and their effects on
the final ranking. In the present work, we use eigenvector and layer centralities, to relativize
the importance of victories and draws, for the evaluation of team performance in the 2014
Guanabara Cup, which was a complete round robin for the first year.
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The basis of this study are directed graphs, identified by an ordered pair G = (V, E), where V
is the set of n vertices and E is the set of m edges. Each edge is formed by an ordered pair of
vertices from V , i.e., vi , vj ∈ V , and is directed from vi to vj . Connected vertices may be called
neighbours.
In this study, we use weakly connected graphs, i.e., when we replace the directed edge with
undirected edges, we are able to find at least one path that connects any two vertices. Mathematically, we define a path as the graph P = (V, E), where V = {v1 , . . . , vn } and [vi , vi+1 ] ∈ E
for 1 ≤ i < n [5]. In other words, a path is a sequence of vertices, with edges connecting each
vertex to the following one.
A matrix of order n, A = A(G) = [aij ], where aij = 1, if (vi , vj ) ∈ E and aij = 0 if
(vi , vj ) 6∈ E is called the adjacency matrix for G, which is asymmetric for directed graphs. The
characteristic polynomial of the adjacency matrix is pG = det(A(G) − λI), where the roots
λ1 , . . . , λn are eigenvalues for G. The eigenvalue λ1 , where |λ1 | ≥ |λi | for 1 ≤ i < n, is called
the matrixs spectral radius.
Centrality measurements, in general terms, evaluate the importance of a vertex with regard
to a network. However, there are different forms of measuring this importance, which is why
there are different measures of centrality. In the present study, we use degree centrality, eigenvector centrality, and the methodology initially proposed by Bergiante et al [2], which, from
now on, we will call layer centrality.
Degree centrality incorporates the original definition of centrality, proposed by Freeman [10],
and corresponds to the degree of each vertex. Using a simple adjustment to the definition in
Sinha and Mihalcea [20], we measure the vertices’ degrees in the graphs herein as the difference
between the sum of the outgoing arcs (out-degree), which represent a non-loss in our graph, and
the sum of the incoming arcs (in-degree), which represent a non-win. In the adjacency matrix,
it is the difference between the sum of the vertex’s row and the sum of the vertex’s column, as
shown in (1).
n
n
X
X
aji , where vi ∈ V
(1)
aij −
CD (vi ) = d(vi ) =
j=1

j=1

Since, in the present study, we are interested in the opponents’ centralities, we propose the use
of the eigenvector centrality [4], where an element’s centrality corresponds to the linear combination of the neighbours’ centralities. Using the adjacency matrix, the eigenvector centrality
xi of a vertex vi satisfies equation (2), or Ax = λx, in matrix notation.
λxi = ai1 x1 + ai2 x2 + · · · + ain xn

(2)

In (2), the λ solutions correspond to the eigenvalues of the adjacency matrix, whereas
(x1 , . . . , xn ) correspond to the matrix’s eigenvectors. To calculate the vertices’ centralities,
we use the entries for the unitary positive eigenvector associated with λ1 [3].
Since we only need λ1 and the corresponding eigenvector, we could use the iterative power
method to compute their approximations, if the matrix is diagonalizable, non-negative and
corresponds to a connected graph [12]. In this method, we start by multiplying the matrix of
order n, by an arbitrary non-null column vector with n elements y0 , e.g., the vector of all ones.
The resultant vector, y1 , should be normalized and used to multiply the matrix in the following
iteration, for repeated iterations as shown in (3).
yk = Ayk−1 = A2 yk−2 = · · · = Ak y0
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From (3), it is possible to show equation (4) [12], in which r represents any given coordinate
from the vectors.
(yk )r
= λ1
(4)
lim
k→∞ (yk−1 )r
Therefore, the iterative process should be repeated until it converges with precision , i.e., when
(k)
(k−1)
(k)
k )r
lr − lr
≤ , where lr = (y(yk−1
)r .
However, the adjacency matrices for directed graphs are asymmetric, thus they may present
complex eigenvalues, and eigenvectors with complex entries [22]. In other cases, particularly
when there are elements with no status, i.e., teams that only lost in a given tournament, the
eigenvector analysis produces meaningless results [4]. To avoid these mathematical obstacles,
and also to simplify calculations, we propose a third ranking based on layer centrality, which
considers, to some extent, neighbours’ centralities.
This methodology begins by identifying the vertex (or vertices) with the smallest difference
between the sum of the entries in the corresponding row(s) and the sum of the entries in the
corresponding column(s), and ranking it in last place. Then we exclude from the adjacency
matrix, the row(s) and column(s) associated with this vertex (or vertices). Thence, we repeat
this process until all the vertices are ranked. This methodology does not provide a centrality
measurement, only a centrality ranking, although this may be sufficient for the decision maker.
The layer centrality may be considered an intermediary between the other centrality measures presented herein. On one hand it has similarities with degree centralities, because the
bottom of the ranking is highly dependent on the vertices degrees. More specifically, the last
ranked element is the same in both rankings, because the first elimination in the layer methodology depends solely on the vertices degrees. Furthermore, it is relatively simple and allows a
more natural interpretation of results.
On the other hand, the layer methodology considers, to a certain extent, the centralities of
neighbours, because the elements connected to the eliminated vertices lose these connections
in the following iteration. Hence, elements that present high degrees, due to connections with
peripheral elements, lose these connections early in the iterative process and thus are ranked
poorly. Therefore, the top of the ranking tends to dissimilate from the degree centrality ranking.
In fact, for certain cases, still not fully studied, the layer centrality ranking provides results
similar to eigenvector centrality.

3

Applications for Centrality Measurements

Centrality measurements have been used to evaluate the importance of elements in various
types of networks. Del-Vecchio et al [8] analysed the Brazilian stock market; Gonçalves et al
[11] applied centrality measurements to create a more harmonious urban environment; Hussain
[13] used centrality measurements to destabilize terrorist network; Kirkland [17] explored a
different notion of vertex centrality and applies it to food web data; Joyce et al [16] developed a
centrality measurement for networks in the human brain; Page et al [19] proposed a centrality
measurement for various applications on the World Wide Web; among many other studies that
provided various applications of graph centrality, many of which proposed new measurements,
more suitable for the case under consideration. In this scenario, Borgatti [6] classified network
flows based on the kinds of trajectories that traffic may follow and the method of spread, to
match each type of flow to the most suitable centrality measures.
Particularly, centrality measurements have also been applied to sports. Jiang et al [15]
used centrality measurements to determine the best college coaches of the past centuries for
13
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men’s basketball, football, and baseball. The authors calculated the teams’ skills using eigenvector centrality, to rank teams that beat strong opponents higher than those that beat weak
opponents.

4

Case Study

From 1982 to 2013, except for the 1994 and 1995 seasons, the Guanabara Cup was the first
stage for the Carioca Championship, whereas the Rio Cup was the second stage. The clubs
were divided into two groups and played, for each stage, a qualifying phase, semi-finals and a
final match. In the qualifying phase, the clubs from one group played against the clubs from
the other group in the Guanabara Cup, whereas in the Rio Cup, the clubs from each group
played against each other.
In 2014, the championship was restructured into a single stage with a qualifying phase,
semi-finals, and a final match. The qualifying phase, called the Guanabara Cup, which is the
object of this case study, consists of a complete round robin disputed by 16 clubs from the State
of Rio de Janeiro. The final ranking for this phase is computed, attributing 3 points for each
victory, 1 point for each draw, and zero for losses.
However, these clubs present very different strengths, inasmuch as they dispute different
national championships – some dispute Brasileirão Série A, which is the top Brazilian football
championship, while other clubs dispute other levelled championships, including Brasileirão
Série D, the fourth and lowest tier of Brazilian football. In view of this fact, victories against
different clubs in the Guanabara Cup, present particularly different levels of difficulty for the
teams, and, thus, should be valued differently.
Therefore, we propose new performance evaluations for the 2014 tournament, which take
the opponents strengths into consideration. For that, we use a directed graph to represent the
tournament, in which the vertices symbolize the clubs, and the edges characterize a non-loss.
In other words, if team x beat team y, there will be a single edge from x to y, whereas if x and
y tied, there will be an edge from x to y and another from y to x.
In this graph, the degree centrality, calculated as in (1), measures the net balance of game
winnings, i.e., the difference between victories and losses. This provides results equivalent to the
Copeland method [7], which is commonly used in sports ranking [18, 21]. It is also equivalent
to a tournament ranking that attributes 2 points for each victory, 1 for each draw, and zero
for losses. Since the tournament under evaluation attributes 3 points for victories, the degree
centrality ranking may be somewhat different than the official ranking.
Nevertheless, these methodologies evaluate all winnings equally, despite the differences between beating a strong and a weak team. Therefore, we also calculate the teams eigenvector
centralities. Since the graph is connected, and the matrix is non-negative and diagonalizable
[12], we may use the power method, described herein, to calculate λ1 , with  ≈ 10−3 . This
measurement, applied to our graph, evaluates teams that beat strong opponents better then
those that beat weak opponents [15].
To overcome the aforementioned mathematical obstacles associated with eigenvector centralities, we also calculate the layer centrality ranking, which considers, to some extent, the
differences between beating strong and weak opponents, when evaluating team performance.
This third centrality is also more natural and intuitive, particularly for result interpretation.
We use the results for each match in the 2014 Guanabara Cup, available in FERJ [9], to
build the adjacency matrix for the tournament, and subsequently calculate the aforementioned
centrality measurements. Table 1 shows the rankings for the degree, the eigenvector, and the
layer centralities, ordered by degree centrality. Table 1 does not present the official ranking
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because it considers a different punctuation system, and thus it should not be compared to the
rankings calculated herein. However, the official ranking is very similar to the degree centrality
ranking, regardless of certain position inversions.
Centrality Rankings
Clubs
Degree Eigenvector Layer
Flamengo
1
1
2
Fluminense
2
2
1
Vasco da Gama
3
3
5
4
4
6
Boavista
Cabofriense
5
4
3
6
7
7
Friburguense
Nova Iguaçu
7
5
4
8
8
9
Macaé
Botafogo
9
11
12
10
13
11
Volta Redonda
Bangu
11
12
10
Resende
12
10
8
Bonsucesso
13
8
13
Madureira
14
15
14
Audax Rio
15
14
15
Duque de Caxias
16
16
16
Table 1 – Centrality Rankings for Clubs performance in the 2014 Guanabara Cup
We can observe from Table 1 that Cabofriense, Nova Iguaçu, and Resende were much better
ranked in the second and third rankings than the first. Analysing the original data, we notice
that Cabofriense tied with Fluminense; Nova Iguaçu tied with Cabofriense and with Vasco da
Gama; and Resende tied with Boavista, Bonsucesso, and Nova Iguaçu, besides winning the
game against Macaé. These are the games against relatively strong opponents that influenced
the second and third rankings, but were given the same value as other games, against weak
opponents, in the first ranking, and in the final tournament ranking. Furthermore, Botafogo
lost positions in the second and third rankings because 4 out of the 9 earned points came from
games against Bonsucesso, Madureira, Audax Rio and Duque de Caxias.
On the other hand, Bonsucesso is well ranked in terms of its eigenvector centrality, but the
layer centrality ranks the team in the same position as the degree centrality. This happens
because the bottom of the layer and the degree centrality rankings are alike, as previously
explained herein. Similarly, Volta Redonda’s position in the layer ranking is similar to the
degree ranking, despite the team’s bad evaluation in terms of eigenvector centrality, also because
it is positioned toward the bottom of the degree ranking.
Interestingly, Flamengo is ranked first according to the first two rankings, but second according to layer centrality. Analysing the original data, we notice that Flamengo won almost every
game in the tournament, except for their tie with Bangu and their loss against Fluminense,
whereas Fluminense lost to Madureira and Botafogo, and tied with Bonsucesso, Cabofriense,
Duque de Caxias, and Vasco da Gama. The position reversal happened because the layer
methodology compares the teams that remain in the matrix at each step. Since Fluminense
and Flamengo are the only teams left in the matrix for the last iteration, and since Fluminense
beat Flamengo, it is ranked first. Therefore, in this case, the layer centrality ranking presents
some similarities with finals in knockout tournaments, because when there are two teams left
to rank, the winner of the match will occupy the first position.
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Although Flamengo remains first in the eigenvector ranking, the relative difference between
Flamengo’s and Fluminense’s eigenvector centralities (2.7% of the entire range) is much smaller
then the relative difference between Flamengo’s and Fluminense’s degrees (21% of the entire
range), as shown in Table 2. In other words, despite sustaining the first place in the second
ranking, Flamengo partially loses its dominance in terms of eigenvector centrality.
Similarly, we notice, from Table 1, that Vasco da Gama is in third place in the first two
rankings, but in fifth place in terms of layer centrality. From Table 2, we may observe that there
is a small difference between Vasco da Gama and Fluminense in terms of degree centrality (5%
of the entire range), but a greater difference between these two teams in terms of eigenvector
centrality (11% of the entire range). In other words, although Vasco da Gama remains in third
place in the eigenvector centrality ranking, it is further away from the second-place, than in the
degree centrality.
Table 2 shows measurements for the degree and the eigenvector centralities, ordered by
degree centrality.

Clubs
Flamengo
Fluminense
Vasco da Gama
Boavista
Cabofriense
Friburguense
Nova Iguaçu
Macaé
Bangu
Botafogo
Volta Redonda
Bonsucesso
Resende
Madureira
Audax Rio
Duque de Caxias

Centrality Measurements
Degree
Eigenvector
11
0.349
7
0.343
6
0.320
3
0.270
3
0.286
1
0.236
0
0.270
-1
0.222
-2
0.214
-2
0.217
-2
0.214
-3
0.228
-3
0.218
-4
0.182
-6
0.184
-8
0.144

Table 2 – Measurements for degree and eigenvector centralities

5

Conclusions

In the present study, we evaluated team performance in the 2014 Guanabara Cup tournament,
disputed by teams with very different capacity levels, and whose format was a complete round
robin for the first year. We used eigenvector and layer centralities to relativize the importance
of each victory and draw, according to the opponents’ strengths. We also calculated the degree
centralities, to compare results.
The advantage of layer centrality over eigenvector centrality is that, besides avoiding mathematical obstacles related to asymmetric matrices, as well as complicated calculations, the first
presents a more natural and intuitive interpretation than the second. Interestingly, the layer
centrality ranking presented similarities with finals in knockout tournaments, because when
ranking the first two teams, the match between them decides the first position. This is why
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this methodology inverted the first and the second positions, when compared to the other
rankings.
Future studies could consider the tournament’s punctuation system, i.e., 3 points for victories, 1 point for draws, and zero points for losses, when building the adjacency matrix corresponding to the directed and weighted graph. In this case, the degree centrality, measured as the
sum of the out-degrees, would be exactly the teams’ total amount of points in the tournament.
Moreover, other works may adapt the methodology proposed herein for double round-robin
tournaments, such as Brasileirão and other football leagues.
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Abstract
Due to the shortened nature of a T20 cricket match compared to Test or 50 over
cricket, many commentators believe the matches to be little more than luck. This paper
looks at the Australian domestic t20 competition, known as the Big Bash League, to look
at whether its possible to predict matches with a better than 50-50 chance at a team versus
team level. An Elo model was built to predict the results of matches and compared against
the results of predicting the market favourite to win each match. The Elo model predicted
more matches correctly than picking the favourite according to the market, but picking the
market favourite had the best result in any one season. Home Ground Advantage, winning
the toss and which team batted first were factors investigated, however none of those
factors had a significant impact. Ultimately, the Elo model appears to be a reasonably
good indicator for team strength in the Big Bash League.

1

Introduction

This paper investigates whether the performance of teams in the Australian Twenty-20 (t20)
cricket league known as the Big Bash League (BBL) can be modelled using an Elo model.
Initially developed for chess, the Elo model has been adapted for use in a wide variety of
sports and competitions such as association football (soccer), tennis, volleyball, Australian
Rules football, Scrabble, baseball and video games (eSports). However, there does not appear
to be any attempts to apply such a model to domestic t20 cricket leagues such as the BBL or
the Indian Premier League (IPL) even though there seems to be sound logic for doing so.
The Elo ranking model rates a team based off their past results. In any given match, the two
teams have their pre-game rating which provides a probability of winning the match for each
team. This rating then changes based off the result of the match. The winning team’s rating will
increase, while the losing team’s rating will decrease, with the magnitude of the change being
dependent on the pre-game ratings. The winning team effectively takes the ranking points from
the losing team as their rankings will change by the same amount, but in opposite directions.
A team will gain fewer ranking points if they defeat a lower rated team than if they defeat a
higher rated team. Similarly, a team that loses to a higher rated team will lose fewer points than
a team that loses to a lower rated team. Thus, the model corrects for inaccuracies relatively
quickly as an overrated team will lose a lot more points when defeated by an underrated team.

2

Data and Methodology

Each BBL match since its inception in December 2011 was collated into a spreadsheet. The
data collected were the wickets and runs for each team, how many balls were faced in each
innings, who won the match, who won the toss, who batted first, and the pre-match odds. An
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Elo model was constructed on the data, using the equations
ExpHome =

1
1 + 10(RAway −RHome )/θ

and
ExpAway =

1
1+

10(RHome −RAway )/θ

for the expected win probabilities of home and away teams respectively, and
0
RHome
= RHome + K(ObsHome − ExpHome )

and
0
RAway
= RAway + K(ObsAway − ExpAway )

to adjust the ratings of the respective teams after each match. The model uses
θ = 400
and
K = 39
as its parameters.
Analysis of the data and the model was done using the statistical software SPSS, while the
optimisation of the model was done using @Risk Optimizer.

3

Results

The initial tests done were to investigate whether winning the toss, batting first or playing a
match at your home ground had any noticeable impact on the likelihood of winning. It was
hypothesised that playing at home and winning the toss would both be desirable for a team
and therefore improve the chances of winning, while choosing to bat first would have no effect.
Rain affected matches were excluded from this analysis since it was unknown how these factors
might differ when playing conditions change and of the 136 matches only 8 were rain affected
so an adequate sample of matches to compare any differences could not be found.
The following SPSS output table shows the proportion of matches won by the home team
(home), the team batting first (bat1st) and the team that won the toss (toss), compared to the
assumption that these factors would have no effect.

home
bat1st
toss

t

df

Sig. (2-tailed)

Test value = .5
Mean Difference

.352
.000
-.176

127
127
127

.725
1.000
.860

.01563
.00000
-.00781

95% Confidence Interval
of the Difference
Lower
-.0721
-.0878
-.0956

Upper
.1034
.0878
.0800

Table 1: SPSS output of T-test for advantage of home ground, batting first and winning the
toss
20

Modelling the t20 Big Bash League

Corris, Bedford and Grundy

Contrary to expectation, it appears as though none of the factors had any significant effect on
the likelihood of a team winning a match. This was quite a strange result as logically it would
be expected that a team would have familiarity with their home ground and the associated
conditions and therefore have some level of advantage compared to playing at a somewhat
foreign ground. Similarly, the lack of any advantage for winning the toss was quite confusing
as in theory winning the toss should provide a team with the opportunity to take advantage of
the best conditions for batting or bowling as a result. This was investigated further on a season
by season basis.
Season
t

home 1.316
bat1st .926
toss
.183
home -.701
2013
bat1st -1.063
toss
-.701
home
.171
2014
bat1st .516
toss
-.171
home
.000
2015
bat1st -.339
toss
.339
Table 2: SPSS output of
2012

Test value = .5
df Sig. (2-tailed) Mean Difference 95% Confidence Interval
of the Difference
Lower
Upper
28
.199
.12069
-.0671
.3085
28
.362
.08621
-.1045
.2769
28
.856
.01724
-.1762
.2107
31
.488
-.06250
-.2442
.1192
31
.296
-.09375
-.2737
.0862
31
.488
-.06250
-.2442
.1192
32
.865
.01515
-.1648
.1951
32
.609
.04545
-.1338
.2248
32
.865
-.01515
-.1951
.1648
33
1.000
.00000
-.1771
.1771
33
.737
-.02941
-.2062
.1474
33
.737
.02941
-.1474
.2062
T-test for advantage of home ground, batting first and winning the
toss split by season

Splitting the matches by season showed that there was no trend in the changing of any of
these factors. This suggests that the lack of advantage is not due to the players adapting to
the factors, but rather the factors having little to no appreciable effect on the outcome of the
match. It was considered that perhaps a team based analysis may show some sort of advantage
to some teams, however as the teams had only played an average of 33 matches each there was
not sufficient evidence to conclude anything on a team by team basis.
As home ground advantage, batting first and winning the toss were all deemed to lack any
significance for who won the game, the sole important factor for the optimisation of the Elo
model was the K weighting for the change in ratings post-game. The seasonal breakdown of
the model predictions can be seen in the following table.
Season Correct Matches % Correct
11-12
20
31
64.52%
12-13
20
35
57.14%
13-14
20
34
58.82%
14-15
22
34
64.71%
Total
82
134
61.19%
Table 3: Correctly predicted BBL matches by season according to optimised model
The mean squared error (MSE) of various combinations of previous seasons was minimised
to find the best result for the 2014-15 season. The best fit was found to be a K-value of 39,
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resulting in an overall prediction rate of 61.2% and a 64.7% prediction rate in the 2014-15
season. This was a rather consistent result from season to season, with the predictions always
exceeding 57% within a season, but never exceeding 65%.The significance of this becomes clear
when comparing this result to the market.
Predicting matches based on the pre-game odds of the market was expected to be somewhat
successful as bookmakers do not want to lose money off an event, and if they are inaccurate
they are more likely to do so. The seasonal breakdown of the market predictions can be seen
in the following table.
Season
11-12
12-13
13-14
14-15
Total
Table 4: Proportion of correctly predicted

Market %
48.39%
51.43%
70.59%
44.12%
53.73%
matches by season according to market odds

Interestingly, the 2013-14 season was extremely predictable according to the market, with a
whopping 70.6% of matches being predicted correctly. Despite that, the overall predictive rate
of the market was barely better than 50%, and two of the four seasons were worse than 50%. It’s
very strange that the market is performing so poorly in this case, as they’re generally considered
to be the benchmark. This suggests that the methodology being used by the bookmakers for
modelling t20 cricket has some major flaws in it.
Ultimately, it appears that the Elo model is a useful tool for predicting the match results
in the BBL.

4

Discussion

As mentioned above in the results, the methodology behind the market odds appears to be
somewhat flawed. While some of this may be explained by poor wagering choices from customers of the bookmakers, there’s too much difference between the Elo model and the market
performance for it to simply be biased by the customers. My hypothesis is that the bookmakers
evaluate the ability of a team by adding up the theoretical contributions of each of the likely
members of the playing XI. This method may not accurately account for factors such as team
balance at selection, tactics from the captains, harmony of the team, etc and thus there exists a
discrepancy between the theoretical sum total of the player contributions, and the overall team
performance.
One such example could be the performance of the Melbourne Stars, who have widely been
considered by experts to have the strongest squad in multiple BBL seasons, but have consistently
performed worse than expected. If one simply adds up the expected individual contributions
of the Stars players, it would exceed that of any other team. However, in a match scenario the
intra and inter team interactions end up with the Stars losing to (on paper) inferior opposition.
As the Elo model only looks at the team performances, these factors are intrinsically taken care
of by the model while the market may not do so.
One factor that deserves further consideration in the future is altering the K factor based
on margin of victory. This is simple for matches where the team batting second fails to chase
the target, as the margin of victory is then simply the difference between the runs scored at
the close of each innings. However, when the team batting second successfully chases down
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the target score, they win by x number of wickets with y number of balls to spare. While it
is obvious that a team which wins by 6 wickets with 10 balls to spare has won by a greater
margin than a team which wins by 3 wickets with 5 balls to spare, it is much trickier to decide
whether a 3 wicket win with 10 balls to spare is a greater margin of victory than a 6 wicket
win with 5 balls to spare. Furthermore, there’s no easy way to compare a win by runs to a win
by wickets with balls to spare.
Possible solutions to the margin of victory dilemma include looking at the net run rates or
the Duckworth-Lewis projection. Net run rate is used as the tiebreaker for teams on equal wins
and is quite simple to calculate, however it fails to acknowledge the wickets in hand constraint
for winners who bat 2nd. Using the Duckworth-Lewis projection would likely give a much better
margin of victory in terms of runs, however the Duckworth-Lewis calculations are significantly
more complex. While this has been looked at in 50 over cricket, the shortened t20 game may
yield different results since the reduction in total deliveries for the match means it becomes a
much stricter constraint.
Further data is required for results on whether certain teams are favoured by playing at
home, winning the toss and batting first. While the limited data available suggests that Perth
have some level of advantage both when they play at home and when they bat first, there is
simply not enough data to make any reliable conclusion on this. This simply requires more
matches to be played so the data exists.
Finally, it is worthwhile determining whether this model can also be applied to the IPL and
even international t20 cricket. I suspect that it will fall apart for international t20 cricket as
those matches tend to be few and far between, potentially resulting in drastic changes in the
selected teams between matches. However, a very similar model should be applicable to the
IPL as it is a very similar format to the BBL being franchise based round robin tournaments
played over 1-2 months.

5

Conclusion

The Elo model appears to work quite well at predicting matches in the BBL. It is quite consistent
from season to season unlike the market predictions, and has outperformed the market in three
of the four seasons and overall across all four seasons. Playing at your home ground, winning
the toss and batting first had no appreciable effect on the probability of winning a match despite
expert knowledge suggesting they would have some level of impact. So while a considerable
level of luck is involved in a t20 match, it does appear to be somewhat predictable with a
reasonable level of confidence.
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Abstract
Volleyball is a competitive team sport whose main objective is to score the most points
by grounding the ball to the opponents side of the court. The numbers of points a team
scores is primarily based on the execution of the skills of the game. Due to the hierarchical
structure of the game events follow stable patterns: serve outcome, pass–set–attack (complex 1) outcome, Serve–block–dig–set– counter attack (complex 2) outcome. The outcome
consists of four possibilities: To win or to lose a point, continuation of the action with the
ball on the team’s side or with the ball on the opponent’s side. In this paper we provide a
method to calculate the importance of every skill on the outcome of the Volleyball game for
youth, juniors and men teams. We base our analysis on Fellingham’s model for importance
scores. We use data from the performance analysis of the winning team from the most
recent world championships in all ages for male volleyball. In order to arrive at posterior
distributions we use a Markov chain transition matrix. To estimate the Markovian transition matrix, we assume a multinomial likelihood with a Dirichlet prior on the transition
probabilities. The prior distribution of skills is formed by expert coaches’ opinion. Our
main purpose is to examine if key skills are consistent across ages in male volleyball.

1

Introduction

Volleyball is a competitive team sport in which the aim of each team to score first a required
number of points by grounding the ball to the opponent’s side of the court. Volleyball belongs
to the same team sports category with Tennis, Badminton and Table Tennis. All of them are
described as Net and Wall games [6].
In international tournaments, a volleyball match consists of at least three and a maximum
of five sets with the winning team reaching first three earned sets. Each set is played until
one team reaches a score of 25 points with at least two points difference from its opponent.
The number of points a team scores is primarily based on the efficiency of the team skills of
the game. Volleyball has three scoring skills (serve, attack, block) and three non scoring skills
(pass, set, dig). For each team a maximum of three contacts of the ball is allowed before the
ball crosses the net to the opponent’s court. Each team in its effort to pass the ball to the other
court exhausts all the contacts most of the times. A rally begins when a member of one team
serves the ball across the net to the opposite team. Thus there are two complexes of the game.
Complex 1 consists of pass, set and attack (or attack 1) and complex 2 consists of serve, block,
defense and counterattack (or attack 2).
Quantitative analysis is not something new in the area of Volleyball but most of the times it
is restricted to characterizing players’ or teams’ performance per season, per match or in more
detail per set. Thus there are elements for the importance of each skill for seasons, tournaments,
matches, sets, even for ambivalent sets [2], but there are very little data for the importance of
skills and the level of their execution on the ending of a single rally.
In this work we implement a method to calculate the importance of every skill on the
outcome of the Volleyball game for youth, juniors and men teams. We base our analysis on
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Fellingham’s model [4] for estimating the importance scores. Our main purpose is to examine
whether the key skills are consistent across tournaments for different ages in male volleyball.
Due to the hierarchical structure of the game, events follow consistent patterns: serve outcome, pass–set–attack 1 (complex 1) outcome, serve–block–dig–set–counter attack 2 (complex
2) outcome. All the attacks, except for those following a serve’s pass, are attack 2. The outcome
consists of three possibilities: to win a point, to lose a point or to the continuation of the game
on the opponent’s side. Due to the data collection method, the continuation of the game in the
opponents side cannot be considered as a final try since the ball does not cross the net.

2

The data

All recorded data refer to the performance of the winning team from the most recent world
championships of National teams in all age categories for male volleyball. National World
Championships for three age categories (youth, juniors and men) currently take place every
four years.
All data record the performance on selected matches of the latest World national team
champions (Poland in Men, 2014; Russia in juniors and in youth, both for 2013).
We record and analyze only the actions of the selected team when the ball is in its court
separately for both complexes. All skills were categorized in two complexes, except for the serve
and serve’s pass. Thus we have set 1 and 2, block 1 and 2, defense 1 and defense 2, free ball 1
and free ball 2. For each skill we use a different ordinal grading system on tactical scale with
one being a poorly performed skill and the maximum to be a skill performed in the optimal way.
For serve, jump and float and for pass, against jump or against float serve we use a six-level
ordinal tactical scale [1]. Sets, either after serve’s pass or after defense, are divided according to
the position on the court and the tempo of the ball. We include five possible positions of attack
of two tempos for each set. We have also added a variety of attack moves: attack as second
contact from the setter, attack out of system and direct attack when the ball is driven directly
from the opponent’s court. For block, either after serve or after attack, we use a three-level
ordinal scale [5].
For defense, we use two states: free ball and dig, either after serve or after attack. Finally,
the skill of set error records the case where the recorded team makes an unforced error during
the second touch.
All recorded skills and their properties are summarized in Table 1. The data are recorded
in a 60 × 62 matrix denoted by y and each element yij recording the number of occurrences of
each subsequent moves and skills (how many times skill Sj follows skill Si ). Column and row
60 refer to the continuation at the field of the opponent and the last two columns are terminal
moves resulting to a point in favor or against the team under study.
Table 1. Performance ratings for all skills

3

Method of analysis

In this paper we use the methodology of Fellingham’s and Reese [3] to evaluate the importance
of each skill. According to their approach, the coefficient of the skill importance for the i-th
recorded skill is defined as the ratio of the posterior mean of Pi over its corresponding standard
deviation, that is
E(Pi |y)
Ii = p
V (Pi |y)
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Skill (main) Skill (sub)
Levels Complexes Tempos
Serve
Serve ace
6
(Jump & float) The ball drives directly to the serving team’s
5
court

Pass

The ball is on receiving team’s court
but with just one option for attack

4

The ball is on receiving team’s court
with two options for attack

3

The receiving team has all the options
for attack

2

Serve error
The receiving team has all the options for
attack in optimum tempo

1
6

(vs Jump & vs The receiving team has all the options
Float serve)
for attack

Block

5

The ball is on receiving team’s court with two
options for attack

4

The ball is on receiving team’s court but with
just one option for attack

3

The ball drives directly to the serving team’s
court

2

Pass error
Block kill
The ball remain to the blocking team’s court
The ball remain to the attacking team’s court

1
3
2
1

2
2
2

Setting location Left Front Side
2
Right Front side
2
Right Back side
2
Middle Front side
2
Middle Back side
2
Out of system
2
Setter’s Tip or attack in 2nd touch
2
Setting error
2
Direct attack
2
Defense
Dig
2
Free ball
2
2 complexes indicate that the skills are recorded for both complex 1 and 2 separately; 2
indicate that the skills are recorded for quick and high tempos
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where Pi is the probability that this skill will eventually end up in a point in favor of the team
under study after two subsequent game moves and is calculated by
Pi = P (Yt+1 = point+ |Yt = Si ) +

n
X

k=1,k6=i

P (Yt+2 = point+ |Yt+1 = Sk )P (Yt+1 = Sk |Yt = Si )

(1)
with n being the number of skills, P (Yt+1 = point+ |Yt = Si ) being the probability of scoring
a point in favor of the team under study after a skill Si and P (Yt+1 = Sk |Yt = Si ) is the
transition probability from skill Si to skill Sk . We further assume that the scoring for each skill
is not influenced by the time point, hence
Pi = P (Yt+1 = point+ |Yt = Si ) = P (Yt+2 = point+ |Yt+1 = Sk ).
This ratio gives the opportunity to attach an importance score to every to every skill and its
corresponding levels or categories. Every time the ball is on the side of the observed team a
sequence of events takes place that follow specific schemes: serve–outcome, pass–set1–attack1–
outcome and defense–set2–attack2–outcome. We assume that these schemes are of first order
Markov chains. We record these sequences in a transition probabilities matrix where data of
the matrix represent the probability to move from one state to another. Because we observed
three teams, we created three transition matrices with dimensions 60 × 62 (two states related
to point earned or lost by the team are terminal), containing the transitions for jump and float
serves, passes against jump and float serves, sets after serve’s pass by location and tempo, sets
after defense by location and tempo, block after serve, blocks after attack, free balls and digs
and possible outcomes. Because of the hierarchical structure of the game, there are sequences
that are not feasible, such as moving from an excellent pass to an ace serve. These cases are
restricted to zero probability.
We use a simple Bayesian model to estimate the transition probabilities and through them
the success probabilities Pi as defined in (1). For simplicity, we denote by πik = P (Yt+1 =
Sk |Yt = Si ) . For each row (i.e. skill), we assume multinomial likelihood
f (yi1 , . . . yi,n , yi,n+1 , yi,n+2 |πi1 , . . . πi,n , πi,n+1 , πi,n+2 ) ∝
and

Pn+2
k=1

n+2
Y

yik
πik
.

k=1

πik = 1, for each i. We use a conjugate Dirichlet prior distribution of the type
f (πi1 , . . . πi,n , πi,n+1 , πi,n+2 |ai1 , . . . ai,n , ai,n+1 , ai,n+2 ) ∝

n+2
Y

aik −1
πik

k=1

where in each row the prior parameters aij can be elicited by using the coaches as an expert’s
opinion. Prior estimations were conducted by expert coaches in the three specific ages of men’s
Volleyball. Due to the difficulty of passing the notions of transition probabilities prior elicitation
was a tedious and difficult task. For this reason, we have decided to attach only a low weight
to the experts/coaches opinion. Hence, the prior parameters were set equal to the elicited
transition probabilities of experts multiplied by 0.1 × Ni for each skill Si and hence account for
additional 10% of data points.
All skill scores were calculated using a simple Monte Carlo scheme of 10,000 iterations.
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Results

With the use of importance scores we estimate the impact of performance in a specific skill
and the uncertainty of it. Uncertainty connects directly to the number of executions of each
skill. The skills which are performed more often receive higher importance scores. Comparing
importance scores across teams or age categories, the ranking of importance scores should be
compared. We summarize results by focusing on importance scores for each level of every skill
for the three age categories (see Table 2). An analysis of the importance score for each skill
(based on Table 2) follows.
Serve: Aces either from jump or from float serves are skills with high importance score
in the three age categories. In Men’s category all levels of float serves are more important
compared to the similar level of jump serves. Also serves level 2 have higher importance score
than serves levels 3 and 4 either if there are float or jump serves. This is due to the nature of
importance scores as was explained above. An easy serve level 2 is executed more times than
serves levels 3 and 4 during a match but the serving team maintains the right to fight for the
point even if circumstances are against it because the ball was in its opponent with all attacking
abilities.
Pass: A difference between youth or juniors and mens teams is the importance of pass
accuracy. According to our scale with pass level 6 a team has all the possible choices to set the
ball in optimum tempo and with pass level 5 has also all the possible choices but not in the
fastest way. In men and junior teams passes level 6 (either against jump or float serves) and
passes of level 5 have higher importance scores than all the other levels of pass. In youth teams
this did not happen. Accurate pass is more important against float serve than against jump
serve. Pass levels 5 and 6 against float serve are the most important scores for youth team.

Block kill AS
SrvJump 6
Block kill
SrvFloat 6
Passin Float 6
Passin Jump 6
Passin Float 5
Passin Jump 4
Passin Float 4
Attack 1 MF quick
Passin Jump 5
SrvFloat 2

Men
948.1
281.2
225.2
114.4
27.9
27.8
27.8
24.9
22.8
21.9
27
17.9

(1)
(2)
(3)
(4)
(5)
(6)
(7)
(9)
(10)
(11)
(8)
(12)

U21
315.5
139.1
168.5
57.6
18.3
15.5
18.3
14.1
14
16.5
16.9
13.7

(1)
(3)
(2)
(4)
(6)
(9)
(5)
(10)
(11)
(8)
(7)
(12)

U19
165
57.2
57.6
15.7
14.3
6.1
13.2
8.2
11
9.4
3.3
9.3

(1)
(3)
(2)
(5)
(6)
(22)
(7)
(14)
(8)
(10)
(38)
(11)

Table 2. Importance Scores for volleyball skills (the rankings of the skills are provided in
brackets); the table is sorted according to the men’s skill scores.
[Table continued on next page.]
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Men
U21
Dig 2
16.8
(14) 11.4 (15)
Dig
15.8
(15) 10.6 (17)
Free ball
15.6
(16) 10.7 (16)
Attack 1 LS quick
17.2
(13) 12.7 (13)
Attack 2 out of system 10.9
(24) 9.3
(20)
Attack 2 BRS quick
9.9
(27) 3.5
(45)
Free ball2
15.3
(17) 10
(18)
SrvJump 2
14.3
(18) 6.6
(26)
Attack 1BRS quick
11.5
(22) 5.8
(30)
Attack 1 FRS quick
14.1
(19) 12.7 (14)
Attack 1 MB quick
12.3
(20) 5.6
(34)
Attack 2 FRS quick
10.5
(25) 8.3
(23)
Attack 2 MB quick
7.7
(35) 6
(28)
Continue Block 3
7.7
(34) 4.6
(40)
Passin Jump 3
8.5
(30) 5.8
(31)
Passin Float 3
8.5
(29) 5.6
(33)
Attack 1 out of system 6.7
(37) 4.9
(39)
SrvJump 3
9.3
(28) 7.1
(25)
SrvJump 4
7.5
(36) 4.9
(38)
SrvFloat 3
12
(21) 8.7
(21)
Passin Float 2
5.7
(40) 2.5
(48)
Attack 1 LS high
8.4
(31) 5.8
(32)
SrvFloat 4
8.3
(32) 6.4
(27)
Attack 2 LS quick
11
(23) 9.4
(19)
Attack 2 MF quick
10.1
(26) 8.6
(22)
Attack 2 STR TIP
2.9
(49) 4.4
(41)
SrvJump 5
3.7
(47) 3.5
(44)
Attack 1 MB high
1.9
(51) 0.3
(53)
Attack 1 STR TIP
4.5
(44) 3.7
(43)
Attack 2 LS high
6.3
(38) 5.8
(29)
Attack 2 FRS high
5.4
(41) 1.4
(51)
Continue Block AS3
6.2
(39) 5.1
(37)
Attack 2 BRS high
3.5
(48) 3.3
(47)
Direct attack
8
(33) 8.2
(24)
Attack 1 FRS high
4.3
(45) 3.3
(46)
SrvFloat/
5.1
(42) 5.5
(35)
Continue Block AS2
0.6
(53) 0.3
(52)
Passin Jump/
5
(43) 5.2
(36)
Attack 1BRS high
4.1
(46) 3.8
(42)
Attack 2 MB high
2.1
(50) 1.6
(49)
Continue Block 2
1.2
(52) 1.5
(50)
Table 2 (continued). Importance Scores for volleyball
provided in brackets); the table is sorted according to the
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U19
7.4
(18)
8.2
(13)
7.5
(17)
16
(4)
6.8
(21)
7.6
(16)
7.1
(19)
4.9
(27)
3.3
(37)
10.7 (9)
2.3
(45)
8.6
(12)
3.5
(35)
3.4
(36)
2.3
(44)
4.5
(30)
4.9
(28)
4.4
(32)
4.8
(29)
7.9
(15)
4
(33)
5
(26)
6
(23)
5.9
(24)
6.9
(20)
2.9
(40)
2.8
(41)
0.3
(51)
3.1
(39)
2.5
(43)
2.7
(42)
4.5
(31)
1.3
(50)
5.9
(25)
1.5
(48)
3.8
(34)
NaN (53)
2.2
(46)
2
(47)
1.4
(49)
0.3
(52)
skills (the rankings of the skills are
men’s skill scores.

Attack 1 : For all ages quick tempo attack after serves pass is more important than attack
with high tempo. A differentiation is that for youth team, attacks from back row are not as
important as front row attacks. The importance of back row attack (middle and right side) is
getting higher as the age category increased. As attack out of system we have described the
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attack independently of location and tempo when setting comes from any member of the team
except the setter. In this type of attack the youth team has higher position in the importance
scores ranking than in Men and Juniors teams respectively. According to these and in connection
to the limited importance of passing accuracy against jump serve we can think that a difference
between men or juniors teams is the rhythm of the offensive game. Youth teams must prepare
better for a slower offensive tempo than older and more experienced players. Middle front side
attack and left side’s attack both in quick tempo are the most efficient attack types for men
and juniors. All levels of well organized attack 1 have higher importance scores than attacks 2.
This is a clear message about the importance of complex 1 in male volleyball.
Attack 2 : Attack out of system is for all ages in the top two positions for attack 2. It
is one of the most important attack skills during complex 2. Volleyball coaches have to work
more on details concerning unpredictable situations such as when the setter is not able to set
the ball according to the teams offensive plan and another player is getting to set it in a safe
manner. For all ages setting quick tempo is more efficient than high tempo attacks.
Direct attack : Importance of direct attack when the ball comes directly from the other
court is getting lower as age category increases. Direct attack is more important for youth and
junior teams than for men.
Block : From all blocking situations the most important is Kill Block after serve. Kill block
and serve ace are the two direct methods to break the point of the opponent. In Male Volleyball
contrary to Male tennis the serving team has a disadvantage and if they win the point we call
it a break point. Thus kill block when serve is the previous action is the most important option
of defending abilities.
As for the defending skills Free ball and Dig, it is important to define that dig or free ball can
take place in two occasions: either when responding to opponents action or from a technical
spike to opponents block when circumstances are not ideal for a powerful attack especially
because attack is out of system or because previous actions (pass and set) are not so successful.
Free ball and dig in both complexes are in the second ten in ranking of importance scores for
male teams across ages. Either after serve or after attack defending abilities gives the teams
the opportunity to claim a point.

5

Conclusions

It is important to recognize that this analysis applies only for these specific teams. But these
teams being the winners of the respective age category in world championships reflect the highest
level of volleyball game for each category. Because of the class of the teams it is reasonable
to extend our conclusions to teams in world level for these ages. According to our results
importance of Volleyball skills across ages did not vary too much. High class teams as world
champions use almost same ways to win points during a game. It would be a great challenge
to use data of performance analysis as prior information for a specific team. The more detailed
the data, the more standardized a team’s profile is, and the more weighty the prior information.
Our target was to propose a performance analysis system more extended and more applicable
to men’s teams, with the ability to rank the importance not only for every volleyball skill but
for every level of the scale we use to describe skills. This method could help volleyball coaches
to highlight important skills per age category and to allocate training time more efficiently.
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Abstract
Predicting the outcomes of sports matches, based on information available in advance
of the match, is of interest to a variety of parties – players, coaches, fans, bookmakers and
gamblers. Some previous approaches have used computer simulations and/or stochastic
models based on player statistics to predict such outcomes. In this paper, we instead investigate the use of regression models, using player or team rankings, previous performance
in the same tournament, continent of origin and of the tournament, in predicting such
outcomes of matches in the major “Grand Slam” tennis tournaments and international
volleyball tournaments. We compare the use of “official” rankings of teams and players
with ranking produced by a variant of a “page ranking” algorithm for internet web pages
in these models, and study the success rate of each in predicting the results of matches not
used for training the parameters of the models. We compare our results with those based
on predicting that the higher ranked player/team, or the bookmaker’s favourite, would
always win. Our models show a modest advantage over both simpler schemes. We then
apply our models to both simple (fixed stake) and Kelly “odds overlay” betting strategies,
placing virtual bets on each match. Our models were trained on “Grand Slam” results
up to and including Wimbledon 2014 and the Volleyball 2014, and tested on the 2014 US
Tennis Open and the 2014 Volleyball World Championships, neither of which was used in
training the models. We find that in most cases, a Kelly betting strategy based on our
model performs better than simpler approaches, and on average gives a positive return
(unlike some of the other strategies).

1

Introduction

Predicting the outcomes of sporting encounters is or interest to many parties – not only players
or teams, their coaches and managers, but also gamblers and bookmakers, who want to obtain
or maintain a competitive advantage over their rivals.
Over recent years, there has been a rise in quantitative predictive modelling of results for
many sports, but over the same period there have been increasing allegations and evidence of
corrupt activities, particularly in relation to gambling – for example in cricket [10, 11, 16] and
Association Football (Soccer) [2, 14]. Such scandals have tarnished the reputations of several
sports, in which traditionally “fair play” has been considered paramount, and could lead to
great reductions in revenue due to fans becoming disillusioned and/or loss of income from
sponsorships and advertising. Thus, both the sporting and legal authorities would welcome any
tools becoming available which would facilitate the detection, quantification and prevention of
such irregular and illegal activities. Reade & Akie [13] have attempted to do this for Association
Football (Soccer) by using econometric forecasting methods to predict the probability of a given
game ending in a draw and comparing this to what would be expected on the basis of the odds
offered by bookmakers. In cases of corruption – either in terms of match-fixing by players or
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of illegal gambling – there would be expected to be a significant discrepancy between the odds
offered (once an allowance has been made for bookmakers’ profit margins) and the probability of
the match result. The well-known Duckworth-Lewis method [4], trained on the statistics from
many real matches, has become an established method for determining fair targets in situations
where a limited overs cricket match is interrupted by bad weather or other disturbances. In
principle, this method could also be used to detect possible cases of corruption. However, as
noted by Reade & Akie [13], such models need careful development before they can hope to
provide evidence of sufficient reliability to be admissible in court.
In this paper, we describe the development of logistic regression models, using player or
team rankings, previous performance in the same tournament, continent of origin and of the
tournament, in predicting such outcomes of matches in the major “Grand Slam” tennis tournaments and international volleyball tournaments. We compare the use of “official” rankings
of teams and players with ranking produced by a variant of a “page ranking” algorithm for
internet web pages in these models, and study the success rate of each in predicting the results
of matches not used for training the parameters of the models. We also compare a variety
of simple and “odds weighted” (e.g. Kelly) betting strategies used in conjunction with these
models to investigate which (if any) could yield a positive net return.
The remainder of this paper is organized as follows. In section 2, we give an overview of
some other work relating to the modelling of tennis and volleyball matches. In section 3, we
give details of our sources of data. In section 4, we briefly describe the two methods used for the
ranking of teams and players, then we give details the development of our models. The results
of applying our models to predict the results of subsequent tournaments – i.e. applying them
to previously “unseen” data are given in section 5, and we state our conclusions and propose
some further word in section 6.

2

Related Work

There has been considerable previous work using Markov-like models and simulations to model
tennis, both at the level of the individual point or rally [6] and at the levels above the individual
point : points to games, games to sets and sets to matches [1, 8, 9, 15]. Rather less work has
been carried out on modelling volleyball, although [5] have also applied Markov-like models to
this.
Regression modelling provides an alternative approach to predicting match outcomes – instead of using players’ or teams’ probabilities of winning points whilst serving or receiving,
the logistic regression modelling approach takes a more “zoomed out” view, modelling players’
overall performance at the level of winning or losing matches (in both tennis and volleyball,
each player or team either “wins” or “loses” each match there are no draws or ties), based
on evidence which would have been known prior to the actual match – the players’ or teams’
“rankings”, the venue of the match, how the players or teams have done previously in the same
tournament, etc. This approach creates a model for the relative probabilities of winning or
losing, based on the outcomes of real matches for which the results and player/team “features”
(or independent variables) were known. Such a model can then be used in reverse – given the
“features” as “predictors” for given players or teams, the probability of a specified one of them
winning a match between them can be estimated. Although applied to Association Football
(Soccer), for which there is the additional result of a draw possible, this is essentially the approach taken by Read & Akie [13], but they apply an “ordered probit” regression model to
allow for the three possible outcomes.
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Datasets

The data used was set to be the best representation of the top tennis players and volleyball
teams. We have only included the most prestigious events in the calendar for which most points
towards the official rankings can be gained.
In the tennis events calendar there are four “Grand Slam” Tournaments organized each
year. Results for all such tournaments organized between 2009 and 2013 were collected from
the Tennis-Data website www.tennis-data.co.uk and formatted using MS Excel and SAS version
5.1 using a recorded macro technique. Data for the volleyball national teams was much harder
to acquire, as no single source of data was available. The major three tournaments for the
volleyball national teams are the Olympic Games, World Championships and World Cup, each
organized every 4 years. In addition, the World League (for Men) and Grand Prix (for Women)
are organized every June/July after the regular international teams’ season is closed. Results
for all national teams tournaments held between 2008-2013 were copied into MS Excel from
over a 100 webpages on the FIVB (International Volleyball Federation) website www.fivb.org
and formatted using templates and macros written in SAS version 5.1. Analysis of the raw data
obtained showed that the official ranking methods give good estimates for the current teams’
or players’ strengths, in terms of predicting match outcomes. In the 20 “Grand Slam” tennis
tournaments organised between 2009-2013, 71.5% of men’s and 68.6% of womens games were
won by the higher ranked player. Further analysis also showed that almost half of the matches
lost by a higher ranked player occurred between players with less than 30 places difference in
their rankings. For volleyball, 71% and 74% of all men’s and women’s matches respectively
were won by the higher ranked team on tournaments organized between 2008-2013. We also
observed that half of the matches where a higher ranked team suffered a loss was against a team
within five places of them in the official ranking. These values provide a “baseline benchmark”
for comparison with the predictive performance of our models.

3.1

Ranking Schemes and Regression Models

For many supporters, the official rankings are a source of identifying the current top performers.
The prestige that comes with being listed as one of the top players or teams is often associated
with extensive media coverage of every game, playing at the biggest arenas, and can lead to
lucrative sponsorship deals. However, rankings can also sometimes be misleading. For example,
in 2013, Caroline Wozniacki was ranked as the top tennis player for 23 weeks despite failing to
win a single “Grand Slam” Tournament in her career to date. The Official Ranking only takes
the most recent results into account; therefore, if a player or a team is weakened by injuries
it can often underestimate their performance after they come back from the recovery period.
Additionally, official rank calculations are used for seeding the top 32 tennis players in most
of the major tournaments. This makes it very hard for lower ranked players to climb up the
rankings, as they often play their first matches in each tournament against a much stronger
player. Therefore, the seeding systems often result in lower ranked players not finishing at
positions highly rewarded within the official ranking schemes. The official rankings are also
used as a qualification requirement for some tournaments, preventing some of the lower ranked
players gaining valuable points and experience. In Volleyball, the top 12 teams, according to
the current World Rankings, are seeded for the first two positions in a set number of “pools”
at tournaments. This seeding system guarantees that no two teams from the top 4 will be in
the same pool, as teams are divided into at least four pools at each of the major tournaments.
Volleyball tournaments are usually composed of Preliminaries (“Pool” Stage) and “Finals”
(Single Elimination Stage). This means that, at the preliminary stage of the competition,
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losing a match does not mean immediate elimination from the tournament, but only the teams
who won the most “pool” matches qualify to the “Finals” stage, where the loser of each match
is then eliminated.
In [3] an alternative method of ranking is considered. The “Page Ranking” method described
by them is derived from an algorithm used by internet search engines such as Google to rank
web pages by relevance, and was first applied to tennis by Radicchi [12]. The Page rank
calculates players’ strength only using players’ performance against other players which means
that, contrary to the official ranking method, all matches played thorough the duration of
each tournament are considered, whereas the official ranking only takes the final result for
each player. However the page rank algorithm averages players’ performances and, as a result,
underestimates the current strength for players and teams who have substantially improved
their skills recently, or overestimates their current strength if they have not performed at their
best recently or have suffered an injury. The page rank could also give misleading results if a
player only recently started competing, as not many past results would then be available.
Official rankings of players or teams are computed by the appropriate authorities – the ATP
(Association of Tennis Professionals) for men’s tennis, the WTA (Women’s Tennis Association)
for womens tennis, and FIVB (Federation International de Volley-Ball) for both men’s and
women’s volleyball. In the case of tennis, the World Rankings are based on each player’s results
over a period of the previous 52 weeks. Points are awarded to a winner or player knocked-out
in a particular round at different tournaments. The most are awarded according to how far the
player progressed in each tournament, with more points being available for the more prestigious
tournaments, which tend to attract stronger players, than for minor ones. For example, the
winner of a “Grand Slam” tournament – Wimbledon and the Australian, French and U.S. Opens
– would gain 2000 points, whereas the winner of an ATP 500 tournament would be awarded
just 500 points. Each player must compete in a certain number of tournaments of specified
caliber in order to gain a ranking, and a player cannot climb up the ranking ladder quickly by
just playing in a large number of the less prestigious tournaments.
The situation for Volleyball is somewhat more complicated, since the official FIVB rankings are based on the results achieved at the following major tournaments: Olympic Games
and their qualification tournaments, World Cup, World Championships and their qualification
tournaments, Continental Championships, Continental and World qualification tournaments,
World League (Men), and World Grand Prix (Women). The first four of these are organised
every four years, whereas the World League and Grand Prix take place every year. For the first
three, and all their qualification tournaments, points awarded are retained in the rankings for 4
years. For Continental Championships, points are retained for 2 years, and some points are also
awarded to the best non-qualifying teams. The World League (Men) and World Grand Prix
(Women) are organised every year, so points from those are awarded after each tournament’s
completion but are retained for just one year. More ranking points are available to teams
which do well in the most prestigious tournaments, namely the Olympic Games, World Cup
and World Championships, than for the others. As these top competitions are organised only
every four years, sometimes a team’s current strength does not reflect the position obtained
the last time those tournaments were held, which is one of the weaknesses of the current FIVB
ranking system, retaining points from those results for a period of 4 years.
In our approach, we obtain probabilities of match outcomes using models based on the
page ranking method [3, 12] as well the current official rankings, and compare the predictive
power of both approaches. The probability modelled was for a given player or team to lose a
match. To allow true comparison in terms of improving the goodness of fit, only those predictor
variables for which direct equivalents for both methods could be found were considered. It is
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well known that sports vary in popularity and level of funding and sponsorship between different
countries. For example, in tennis, 68% of all male and 72% of female active professional tennis
players respectively considered in this project are European. Furthermore, 81% of the top 32
male players are also European. Although the players’ continent of origin was considered as
a possible variable for inclusion into the logistic regression models, it was found to be highly
correlated to the players’ ranking, which was a more powerful predictor, so the continent of
origin was excluded from all the models.
As outlined in the previous sections, just using the players’ or teams’ rankings to predict the
outcome of each match is quite successful. However, we noted that in our approach including
the previous results in the most recent equivalent tournament provides a slight uplift on the
prediction rate. This is especially true for tennis where all of the Grand Slam tournaments are
organized on a different surface which affects performance of some of the players. All tennis and
volleyball models were built using different combinations of variables based on their official/page
rank and previous performance in a tournament of the same type, and the optimal coefficients
for the logistic regression models computed using maximum likelihood estimation in SAS, with
respect to the data for 2009-13 for tennis, and 2008-13 for volleyball.
Each model developed to predict the tennis results in a combination of the following variables: page or official ranking difference between a higher and a lower ranked player, best
round for the player of primary interest the previous instance of that tournament, ranking of
the higher ranked player, ranking of the player for who the probability is measured. Only
statistically significant parameters were retained in the final models.
The final two logistic regression models for men’s tennis, using page rankings and official
rankings respectively, are as follows:
Model MT1 :
ln[pij /(1−pij )] = 5.34+0.04∗pagerankdiff−0.07∗Hpagerank−1.202∗bestround+0.04∗playerpagerank
Model MT2 :
ln[pij /(1−pij )] = 4.99+0.03∗offrankdiff −0.05∗Hoffrank−1.17∗bestround+0.02∗playeroffrank
where pij represents the probability that player i loses to player j, pagerankdiff and offrankdiff
represent the difference in the rankings (“official” or “page”, as appropriate), Hpagerank or
Hoffrank the higher ranking of the players, playerpagerank or playeroffrank the rankings of
player i, and bestround represents the latest round in the same tournament reached by player i
the last time he/she played in it, set to zero if no such instance was recorded. This dependence
on the previous version of the same tournament can be regarded as a “surrogate” variable for
the surface (grass, clay, hard court) on which that tournament is played.
The optimal models for women’s tennis are :
Model WT1 :
ln[pij /(1 − pij )] = 0.138 + 0.0029 ∗ pagerankdiff + 0.604 ∗ bestrounddiff + 0.0116 ∗ playerpagerank
Model WT2 :
ln[pij /(1 − pij )] = 0.042 + 0.0076 ∗ offrankdiff + 0.566 ∗ bestrounddiff + 0.016 ∗ playeroffrank
where bestrounddiff is the difference between the rounds attained by the higher and the lower
ranked players respectively the last time that tournament was played.
For mens volleyball, the best-fitting models are :
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Model MV1 :
ln[pij /(1−pij )] = 0.0134−0.176∗pagerankdiff−0.359∗prevLast4+0.312∗teampagerank0.315∗Lpagerank
Model MV2 :
ln[pij /(1−pij )] = 0.383−0.136∗offrankdiff−0.805∗prevLast4+0.201∗teamoffrank0.231∗Loffrank
and for womens volleyball : Model WV1 :
ln[pij /(1−pij )] = 0.158−0.237∗pagerankdiff−0.264∗bestround+0.379∗teampagerank0.399∗Lpagerank
Model MV2 :
ln[pij /(1−pij )] = 0.226−0.153∗offrankdiff−0.581∗bestround+0.256∗teamoffrank0.271∗Loffrank
where prevLast4 takes thevalue of 1 if the team reached semi-finals or finals stage the last time
that tournament was played, or 0 otherwise.
The validation and testing of these models in application is described in section 5 below.

4
4.1

Results and Applications to Betting
Predictive power of the logistic models and validation

We now investigate how successful our models are at predicting the results of matches. In Table
1 below, we show the fractions of matches of each type which our models correctly predict the
winner, including the “baseline” model which always just chooses the higher ranked player. In
some cases, the tournaments considered were in the dataset used to train the models, but others
(indicated with an asterisk) were not, so these cases are genuine tests of the models’ ability to
predict results in a general context. It can be seen that, in most cases, our regression models
outperform the baseline model, and the better model usually does so by a considerable amount.

4.2

Applications to Gambling

Five betting strategies were employed using the probabilities obtained from the logistic regression models: (i) A simple fixed stake bet on the bookmakers favorite – a virtual bet was placed
on the favorite indicated by the bookmakers – this was done both using the bookmakers’ quoted
odds, and with the odds scaled in such a way that the corresponding win or lose probabilities
would sum to one; (ii) A simple fixed stake bet was placed on the favorite as indicated by the
probabilities calculated from the better of the logistic regression models; (iii) A bet of constant
stake was placed on the player or team for which the more “generous” odds were offered. This
was decided by subtracting the odds predicted by our model from the bookmakers’ odds, and
placing a bet on the player or team for which that difference was greatest; (iv) A simple fixed
stake bet was placed on the bookmakers’ favorite, but only if the odds were more generous than
for the opponent; (v) Kelly “Odds Overlay” betting [7], which is a strategy that adjusts the
stake of the bet according to the probabilities computed from our model and the bookmakers’
odds offered. A fraction f of the gambler’s current capital is placed on a bet, calculated as:
f = (p.d − 1)/(d1)
where p is the gambler’s estimate of his probability of winning, and d is the ‘decimal odds’
offered by the bookmaker for a particular player. A “Kelly” gambler will place a bet based on
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Men
Women
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Tournament(s)
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Matches Won by Higher Page
Ranked
Rank
Player/Team
Model
Tennis
“Grand Slams” 2009-2013
1830
71.53%
83.28%
Tennis
US Open 2014*
90
64.44%
64.44%
Tennis
“Grand Slams” 2009-2013
876
67.92%
73.76%
Tennis
US Open 2014*
74
77.00%
89.20%
Volleyball World
Cup,
World
750
71.10%
70.40%
Championships, Olympic
Games, 2008-2013
Volleyball World Championships
89
68.50%
68.50%
2014*
Volleyball World
Cup,
World
643
74.50%
77.90%
Championships, Olympic
Games, 2008-2013
Volleyball World
Championships
70
78.50%
80.00%
2014*

Official
Rank
Model
81.15%
76.67%
70.50%
90.01%
71.60%

71.90%
72.60%

75.70%

* No data from these tournaments were used in training the models, but data from all the
other tournaments (of the appropriate sport) listed were included when computing the optimal
parameters in each model.
Table 1: Correct match prediction proportions for our models, compared with the “baseline”
of always selecting the higher ranked player or team.

the ‘edge’ value, defined as: (d1) − (1 − p)/p, such that the gambler: (a) places a bet if the
‘edge’ is positive, or (b) does not place a bet if the ‘edge’ is zero, or (c) places a bet on the
opponent if the ‘edge’ is negative (and the corresponding ‘edge’ for the opponent is positive).
All bookmakers’ odds used were found on the betexplorer.com and tennis-data.co.uk websites.
Player A decimal odds Player B decimal odds Player A bookmakers’ Player B bookmakers’
(our model)
(our model)
decimal odds
decimal odds
1.37
3.72
1.66
2.10
1.46
3.15
1.66
2.10
1.57
2.76
1.90
1.80
1.24
5.22
3.25
1.33
Table 2: Sample of decimal odds obtained from our model compared with the bookmakers’ odds
for the same men’s tennis matches. Note that, due to the bookmakers incorporating a profit
margin into their odds, we do not expect the bookmakers’ odds to correspond to probabilities
which sum to one.
The betting strategies were applied to the 2009-2013 tennis “Grand Slam” tournaments,
and the World Championships, World Cups, World Leagues and the Olympic Games organised
between 2008 and 2014 for volleyball, and virtual bets placed on the outcome of randomly
selected samples of 25 matches (using the rand() function in Excel), employing 10 sampling
attempts per model (men or women, tennis or volleyball. The bets were either a fixed stake of
£2, or a fraction of the current “pot”, which was initially set up containing £50. The average
returns for each strategy are shown in Table 3 below. In each case, the “better” of our two
logistic regression models for that particular sport and gender pair was used.
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Discussion and Conclusions

It can be observed from Table 1 that, although the success rates of our models vary from
tournament to tournament, in most cases both our models perform better than the baseline
assumption, namely that the higher ranked player or team will win. In all cases the “better” of
our two models outperforms the baseline, but sometimes the model based on official ranking is
the better, and other times that using the page ranking is superior. It is not clear that either
ranking scheme has an advantage over the other further investigation relating to this would be
required.
Strategy: (ia): back (ib): back
bookie’s
bookie’s
favorite,
favorite,
scaled odds bookie’s odds
Men’s
+1.56 (5.85) −0.66 (5.50)
tennis
Women’s −7.65 (11.05) −9.45 (10.68)
tennis
Men’s
−2.67 (6.64) −5.14 (6.20)
volleyball
Women’s −0.49 (5.50) −2.29 (5.35)
volleyball

(ii):
back (iii)
fixed
our model’s bet on more
favorite,
generous
fixed stake
odds
+1.43 (6.13) −18.53 (30.15)

(iv) fixed bet (v)
Kelly
on
bookie’s bet, variable
favorite
if stake
odds generous
+8.45 (24.72) +42.88 (147.98)

−7.17 (10.40) −4.57 (19.12) +21.34 (23.85) +13.18 (91.05)
−2.74 (7.56) −1.62 (17.09) +17.67 (20.71) +1.37 (61.66)
+13.38 (16.54) −27.94 (17.34) +10.95 (22.77) +3.67 (55.19)

Table 3: Average profits or losses (with standard deviations in brackets) for the different gambling strategies described above. The tennis results are for random samples of matches in the
“Grand Slam” tournaments held between 2009 and 2013, whereas the volleyball results are for
random samples of matches from the major international tournaments held between 2008 and
2014.
Regarding the different betting strategies, a simple bet on the bookie’s favorite is clearly
not a good approach. In most cases, either the Kelly methodology or the “Back the bookie’s
favorite, but only if the odds are generous” (i.e. predicted as “generous” according to our
models) strategy give the best average returns, if with rather high variances (especially for the
Kelly method). However, it should be noted that the latter is a conservative gambling scheme
– you only bet on the bookie’s favorite, and only if our models deem that the odds offered by
the bookmakers are generous. It appears that finding the strategy which guarantees a positive
return on average is still elusive!
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Abstract
Infostrada Sports has one of the biggest sports databases in the world, covering more
than 250 sports. I propose to introduce the content of our database via a presentation
outlining the data that we collect, which competitions, the depth of that data, the historic
completeness of that data and also the real-time nature of the data collection.

1

Introduction

Infostrada Sports is a Dutch company which was founded in 1995 to collect sports data, both
current and historic with the original aim of becoming the world’s most comprehensive archive
of the history of sports results. The database began with cycling and has since grown into a
unique record of sports information which is unmatched in its global and historical coverage.
The database now contains more than 250 sports with the earliest result dating back to 1860.

2
2.1

Database content
Results

There are now nearly 24 million sports results from 251 sports currently held in the Infostrada
Sports’ database with more being added every day as competitions continue to take place all
over the world. The majority of the data input is done live, as events happen, in a 24-7 operation
coordinated from the head office in the Netherlands and supported by other offices around the
world, notably in Harbin, China.
In order to maintain this vast operation, sports have been divided into three types:
Team sports – for example rugby, in which the minimum level of coverage would be the two
competing teams and the scoreline. However, the detail can go deeper than this to include
the line-ups, scorers, scorer times, disciplinary cards, card times, substitutions and their
related times, attendances and even, for some selected leagues, basic performance data.
Head to head sports – for example tennis, in which the minimum level of coverage would
be the two participants and the scoreline. However, the detail can go deeper here too in
order to include further breakdowns of that performance.
Time Judge sports – for example athletics, in which the minimum level of coverage would
be the rank order and performance of each of the participants. Again, the detail can go
deeper to include further breakdowns of that performance.
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Actions

Actions are specific things which happen during a team sport, like a goal or a disciplinary card.
Those actions will usually have a time associated with them as well as the person or people
who were involved. There will often be further supplementary information, such as whether a
goal was scored with the left foot, right foot or head for example. There are currently more
than 21 million actions present in the database.

2.3

Matches

A match entry in the database contains a date and a scoreline attached to it as well as those
participating in it and the competition of which the match was a part. If that competition was
split into phases, then that is also recorded. The number of matches in the database is now
approaching three million in total.

2.4

People

In 2014, the number of people in the Infostrada Sports database surpassed one million for the
first time, and has grown around a further 10% since that moment. People are entered into
the database with a date of birth, place of birth, height, weight and various name aliases. In
addition, their nationality, second nationality, club and national teams are recorded and linked
to date fields in order for changes to these to be accurately recorded. Name changes are also
recorded and linked to the dates on which specific names are relevant.

2.5

Competitions

More than 15,000 competitions from 251 sports have been entered into the Infostrada Sports
database with many of these containing a complete history of results. For more than a decade
now, complete results have been entered for almost all of the competitions so whereas other
records of results may only display the medal winners or the finalists, the Infostrada Sports
database contains a record for everyone that participated in that event.
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Football

Football results are currently collected for all top level domestic leagues in the world that are
played in FIFA member countries, which amounts to well in excess of 200 leagues. In addition,
goalscorers are entered into the database for many of these competitions. Lower level domestic
leagues are also entered into the database at at least result level for a number of selected bigger
countries such as England. This part of the data collection can go as low as the fifth level of
domestic competition.
Thirty-four of these domestic leagues have full line-ups, scorers, cards, substitutions and
attendances as well as the timings of relevant events entered into the database with 11 of these
leagues also having goal assists recorded. Eight of those 11 also have basic performance data
like shots, saves, corners, fouls, free kicks etc recorded.
Domestic Cups, Super Cups, League Cups and European competition are also entered into
the database at varying levels from just the final result in some smaller European nations to
basic performance level data for the Champions League.
All national team football is also present in the database, from World Cup and European
Championship final tournaments at full performance data level (all ball contacts), to a simple
result level for smaller international competitions and some friendlies.
Historic coverage varies but many major competitions are complete at at least the result
level. The major international competitions like World Cups, European Championships and
Champions League go even deeper than this and are also historically complete at the level of
line-ups, cards and goals (with timings). This is also the case with the 23 year history of the
English Premier League.

4
4.1

All other sports
Olympic sports

All Olympic sports are administered in the same way as one another with complete rankings
being entered for a number of specific groups of competitions. Most of these competitions are
complete historically at at least top-3 level. Table 1 shows the current level of data coverage:
Competition
Olympic Games
World Championships
World Cups (or equivalents)
Continental Championships
Other relevant competitions
Junior/Youth World Championships
World Rankings

Level of collection
Complete results of all phases and matches
including subresults
Complete results of all phases and matches
including subresults of specific matches
Complete event rankings.
Phases, matches and subresults for specific sports
Complete event rankings.
Phases and matches for specific sports
Complete event rankings
Complete event rankings
Monthly update of top-300 (some sports weekly)

Table 1: Data coverage of Olympic Sports at Infostrada Sports
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Paralympic sports

All sports currently included as part of the Paralympic Summer or Winter Games have their
complete event rankings entered into the database for both Paralympic Games and World
Championships.

4.3

Motor sports

The motor sports in the database are from the sports of auto racing, motorcycle racing and Motocross. Formula 1 and MotoGP include lap times, as well as the complete final results. WRC,
DTM, WEC, WTCC, World Championships Superbike/Supercross, and World Championships
MXGP/MX2 also have full results recorded.

4.4

Other sports

Two other major sports are collected in reasonable detail. For cricket, scoreboards of top level
international Test matches and One Day Internationals are entered in the database. Line-ups,
substitutions and key match actions for major rugby union internationals and several domestic
leagues in the sport are also recorded. The Rugby World Cup is historically complete at this
level of coverage.
Data at World Championship and Continental Championship level for a number of other
sports is also entered into the database. These sports are mainly those held at the Asian-,
Commonwealth- or Pan American Games.
As well as rugby union, domestic league competitions are also collected for sports like ice
hockey, hockey, handball, basketball, volleyball, water polo, bandy and floorball.

4.5

Biographies

In addition to all of the quantitative information, there is also qualitative information collected
for athlete biographies in Olympic, Paralympic and non-Olympic sports. There are now in
excess of 120,000 of these in the database.

5

Podium, the performance manager

One of the many services provided by Infostrada Sports is an online solution for the presentation
and analysis of results and rankings which is made available to National Olympic Committees
around the world.
Podium contains a subset of the data held in the Infostrada Sports database and a variety of descriptive analyses which have been built together with various NOCs like UK Sport,
NOC*NSF and USOC. The dataset is updated every morning and evening with the new results
which have been entered live over the previous 24 hours.
Podium contains all Olympic sports in a dataset described below in Table 2:
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Competition
Olympics
World Championships
(World) Cups
Continental Championships
World Rankings
European Games
Commonwealth Games

Data depth
All placings from 1992. Top-3 for full history
All placings from 2004. Top-3 for full history
All placings from 2008. Top-3 for full history
All placings from 2012. Top-8 from 2000
Monthly updated top-300 (some sports weekly)
All placings from 2015
All placings from 2010. Top 8 1994-2006,
Top-3 for full history
Pan American Games
All placings from 2015. Top-8 from 2003-2011.
Top-3 for full history
Asian Games
All placings from 2006. Top-3 for full history
Youth Olympic Games
All placings for full history
Youth/Junior World Championships
All placings from 2006
Youth/Junior European Championships All placings from 2012
Table 2: The Podium dataset

Podium will be demonstrated in a separate workshop session in order to provide insight into
the data that is contained in the Infostrada Sports database as well as to show some of the
descriptive analyses that are made available in this analysis tool.
In order for this demonstration to be as interactive and successful as possible, it is requested
that attendees provide some simple questions of the data in advance of the session.
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Abstract
Manchester City’s ageing squad has been identified in the media as a potential reason
for the team to produce a lower level of performance this season but how much truth
is there in this assertion and are team age structures changing? The age structure of
football teams is an under-utilised area of football analysis and we propose to investigate
them thoroughly by means of defining age curves for different positions, describing and
analysing the issue of relative age effect and making proposals for the ideal age structure
of squads playing in different strata of a top European competition. We also propose to
look at whether clubs are moving away from the ideal age structure because of the added
pressure from fans and media to deliver immediately on the pitch.
Whilst this analysis concentrates on club football, it is also highly relevant for all
team sports as maximising performance and ensuring that younger players gain enough
experience are key questions for policy makers at any club.

1

Introduction

As the English top flight has become wealthier, this has had an effect on the age of the players
playing, not only in terms of their average age but also the distribution of the ages throughout
a starting XI which will be referred to here as the age structure of the team. The average
age of English top flight teams gradually increased over the 20 year period prior to the current
Premier League being introduced in 1992/1993 but had already reached its approximate current
figure of around 27 years old by the time the Premier League started. So, whilst the average
age of Premier League teams has only increased slightly since 1992, the age structure within
those teams has changed with more of an emphasis on ‘peak age’ players in particular and
less opportunity for players who are still developing towards the age at which they would be
expected to produce their peak performance.
The aim of this paper is to investigate how the average age and age structure of English
top flight football teams has changed over more than 40 years with a specific focus on those
changes within the Premier League era. The age structure of different Premier League clubs
will be illustrated by a simple visual illustration. It is also proposed to investigate whether
there is a relationship between performance and the age structure of starting line-ups in the
Premier League although that is beyond the scope of this first draft.

2

Data

In total there are four datasets being implemented in this work. The first uses 15 complete
seasons of Premier League data to define the age curves and includes minutes played as well
as players, dates of birth, clubs and seasons. The second and third datasets comprise the 23
seasons of the Premier League from 1992/1993 to 2014/2015 and the fourth uses data from
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2001/2002 and 2011/2012 from one of those datasets supplemented by data from 1971/1972,
1981/1982 and 1991/1992 for a greater longitudinal comparison. The first three datasets are
from the database maintained by Infostrada Sports and the third is a combination of data from
the Infostrada Sports football database and data collected by the authors from the Rothmans
Football Yearbooks in the relevant years.

2.1

Dataset 1 – Premier League playing minutes summary

Every player who played in a Premier League match from 1999/2000 to 2013/2014 was collected
with his date of birth and minutes played. By using 1 January as a reference date in each season,
it was possible to calculate an age for each player for each season.

2.2

Dataset 2 – Premier League starting appearances summary

Every player who played in a Premier League starting line-up from 1992/1993 to 2014/2015
was collected with his date of birth and number of appearances in the starting line-up. By
using 1 January as a reference date in each season, it was possible to calculate an age for each
player for each season. The data was sourced from the Infostrada Sports football database
using the Football Stats Generator, a tool built in Qlikview by the Infostrada Sports Analytics
department.

2.3

Dataset 3 – Premier League starting appearances per player per
match

In order to provide greater accuracy for the graphics showing team structure, a second dataset
covering the same period as the first was generated from the Infostrada Sports football database.
This contains a line for each player every time he is named in the starting line-up and provides
the opportunity to calculate the player’s age on the day of the match.

2.4

Dataset 4 – Top flight starting appearances summary

Three seasons with 10 years between each pair were selected in order to take a longer term
longitudinal view at the data to gain insight into how things developed before the Premier
League era began. These data were collected by the authors from the relevant Rothmans
Football Yearbooks and added to two seasons sampled from dataset 1. The choice of seasons
(1971/1972, 1981/1982, 1991/1992, 2001/2002 and 2011/2012) was an arbitrary one driven by
the fact that the authors were already in possession of data from the first of those five seasons
as that copy of the Rothmans Football Yearbook was digitally available on the internet.
With the exception of dataset 1, the other datasets were all based on players in the starting
line-ups only for two reasons. The first is that managers are assumed to select their starting
line-ups as being their best chance of winning a match. The second is that those starting players
actually play 94% of the minutes played.

3

Defining age curves

In this study, the aim was to produce a simple initial ageing curve in order to have a basic idea
of when football players are present in each of three categories – development, peak and decline.
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These three categories were then named Talents, Peak Age and Veterans for the purposes of
the analyses which followed.
In order to do this, an assumption was made that the managers selecting the players are
generally efficient and therefore the number of minutes played by players of different ages would
be representative of the age curve of performance. Alternative methods could be to use an onpitch performance indicator such as shots, a composite performance indicator or ideally, if a
source was available, physical data.

Figure 1: Premier League age curve
Using minutes played and allowing the peak part of the curve (Figure 1) to be a little
wider in order to encompass a portion of development and decline allows a six year agespan
for the Peak Age group. The vast majority of the other two groups are also contained in age
spans of six years (18-23 for Talents and 30-35 for Veterans). Coincidentally, the qualification
requirements for the PFA Young Player of the Year also tie in with the Talent definition as
players are eligible if they are aged 23 or under at the beginning of the season.

4

Ageing in the English top flight 1971/1972 – 2011/2012

In order to investigate the ageing process of the English top flight over a longer period than just
the Premier League era, five data points were taken 10 years apart from each other, beginning
with the 1971/1972 season and ending with 2011/2012. As expected, the average age increased
in general and a clear trend upwards can be observed in Figure 2.
Two different averages were calculated as a simple average age across all starting players
was likely to be biased towards younger players who rarely played. In order to account for
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this, a second average age was calculated which was weighted for the number of times each
player appeared in the starting line-up. As expected, the weighted average age was always
higher than the simple average age but the difference between the weighted average and simple
average reduced from about 0.8 at the first three time points to only around 0.3 in each of the
two Premier League seasons in the sample.

Figure 2: The increase in average age of top flight starters in England 1971 – 2012

Looking at the trend in the number of players aged under 24 starting top flight matches the
“Talents” – there has been a declining trend over the same period which is shown in Figure 3.
This also helps to illustrate the reason for the narrowing difference between the average age and
weighted average age in Figure 2. Quite simply, the “Talents” are receiving less opportunity.
Looking at the Premier League era as a whole, there has been hardly any change in the
weighted average age over the 23 year history of the competition with the figures from all but
the first season being somewhere between 27 and 27.8. However, the age structure has changed
as shown by the decline in the percentage of talents starting matches shown in figure 3.
During the Premier League era alone, this trend means that the average number of players
aged under 24 who start for a team has reduced from two to one. This number tended to be
between three and four during the 1970s and 1980s allowing a smooth development path for
younger players into the professional game at this level. So, although the average age of the
players starting matches has remaineed reasonably stable during the Premier League era, the
age structure within those teams has not with fewer and fewer young players being selected and
more in the peak age groups.
Therefore, using a simple measure of average age is not enough to represent how this is
changing. A number of statistics like the gini coefficient or herfindahl-hirschmann index were
investigated as possible indicators of team age structure but it was concluded that a visual
representation would be better.
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Figure 3: The decline in top flight starting appearances for “Talents”

5

Visualising age structure

An advantage of visualising the age structure of a team and, eventually, showing an optimum
age structure is that it is easy to understand for the users of such information. Ages of the
starting XIs were tabulated for all matches within a season and then smoothed three times.
The equation to do this for each age category i was:
y smooth(i) = 0.25 ∗ y(i − 1) + 0.5 ∗ y(i) + 0.25 ∗ y(i + 1)
In Figure 4, these smoothed age distributions are shown for the 2014/15 season in the
Premier League overall, and for Manchester City who have attracted a lot of media attention
for the age structure of their team, notably the lack of young players and proliferation of players
in their late twenties and early thirties.
As Figure 4 shows, Manchester City’s starting XIs this season have tended to be older than
the Premier League average but also focused heavily on players who are around 28 to 29 years
old and therefore coming to the end of peak age in footballing terms. It is arguable that this
may already be having an effect on performance but this will certainly become an even bigger
issue if not quickly addressed as these players will only age further.

6

Further work

This paper represents work in progress and there is still a lot to achieve, notably to identify a
clear link between the age structure of a squad and performance in the league. The theory is
that it would be an advantage to try to maximise the number of players of peak age starting
matches but in order to avoid periods of rebuilding when those players begin to decline, an
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Figure 4: Manchester City’s starting XIs in comparison to the Premier League

optimal framework of different ages needs to be found, and, preferably visualised in order to
help clubs formulate the players they need to sign to fill in the gaps within their squad.
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Abstract
The prediction of athletic performance is a recurring theme as coaches and sports scientists endeavour to understand limits of sports performance. Predictive models based on
Olympic data for athletics have derived some accurate predictions of performance in the
2000, 2004, 2008 and 2012 Olympic Games. However, best fitting mathematical functions
varied with different events. The aim of this research was to develop descriptive and predictive mathematical models of changing performance over time for track and field events
for both men and women to assess if athletes in different events are increasing or decreasing performances. Data was provided by International Association of Athletic Federations
(IAAF) and by averaging scores of the top twenty performances for the major track and
field events for years 1960 to 2014 for men and women senior outdoor athletes. Mens events
were 100m, 200m, 400m, 1500m, 110mH, 400mH, long jump, high jump, shot put, discus,
javelin and hammer and womens events were 100m, 200m, 400m, 1500m, 100mH, long
jump, high jump, shot put and discus. The mathematical approach utilised regressioncurve estimation time series analysis by evaluating data fits to linear, logarithmic, inverse,
quadratic, cubic, compound, power, sigmoidal, growth exponential and logistic functions.
The calculations were conducted using SPSS Version 22 software. Results indicated cubic
functions consistently displayed best fits with the data. Mens track events displayed Rsquare values of 1500m (.955) to 100m (.791), in field events high jump (.958) to javelin
(.514) with increasing performances for 100m, 200m, 110mH and discus. Womens track
events displayed R- square values of 400m (.957) to 100mH (.866), in field events high
jump (.967) to javelin (.456) and increasing performances for 100m, 100mH and 1500m.
Current trends indicated most events performances were decreasing suggesting track and
field events have reached limits of performance or training adaptations are declining.

1

Introduction

The prediction of future athletic performance by humans is a recurring theme during Olympic
and IAAF World Championship years, as well as forming the basis for some stimulating ‘crystal
ball gazing’ in some of the learned sports science journals and in the mass media and this will
continue as sports scientists attempt to predict athletic performances at the 2015 IAAF World
Championships in Athletics, Beijing, China and 2016 Rio de Janeiro Summer Olympic Games,
Brazil. Mathematics and sport science are predicated on the principles of description and
more importantly prediction of relationships. The ability to make substantive and accurate
descriptions and predictions of past, current and future trends in elite level sports performance
indicates such approaches reflect “good” science. Often these predictions are purely speculative
and are not necessarily based upon any substantial evidence or mathematical modelling, rather
they are based on an inherent belief that human performances must continue to improve over
time and the constant breaking of records in sporting events may suggest this belief. The
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accessibility of public domain data in the form of results from Olympic Games, IAAF World
Championships, IAAF world records and IAAF world best performances for specific years
allow the analysis of performances in all IAAF athletic events. From these analyses, changes
in performance over time can be observed, described and predictions of future performance can
be made utilising the process of mathematical interpolation and extrapolation.
A number of researchers have attempted to predict future performances by deriving and
applying a number of mathematical statistical models based on past performances in athletics.
Prendergast [18] applied the average speeds of world record times to determine a mathematical
model for world records. The records or data used in the analysis spanned a 10 year period.
Following his analysis, Prendergast [18] raised the question of whether any further improvements
can be expected or if the limits of human performance have been reached. The sport of athletics
[5, 6, 7, 8, 10, 11, 12] has been addressed in this manner. The knowledge of past and future
levels of sporting performance has been identified by Banister and Calvert [1] as beneficial in
the areas of talent identification, both long and short term goal setting, and training program
development. In addition, expected levels of future performance are often used in the selection of
national representative teams where performance criteria are explicitly stated in terms of times
and distances for example, as required entry standards at 2015 IAAF World Championships
[16].
Péronnet and Thibault [2] postulated that some performances, such as the men’s 100m
sprint is limited to the low 9 seconds, whereas Seiler (referred to by Hopkins [13]) envisages no
limits on improvements based on data reflecting progression of records over the last 50 years.
According to Seiler improvements per decade have been approximately 1% for sprinting, 1.5%
for distance running, 2-3% for jumping, 5% for pole vault, whereas female sprint times may
have already peaked. The differences for males and females, where female performances not
changing or in some cases regressing is thought to reflect the impact of successful drugs in sport
testing on females. For example the 400m womens record in athletics was set in 1985 at 47.6s
and the 2013 400m women’s time at the 2013 IAAF World Championships was only 49.41s [14].
In athletics for the men’s events the mathematical functions based on Olympic performances
[6] were 100m inverse, 400m sigmoidal, long jump cubic and the high jump displayed four functions (compound, logistic, exponential and growth). In the womens events the mathematical
functions were 100m cubic, 400m sigmoidal, long jump inverse and high jump displayed four
functions (compound, logistic, exponential and growth). The functions for the IAAF World
Championship data were poor predictors of past, current and future performance in these
events with low R2 , non-significant p-values and large residuals or error. The one exception
was the womens long jump, which predicted a significant decline in performance. The low
predictive ability may be due to a short timeframe of data and insufficient data sets to develop
substantive predictive models or excessive variability in athletic cohorts, which mask trends if
they occur. The curves that fit the data have also displayed interesting findings as no one curve
fits all the data sets. This may indicate that different events are dependent upon different factors that are being trained differently or factors underpinning performance evolving in slightly
different ways. This has resulted in different curves or mathematical functions that reflect these
improvements in training or phylogenetic changes over time. However, at some point in time
how accurately the predictive models reflect reality can be assessed.
The predictions of Heazlewood and Lackey [6] paradoxically predicted the men’s 100m to
improve to zero by year 5038 and the women’s 100m to reach zero by year 2429, which indicates
a more rapid improvement over time for women sprinters. In the model [6], the women’s times
would be faster than men by 2060 where it was predicted the finalist at the Olympic Games
would average 9.58s for men and 9.57s for women respectively. A similar crossover effect, where
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predicted female performances would exceed male performances, was noted for the 400m and
high jump. However, the ability to predict performances at the 2000, 2004, 2008 and 2012
Olympic Games for the mens and womens 100m, 400m, long jump and high jump, based on the
1924 to 1996 data, was very accurate with low percentage error for most of the these events.
The aim of this research was to develop descriptive and predictive mathematical models of
changing performance using a more substantive data set from IAAF competition years 19602014 and analyzing a more substantive data base of events such as for mens of 100m, 200m,
400m, 1500m, 110mH, 400mH, long jump, high jump, shot put, discus, javelin and hammer
and womens events of 100m, 200m, 400m, 1500m, 100mH, long jump, high jump, shot put and
discus.

2
2.1

Methods
Sample

A substantive data set was provided by International Association of Athletic Federations [15]
and by averaging scores of the top twenty performances for the major track and field events for
years 1960 to 2014 for men and women senior outdoor athletes. The top 20 athletes to represent
the trends in performance were a significant increase over just finalists in major competitions,
such as IAAF World Championships and Olympic Games which has been utilised previously in
similar research [5, 6, 10, 11, 12]. Men’s events were 100m, 200m, 400m, 1500m, 110mH, 400mH,
long jump, high jump, shot put, discus, javelin and hammer. The women’s events were 100m,
200m, 400m, 1500m, 100mH, long jump, high jump, shot put and discus. The majority of events
in this study represented underpinning constructs of speed-power in the 100m, 200m, 400m,
jumps and hurdles; strength-power in the shot put, discus, javelin and hammer; and speedendurance in the 800m and 1500m. Total athletes in the sample were 25,920 where 14,040 were
men and 11,880 were women. Times for the track events were measured in seconds and reported
to the nearest 0.01s and distances for field events measured in metres to the nearest 0.01m. It
is important to note in the mens and womens 100m, 200m, men’s 110m hurdles and women’s
100m hurdles were competed in with legal wind speeds. These values served as the data set to
derive and test the curve estimations in term of model fit. This is a similar method utilised by
Heazlewood and Lackey [6] and Heazlewood [12] to curve fit Olympic data for athletic events.

2.2

Mathematical-Statistical Approach

Curve estimation is an exploratory tool in model building and model selection [3, 4] and SPSS
Version 22 (2014) where the best mathematical model or function is selected to represent quantitative relationships between the independent or predictor(s) and the dependent or response
variable(s). The mathematical solutions and curve estimations were derived using SPSS Version
22 (2014) statistical software. Details of the method for obtaining the regression equation and
curve of best fit are given in the accompanying paper [9].

3

Results

Results indicated cubic functions consistently displayed best fits with the data. Table 1 and
table 2 indicate information for male and female athletes and the specific track and field events
in terms of mathematical function, R2 value, level of statistical significance, mathematical
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equation based on cubic function, parameter estimates for equation constant, coefficients b1,
b2, b3 and trends in performance over time for each event.
Mens track events displayed R2 values of 1500m (.955) to 100m (.791) and in field events
high jump (.958) to javelin (.514). Events displaying increasing performances from 1960 to
2014 were 100m, 200m, 110mH and discus. Decreasing performances were observed in the
other men’s events and trends are highlighted in table 1, specifically, 400m from 2004, 800m
from 2010, 1500m from 2009, 400mH from 2001 and high jump from 1999. The throwing
events are interesting in performance trends, where shot decreased from 1986 (21.54m) to 2002
(21 20m) and with very marginal increase after 2003 (21.11m) to 2012 (21.28), and discus
performance decreasing after 1985 (68.49m) to 2003 (66.83m) and increasing again after 2004
(67.22m) to 2012 (67.74m). The hammer increased up to 2000 (81.17m) and then decreased
to current (79.89m). It is interesting to note that current world records in the men’s shot put,
discus and hammer were set in 1990, 1986 and 1986 respectively.
The javelin displays more interesting trends as in 1986, the men’s javelin of 800 grams
was redesigned [20], so that the centre of gravity was moved 4 cm forward, the surface areas
in front of and behind the centre of gravity were reduced and increased, respectively. The
effect was to reduce lift and increase the downward pitching moment and bring the nose down
earlier, reducing the flight distance by around 10% but also causing the javelin to stick in the
ground more consistently [20]. The outcome was increasing performances in males up to 1986
(91.34m), changes in specification from 1 April 1986 and then increasing performance with new
specification 1987 (82.20m) to 1999 (86.91m) and finally slight decreasing performance from
2000 (86.92m) to 2012 (85.32m).
Event

Function R2

Sign

100m
200m
400m
800m
1500m
110mH
400mH
Long Jump
High Jump
Shot Put

Cubic
Cubic
Cubic
Cubic
Cubic
Cubic
Cubic
Cubic
Cubic
Cubic

.791
.867
.855
.946
.955
.891
.949
.933
.958
.908

P<.001
P<.001
P<.001
P<.001
P<.001
P<.001
P<.001
P<.001
P<.001
P<.001

Equation Parameter Estimates
Constant b1
b2
b3
10.234
-.008 .000
-2.172E-6
20.721
-.030 .001
-6.165E-6
46.059
-.056 .000
5.237E-6
107.849 -.190 .003
-1.193E-5
222.348 -.379 .002
2.426E-5
13.809
-.023 .000
-1.381E-6
50.925
-.116 .001
1.328E-6
7.816
.021
.000
-2.192E-6
2.083
.013
.000
-1.509E-8
17.816
.308
-.010 9.407E-5

Discus

Cubic

.939

P<.001

55.246

1.101

-.033

.000

Javelin

Cubic

.514

P<.001

78.387

.950

-.031

.000

Hammer

Cubic

.928

P<.001

63.228

.811

-.006

-7.130E-5

Trends
Performance increasing
Performance increasing
Performance decreasing after 2004
Performance decreasing after 2010.
Performance decreasing after 2009.
Performance increasing
Performance decreasing after 2005.
Performance decreasing after 2001.
Performance decreasing after 1999.
Performance decreasing after 1985.
Increasing again after 2003.
Performance decreasing after 1986.
Increasing again after 2004.
Increasing up to 1986. Changes in
specification from 1 April 1986.
Increasing to 1999.
Decreasing 1999 to 2012.
Increasing to 2000,
decreasing 2000 to current.

Table 1. Trends in male track and field events 1960-2014.

Women’s track events displayed R2 values of 400m (.957) to 100mH (.866) and in field events
high jump (.967) to javelin (.456). Events displaying increasing performances from 1960 to 2014
were 100m, 100mH and 1500m from 2004. Decreasing performances were observed in the other
womens events and specific trends are highlighted in Table 2. In events of the 200m, 400m,
800m, high jump, discus, shot put and long jump performance has been decreasing from 1995,
1997, 1990, 2000 and 1991, 1986 and 1998 respectively. The results were similar in trend to
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the men in the shot put where performance is increasing to 1986, decreasing to 2010 and then
slight increase to present; and in discus increasing to 1991 and then decreasing 1992 to present.
It must be emphasized that current performances in both shot put and discus for women are
below the 1986 and 1991 performances. Women’s world records for shot put and discus were
set in 1987 and 1988 respectively.
The women’s javelin displayed more interesting trends as in 1999 the women’s javelin of
600 grams was redesigned as in the case of the male javelin [20]. Specifically, performance
increasing to 1985, decreasing from 1985 to 1999 with old specification, changed specification
1999, slight decrease from 1999 (64.12m) to 2005 (63.51m) and slight increase 2005 to 2014
(64.97m), however well below 1985 standard (68.18m). Figure 1 indicates a graphical trend for
the womens 400m from 1960 to present, as well as extrapolating to 2025.
It is important to emphasize in the majority of men’s and women’s track and field events
few events are trending to increased performance up to 2014 and such as is the situation with
men’s and women’s 100m and 110m hurdles and 100m hurdles. So what factors are causing the
majority of events to decline or become essentially static? A number of possible explanations
will be provided in the discussion.

Figure 1: Trends in mean times(s) for women’s 400m from 1960 to 2014 and extrapolating to
2025
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Event

Function R2

Sign

100m
200m
400m
800m
1500m

Cubic
Cubic
Cubic
Cubic
Cubic

.919
.943
.957
.933
.881

<.001
<.001
<.001
<.001
<.001

Equation Parameter Estimates
Constant b1
b2
b3
11.628
-.037
.001
-5.461E-6
24.149
-.121
.003
-1.808E-5
56.023
-.419
.010
-7.822E-5
129.446 -.914
.023
.000
289.659 -4.363 .126
-.001

110mH
Long Jump

Cubic
Cubic

.866
.895

<.001
<.001

14.129
6.111

-.104
.045

.003
-.001

-2.235E-5
8.594E-7

High Jump

Cubic

.967

<.001

1.664

.019

.000

1.667E-6

Shot Put

Cubic

.890

<.001

14.344

.523

-.015

.000

Discus

Cubic

.909

<.001

48.722

1.418

-.035

.000

Javelin

Cubic

.456

<.001

-311.82

.189

.000

.000

Trends
Performance increasing
Performance decreasing after 1995
Performance decreasing after 1997
Performance decreasing after 1990.
Performance decreasing after 1987.
Increasing again after 2004.
Performance increasing
Increasing to 1998,
decreasing to present.
Increasing to 2000,
decreasing to present.
Increasing to 1986, decreasing to
2010, slight increase to present.
Increasing to 1991, decreasing
1992 to present.
Increasing to 1985, deceasing to
2005, slight increase, 2014 well
below 1985 standard.

Table 2. Trends in female track and field events 1960-2014.

4

Discussion

Current trends indicated most events’ performances were decreasing and suggesting track and
field events have reached limits. What factors can be postulated to explain these trends? The
review of literature indicated that Prendergast [18] believed the limits of human performance
have been reached in athletics and these results support such a proposition, especially where
mens world records in throwing events were achieved in the shot put in 1990, the discus in 1986,
hammer in 1986 and javelin with new specification in 1996.
The world records in the women’s throwing events were achieved for the shot in 1987, discus
in 1988 and are consistent with the Prendergast [18] prediction, however javelin in 2008 with
the new specification and in the hammer, a new event and first contested in the Olympics in
2000, in 2014 and has scope to improve as women athletes become more technically proficient.
Seiler (referred to by Hopkins [13]) envisaged no limits on athletic improvements based
on data reflecting progression of records over the last 50 years although published in 2000.
Although Seiler predicted progression in sprints would be minimal for men and static for women,
the paradoxical effect is the men’s 100m and 200m have improved as has the women’s 100m,
whereas the men’s 400m and women’s 200m and 400m have declined. The women’s record for
the 200m and 400m were set in 1988 and 1985 respectively and at this point in time based on
current performances almost unachievable as the women’s 400m record of 47.60 is two seconds
beyond what best current athletes can sprint.
Three possible theories are presented to explain the decline in performance in the majority
of track and field events studied. It is important to note the majority of events studied were
speed-power (100m, 200m, 400m, jumps and hurdles) and strength-power (shot put, discus,
javelin and hammer) events. Only two events were speed-endurance dependent, the 800m and
1500m.
1. More vigilant drug testing in the sport of athletics, both in and out of competition, as
well as public disclosure for first offence for those athletes suspended or banned by the IAAF
and therefore dampening or preventing enhancing performance effect of anabolic androgenic
hormones. To have a world record ratified by the IAAF the application form has a section
indicating the athlete was drug tested at the time of competition and that the athlete has
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passed the test, that is no adverse drug findings [15]. No drug test then no world record, no
Olympic Gold or IAAF World Champion. The Olympics and IAAF World Championships are
where many of the year’s top ranked performances occur. The normal suspension/ban for first
offence anabolic androgenic hormones is two years. A second offence of this kind now results
in a life ban. If found positive all performances, monies paid by IAAF, awards and prizes are
forfeit so the punitive outcomes can very significant and are thought to act as a strong deterrent
to taking prohibited substances that appear on the World Anti-Doping Agency [19] list. This
factor might be one of the most important for the current widespread declines across events.
2. Financial rewards at the top in athletics now permit athletes to be fulltime professional
athletes, which means training time is fulltime and training hours can no longer be added to
as there are finite hours in a day and days in a week and so on. Fewer athletes are undertaking
the throwing events. Human training adaptation is finite and based on the law of diminishing
returns and we might be reaching or have reached this biological mathematical limit.
3. The source population providing the sample of potential athletes internationally is getting
smaller in terms of motor fitness abilities and thus fewer capable athletes to select from within
source population. In the context of Australia as well as in western nations there is an increasing
overweight and obesity epidemic/pandemic for males and females. In Australia overweight and
obesity for males 18 years and over estimated to be 70% and for females 56% [17]. High
performance track and field athletes are generally well over 18 years of age in both sexes. These
overweight/obesity rates have increased by five and six percent respectively, when compared
to the 1995 results. “People being overweight or obese may have significant health, social and
economic impacts, and is closely related to lack of exercise and to diet,” [17]. The carry-over
effect is reduced motor fitness of which strength, power, speed and endurance are component
and the consequence is reduced performances.

5

Conclusion

It is somewhat disconcerting to observe and quantify the declines across many track and field
events based on the year by year performances of the top twenty athletes selected to represent
ontogenetic and limited phylogenetic trends. Only a very limited number of events displayed
improvement, such as 100m and 110mH and 100mH. It is important to highlight these declines
might be attributable to three factors, that are, more vigilant drug testing and punitive sanctions for adverse drug tests, the limits of training adaptation in fulltime athletes and finally a
decline in the general motor fitness of the global population and the source population for new
athletes, especially in the motor fitness factors of strength, power, speed and speed endurance.
It will be very interesting to continue to evaluate these trends over the next decade and beyond
to asses if we are becoming bigger, stronger faster or just bigger, fatter and slower.
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Abstract
Mathematics and science are based on principles of description and importantly prediction. The ability to make substantive and accurate predictions of future elite sports
performances indicates such approaches reflect “good” science. Often these predictions are
purely speculative and are not based upon any substantial evidence; however they provide
criteria for athletes in terms of performance standards to be achieved to be competitive
internationally, resetting international qualifying standards for IAAF sanctioned competitions such as World Championships, to focus on limits of human athletic performance and
evaluating long term adaptations of athletes to chronic training. The research aim was
to further develop predictive mathematical models using IAAF World Championship data
in athletics outdoor championships 1983 to 2009 (previous model) for men’s and women’s
100m, 400m, long jump and high jump and then evaluate a revised model based on the
addition of 2011 and 2013 data to predict the 2015 performances. Data sets consisted of
average scores of the top eight performances in the finals of each event. The mathematical approach utilised regression-curve estimation time series analysis by evaluating data
fits to linear, logarithmic, inverse, quadratic, cubic, compound, power, sigmoidal, growth
exponential and logistic functions. The calculations were conducted using SPSS Version
22 software and goodness of fit by R2 , significance, accuracy of prediction and residuals.
The results for mens and womens events indicated cubic functions consistently displayed
the best fits with R2 values for 100m (.723), 400m (.336), long jump (.221) and high
jump (.920) for men and 100m (.366), 400m (.526), long jump (.692) and high jump (.496)
for women. The inclusion of the 2011 and 2013 data improved the fits very marginally.
The outcome was, although some variability existed in R2 the predictions for events were
accurate indicating in the majority of events the cubic functions displayed good model fits.

1

Introduction

The prediction of future athletic performance by athletes is a recurring theme during IAAF
World Championships, which are now held biannually in odd calendar years and the next will
be Beijing, 2015. Prediction also forms the basis for crystal ball gazing in some of the learned
sports and exercise science journals and in mass sports media and this will continue as sports
scientists attempt to predict athletic performances at the 2015 IAAF World Championships
in Athletics, Beijing, China. The ability to make substantive and accurate descriptions and
predictions of past, current and future trends in elite level sports indicates such approaches
reflect “good” science, that is if they are successful. Often these predictions are conjecture and
“gestimates” and are not necessarily based upon any substantial evidence such as mathematical
models accurately mapped with real data. They are based on an inherent belief that human
performances must continue to improve over time and the constant breaking of records in
sporting events may suggest this belief, even when research may indicate otherwise [6, 7]. The
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accessibility of public domain data in the form of results from IAAF World Championships
from the Championships’ inauguration in 1983, allows the analysis of performances in all IAAF
athletic events. From these analyses, changes in performance over time can be observed and
described; and predictions of past, recent and future performance can be accomplished utilising
the processes of mathematical modelling, interpolation and extrapolation.
A number of researchers have attempted to predict future performances by deriving and
applying a number of mathematical statistical models based on past performances in athletics.
In the sport of athletics mathematical statistical researchers [4, 5, 6, 7, 8, 9, 10] have applied
such a paradigm to successfully predict with varying degrees of accuracy future performances in
men’s and women’s sprint and jump events. The knowledge of past and future levels of sporting
performance has been identified by Banister and Calvert [1] as beneficial in the areas of talent
identification, both long and short term goal setting, and training program development. It
is important to highlight expected levels of future performance are often used in the selection
of national representative teams, where performance criteria are explicitly stated in terms of
times and distances such as prescribed entry standards for 2015 IAAF World Championships
[12].
The predictive models for past IAAF World Championship 1983 to 2009 data were poor
predictors of past, current and future performance in these events with low R2 , non-significant
p-values and large residuals or error. The one exception was the women’s long jump, which
predicted a significant decline in performance. The low predictive ability may be due to a
short timeframe of data and insufficient data sets to develop substantive predictive models
or excessive variability in athletic cohorts, which mask trends if they occur. The curves that
fit the data have also displayed interesting findings as no one curve fits all the data sets.
This may indicate that different events are dependent upon different factors that are being
trained differently or factors underpinning performance evolving in slightly different ways. This
has resulted in different curves or mathematical functions that reflect these improvements in
training or phylogenetic changes over time. However, at some point in time how accurately the
predictive models reflect reality can be assessed.
The research aim was to further develop predictive mathematical models using IAAF World
Championship data in athletics outdoor championships 1983 to 2009 (previous model) for men’s
and women’s 100m, 400m, long jump and high jump and then evaluate a revised model based
on the addition of 2011 and 2013 data to predict the 2015 performances.

2
2.1

Methods
Sample

The initial model to predict performances in the men’s and women’s 2015 IAAF World Championships 100m, 400m, long jump and high jump was derived from mean scores for the finalists
in the men’s and women’s 100m, 400m, long jump and high jump from the 1983, 1987, 1991,
1993, 1995, 1997, 1999, 2001, 2003, 2005, 2007 and 2009 IAAF World Outdoor Championships,
used as the exemplar for performance in each event for each championship year. Times for the
100m and 400m were in seconds and measured to the nearest 0.01s and distances for the long
and high jump were in metres and measured to the nearest 0.01m. It is important to note in the
men’s and women’s 100m all finals were competed with legal wind speeds. These values served
as the data set to derive and test the curve estimations in term of model fit. This is a similar
method utilised by Heazlewood and Lackey [5] and Heazlewood [10] to curve fit Olympic data
for athletics and swimming events.
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Mathematical-Statistical Analysis

Curve estimation is an exploratory tool in model building and model selection [2], as the best
mathematical model or function is selected to represent quantitative relationships between the
independent or predictor and the dependent or response variable. The mathematical solutions
and curve estimations were derived using the SPSS Version 22 statistical software (SPSS Inc.,
2015). The revised model to predict the men’s and women’s 2015 IAAF World Championships
100m, 400m, long jump and high jump was based on the addition of actual performance data
from the 2011 and 2013 IAAF World Championships.
The most common curve estimation or model fit approaches are based on the following
mathematical functions, which are linear, logarithmic, inverse, quadratic, cubic, power, compound, S-curve, logistic, growth, and exponential models. In terms of statistical approach [2]
model fit indices are then applied to test the quality of the model. The general method of
determining the appropriate regression models is: 1. start with an initial estimated value for
each variable in the equation, 2. generate the curve defined by the initial values, 3. calculate
the sum-of-squares where the sum of the squares of the vertical distances of the points from
the curve, and 4. then adjust the variables to make the curve come closer to the data points.
There are several algorithms for adjusting the variables. The most commonly used method
was derived by Levenberg and Marquardt (often called simply the Marquardt method). Adjust
the variables again so that the curve comes even closer to the points. Keep adjusting the
variables until the adjustments make virtually no difference in the sum-of-squares. Report the
best-fit results and then the precise values you obtain will depend in part on the initial values
chosen in step 1 and the stopping criteria of step 5. This means that repeat analyses of the
same data will not always give exactly the same results. To investigate the hypotheses of model
fit and prediction, the eleven regression models were individually applied to each of the athletic
events. The regression equation that produced the best fit for each event, that is, produced
the highest coefficient of determination (abbreviated as R2 ), was then determined from these
eleven equations.
The specific criterion to select the regression equation of best fit was the magnitude of
R2 . The significance of the coefficient of determination (R2 ) is a measure of accuracy of the
model used. A coefficient of determination of 1.00 indicates a perfectly fitting model where
the predicted values match the actual values for each independent variable [2, 3, 11]. Where
more than one model was able to be selected due to an equal R2 , the simplest model was used
under the principle of parsimony, that is, the avoidance of waste and following the simplest
explanatory model, as well as the statistical significance of the analysis of variance, the alpha
or p-value and size of residuals or error in predictions. Some caution is required to not over
interpret a high R2 as it does not mean that the researcher has chosen the equation that best
describes the data. It also does not mean that the fit is unique – other values of the variables
may generate a curve that fits just as well.
The experimental hypothesis was that inclusion of the 2011 and 2013 World Championship
real data would slightly improve the existing model based on 1983 to 2009 data and slightly
improve model fit for 2011 and 2013 performances and improve the prediction for 2015 World
Championship performance in the 100m, 400m, long jump and high jump. The quality of the
revised model and fit with 2015 World Championship performances can be tested after the
championship in August, 2015.
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Results

Table 1 indicates the actual and predicted track and field performances for men and women at
2011, 2013 and 2015 Athletics Senior World Championships. The actual and predicted scores in
the first row of each cell are based on the original model from the 1983 to 2009 data. The value
in the second row in each cell in italics is the value based on the revised model using the 2011
and 2013 real data added to derive an updated model. Not unexpectedly the revised model
fits slightly better than the initial model. The results for men’s and women’s events indicated
cubic functions consistently displayed the best fits with R2 values for 100m (.723), 400m (.336),
long jump (.221) and high jump (.920) for men and 100m (.366), 400m (.526), long jump (.692)
and high jump (.496) for women. The inclusion of the 2011 and 2013 data improved the model
fits for each event very marginally. The result was, although some variability existed in R2
values, the predictions for 100m, 400m, long jump and high jump for both men and women
were accurate indicating in the majority of events the cubic functions displayed good model fit,
small residual error and accuracy in prediction.
2013
Actual/
Predicted

2015
R2
Predicted
Beijing
2230/8/2015

Significance

Wind
corrected
10.04/9.92
9.96
400m
45.09/44.56
44.68
Long
8.26/8.27
jump
8.263
High
2.32/2.30
jump
2.316
Event
2011
Female Actual/
Predicted

9.98/9.90
9.95

9.89
9.94

.723

.013

Constant b1
10.48
-.280

b2
.047

b3
-.002

44.64/44.53
44.67
8.25/8.27
8.261
2.35/2.298
2.315
2013
Actual/
Predicted

44.51
44.66
8.27
8.257
2.295
2.313
2015
Predicted

.336

.274 ns

45.71

-.52

.07

-.0031

.221

.122 ns

10.04

-.0009

0

0

.920

.001

3.49

0

0

-1.47E-10

R2

Significance

100m

10.98/10.94
10.953

10.93
10.945

.366

.223 ns

Constant b1
11.22
-.01

b2
.01

b3
-.00068

50.26/50.10
50.27
6.84/6.72
6.726
1.97/1.993
1.983

50.10
50.29
6.70
6.706
1.994
1.984

.526

.033

44.73

.003

0

0

.692

.008

28.34

-.011

0

0

.496

.034

1.25

0

0

9.14E-11

Event
Male

2011
Actual/
Predicted

100m

400m
Long
jump
High
jump

Wind
corrected
10.98/10.95
10.961
50.69/50.10
50.24
6.64/6.74
6.747
1.97/1.99
1.982

Equation Parameter Estimates

Equation Parameter Estimates

Table 1. Actual and predicted track and field performances for men and women at 2011, 2013 and 2015
Athletic Senior World Championships. Times in seconds for 100m and 400m and distances in metres for long
jump and high jump. Italic numbers are predicted scores using the revised model for 2011, 2013 and 2015
performances. The mathematical function used in the model is cubic in all cases.

In the 2015 World Championship, Beijing predictions, the first entry per cell is the prediction
based on the initial model and the second entry in italics in each cell is the predicted value for
each event using the revised model. It is important to note the revised model predicted values
marginally different in performance than the initial model values. Specifically, both models
indicate improving performance in the mens and womens 100m, improving performance in the
63

Predicting Performance at IAAF World Championships

Heazlewood and Walsh

men’s 400m, declining performance in women’s 400m, declining performance in both the men’s
and women’s long jump and decreasing heights in men’s high jump and increasing heights in
the women’s high jump. It must be emphasised the changes will only be very small in times and
distances. Although some of the statistical tests are not significant such as with men’s 400m,
men’s long jump and women’s 100m, both models display low prediction error. The 2011
percentage prediction error varied from 0% women 100m to 0.8% men 100m, 1.16% women
400m to 1.19% men 400m, 0.12% men’s long jump to 1.50% women’s long jump, and 0.86%
men’s high jump to 1.01% in women’s high jump. The 2013 World Championship predictions
similarly indicated low percentage error in prediction, specifically 0% women 100m to 0.61%
men 100m, 0.22% men 400m to 0.30% women 400m, 0.36% men’s long jump to 1.78% women’s
long jump, and 1.74% men high jump to 1.00% women high jump.
The research is confident that the predicted times and distances for the finalists in the
different events will be very close to the actual time, assuming legal wind conditions. If the
wind speeds are not legal then correcting for wind speed can be accomplished to remove constant
error or bias due to wind speed. This was the case in 2011 for the 100m for both men and
women. These findings suggest a high degree of performance consistency in terms of times and
distances achieved over the past two championships.

4

Discussion

Five of the model fits were statistically significant, however all models displayed minimal error
in prediction. The most consistent model for all events was based on a cubic mathematical
function, which displayed the best fit indices. Accuracy of predicting actual event result was
very high in 2011 and 2013 due to extremely low performance variability exhibited over time by
athletes at the IAAF World Championships. These cubic models can be used with confidence
to predict athletic performances in the 100m, 400m, long jump and high jump for both men
and women in a near future international event, the 2015 World Championships, in terms of
the mean scores for finalists in each event. The mean score represents the overall performance
standards for the finalists and indicates that performance standards are marginally improving
for men’s 100, 400m and declining in the long jump and high jump. In the women’s events
marginal improvement is expected in the 100m and high jump and a marginal decline in the
400m and high jump. The researcher emphasizes that the changes will be very marginal and
be of performance significance to athletes and not statistical significance in terms of changed
scores.
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Abstract

In this paper, we try to evaluate performance of a soccer player from the aspect of
importance as a team member. For this purpose, we evaluate a set of 10 field players of
the team by introducing a link between teams and players into the model, and rank the
individual players by their reference frequency. We illustrate our method using annual
data of a J-league team in the 2013 season.

1

Introduction

Data envelopment analysis (DEA) is one of the practical methods for evaluating various sport
activities, and has been used mainly for evaluating performances of teams and players separately. In terms of soccer, for the evaluation of teams the management aspect has been analyzed
by using such input and output measures as expenditure, revenues, spectator attendance and
salaries [1]. The technical aspect of teams has also been analyzed by using such data as the
number of goals and passes [4]. For the evaluation of individual players, on the other hand,
Hirotsu et al. [2] evaluate the performance of J-league players in order to identify their characteristics by position using data of the 2008 season. They use the CCR model with playing time
as input and the numbers of ten basic plays or actions such as goals, passes and fouls as outputs.
Santin [5] ranks the Real Madrid players by position using data from the 1946/47 to 2009/10
season. He uses the super-efficiency model with such data as the number of seasons each player
played for Real Madrid’s first team and the number of official games played. Tiedemann et
al.[6] assess the performance of Bundesliga players using data from the 2002/03 to 2008/09
season. They use a metafrontier approach with playing time, the number of goals and assists,
tackle ratio (%) and pass completion ratio (%). They show a positive relationship between a
team’s average player efficiency score and its rank in the league table at the end of the season.
As seen from the above, teams and players have separately been evaluated in most of the
literature, and there has been little research from the aspect of importance of a player as a team
member, by connecting the performance of the individual players with that of the team, except
Tiedemann et al. [6] who analyze the relationship between them. We here try to extend their
analysis considerably by introducing a link between teams and players into the DEA model.
That is, not just taking an average of the player efficiency scores in a team, we evaluate a set of
players of the team by introducing a link into the model, and rank the individual players as a
team member by their reference frequency. We illustrate our method using annual player data
such as the number of goals and passes of a J-league team in the 2013 season.
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The Data

For illustrating our method, we use the data of Shimizu S-pulse of J-league. The data are
provided by Data Stadium Inc. We picked up 16 field players who played more than 450 minutes
in the 2013 season. In general, soccer players are quantitatively evaluated using the frequency
of plays or actions in a game. Opta Index Limited [3] gives the ten basic plays or actions: goals,
assists, passes, crosses, dribbles, tackles, interceptions, clears, blocks and fouls as measures of
evaluation of players, and Hirotsu et al. [2] use them for the evaluation of characteristics of
players. In this paper, we use the eight measures except assists and interceptions because their
frequency may not be large enough in evaluation of importance of individual players.
Although there is a variety of team concepts for conducting a game, we could say in general
that most teams want to increase the number of goals and the relating offensive measures such
as crosses, passes and dribbles by keeping a level of defense which is related to the measures
such as fouls, tackles, clears and blocks. As playing time will be naturally considered as input,
we here define the five input measures (playing time, the numbers of tackles, clears, blocks
and fouls), and the four output measures (the numbers of goals, passes, crosses and dribbles).
Following this concept, we use output-oriented model for increasing the output values under
the condition of keeping the level of the input values.
Table 1 represents the input and output values of the Shimizu S-pulse players. Seeing from
the data, we can easily find that, for example, G.OMAE scored the highest number of goals,
and his contribution to the team looks significant. T.TAKAGI also made a contribution in
crossing. However, by considering their activities from the standpoint of the frequency per
90-minutes, G.OMAE still keeps the highest rate of goals (0.52 = 7/1207×90), but the rate of
crosses of T.TAKAGI (1.19 = 22/1670×90) is less than that of K.MURATA (1.61=9/904×90).
So, there is a variety of aspect to evaluate the individual players. Later in this paper, we try
to find other different aspects in evaluation of players using DEA models.
Player

Pos. Input
Output
CCR No.Lambda Value
Time FoulTackelClearBlock Goal Cross Pass Dribble Eff. 50 Model1 Model2Model3Model4
T.MURAMATSU DF 2942 32
77
38
50
4
2
822
2
0.807 1
0.56
1
1
Y.HIRAOKA
DF 2670 24
33
164 77
5
0
1143
1
1
1
1.10
1.94
1
1
K.SUGIYAMA
MF 2602 34
58
75
59
1
0
850
1
0.750 1
1
1
Y.KAWAI
MF 2543 25
37
28
50
1
13
767
13 0.929 1
2.55
1
1
CALVIN J.A.P
DF 2340 48
44
122 37
1
4
892
10 0.981 1
0.91
1
1
Y.YOSHIDA
DF 2155 35
46
51
41
1
20
709
14 0.988 1
1
1
H.ISHIGE
MF 2131 20
37
30
57
2
9
520
20 0.725 1
0.71
T.TAKAGI
FW 1670 16
14
2
23
6
22
310
38
1
1.20
0.88
1
R.TAKEUCHI
MF 1453 13
19
28
26
0
5
642
7
1
9.67
2.84
1
1
BARE
FW 1436 34
10
16
9
4
9
171
22
1
1
LEE Kije
DF 1418 19
19
57
33
1
6
415
12 0.748 1
0.27
T.HONDA
MF 1335 29
44
23
27
0
4
479
3
0.869 1
1
1
S.ITO
FW 1289 15
11
21
22
6
1
236
8
1
Radoncic
FW 1257 37
7
29
8
6
3
174
13
1
G.OMAE
FW 1207 18
7
7
25
7
2
285
11
1
2.33
0.14
1
K.MURATA
MF 504 8
9
3
13
1
9
124
22
1
3.53
Sum.
No. 50 21572 300 405 604 440
20
67 6768
98
10 16.63
10
10
10
Ref.Point of Model 1 21572 222 268.0 477.5 440.0 25.3 84.8 8564.7 172.1
2 21572 228 312.4 604.0 440.0 22.6 78.4 7642.1 110.7
3 21572 276 402.6 568.3 440.0 21.0 75.7 7097.1 103.4
4 20917 274 379.0 538.0 415.0 26.0 72.0 6899.0 100.0

Table 1: Data of Shimizu S-pulse players and the result of calculation
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Evaluation of individual players

We first begin with the output-oriented CCR model for evaluating an individual player o by
comparing n players of his team:
[CCR]
max

φ

(1)

s.t.
n
X

j=1
n
X

xij λj

≤ xio

yrj λj

≥ φyro

j=1

(i = 1, · · · , 5)
(r = 1, · · · , 4)

(2)
(3)

where λj is a non-negative variable, and the efficiency of player o is given by 1/φ. Efficiency
scores in the CCR model are shown in Table 1, and the eight players become efficient. They
would somehow make a good performance, but this is just relative comparison between the
players without any connection with a set of players. Thus, the evaluation of the players by
the CCR model may not be reasonable enough for evaluating an importance of a player as a
team member. Further, as it will be better to differentiate the efficient players, we here extend
the CCR model to evaluate the aggregation of players as a set.

4

Evaluation of a set of players

In order to evaluate a set of players in the team, we connect the performance of individual
players and that of the team by summing up each player’s input and output measures, as a first
step of this research. As the aggregation of players, we here consider a set of 10 field players.
Let F be the different set of 10 field players, and the number of element of F is n C10 . In order
to measure efficiency of the set, we first propose the following model:
[Model 1]
max

φ

(4)

s.t.
n
X

xij λj

j=1

n
X
j=1

yrj λj

≤

10
X

xio

o∈F

≥ φ

10
X

o∈F

yro

(i = 1, · · · , 5)
(r = 1, · · · , 4)

(5)

(6)

In the above expression, the summation of the right hand side is applied to player o (there are
10 players) belonging to F. The efficiency scores as a set of players using the above models are
shown in Table 2. The number of different sets of 10 field players chosen from the 16 players
is 16 C10 =8008. Table 2 represents just a part of the 8008 different sets. Looking at a set
of players named “No.50”, for example, this set consists of 10 field players who are indicated
by “1”s in the row of “No.50”. These 10 players are also indicated by “1”s in the column of
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No. Player
T.M Y.H K.S Y.K CJAP Y.Y H.I T.T R.T BARE LEE T.H S.I Rad. G.O
1
1
1
1
1
1
1 1 1
1
1
2
1
1
1
1
1
1 1 1
1
1
3
1
1
1
1
1
1 1 1
1
1
4
1
1
1
1
1
1 1 1
1
1
5
1
1
1
1
1
1 1 1
1
1
6
1
1
1
1
1
1 1 1
1
1
7
1
1
1
1
1
1 1 1
1
8
1
1
1
1
1
1 1 1
1
1
9
1
1
1
1
1
1 1 1
1
1
50
8005
8006
8007
8008

1

1

1

1

1

1

1

1
1
1

1
1
1

1
1
1

1
1
1

1

1

1

1
1
1
1

1
1
1
1

1
1
1
1

1
1
1
1

1
1
1
1

K.M

1

1
1
1
1
1
1
1
1
Ratio of eff.
Ave.
Max.
Min.

Efficiency
Model1 Model2 Model3 Model4
0.820
0.935
1
1
0.825
0.931
1
1
0.830
0.941
1
1
0.829
0.931 0.9997
1
0.829
0.933 0.9986
1
0.841
0.943
1
1
0.835
0.934
1
1
0.803
0.905 0.9976
1
0.807
0.915 0.9839
1
0.790

0.886

0.954

0.981

0.822
0.820
0.877
0.837
0
0.827
0.922
0.737

0.824
1
1
0.822 0.9755
1
0.882
1
1
0.841
1
1
0
0.119 0.726
0.873 0.969 0.994
0.959
1
1
0.778 0.874 0.915

Table 2: Efficiency scores of a set of players based on Models 1, 2, 3 and 4

“No.50” in Table 1, and the sum of input or output values in terms of No.50 are shown in the
row of “Sum. No.50” such that Time and Goal are 21572 and 20, respectively. The efficiency
of No.50 is 0.790 under Model 1, as shown in Table 2.
This efficiency is determined by the sum of the product of each player’s frequency and lambda
value. The lambda values for each player of No.50 are shown in the column of “Model 1” in
Table 1. For example, in term of Goal, we can find that a set of virtual players, consisting of
Y.HIRAOKA, R.TAKEUCHI, G.OMAE and K.MURATA with their weighted value (lambda),
will achieve 25.3 (=5×1.10+0×9.67+7×2.33+1×3.53). As Goal of No.50 is 20, the efficiency is
0.790 (=20/25.3). In other words, No.50 is inferior in the sense that keeping the sum of each
input values, it gets less output values than that of the set of virtual players (i.e. “reference
set”). In this case, the efficiency of No.50 is also determined by Cross and Pass, such that
67/84.8 and 6768/8564.7, respectively. Summary statistics of the efficiency of the 8008 sets are
also shown in Table 2. We can see that in terms of Model 1, the ratio of the efficient sets of 10
players in the 8008 sets is zero. The average of these efficiency scores is 0.827.
Here, as shown in Table 1, the lambda values of each player in the reference set seems to be
unreasonable. That is, the sum of the lambda values is 16.63. This is interpreted that “No.50”
is compared to the set of players which consists of more than 10 field players on the pitch.
Thus, we add the following constraint (i.e.10 field players are on the pitch) to Model 1, and we
get
[Model 2] (Model 1 and the following constraint)
n
X

λj = 10.

(7)

j=1

The calculation result under Model 2 is shown in Table 2. In this case, the efficiency
of No.50 increased to 0.886. Looking into the lambda values in Table 1, in term of Goal,
we can find that the set of virtual players, T.MURAMATSU, Y.HIRAOKA, Y.KAWAI,
CALVIN J.A.P., T.TAKAGI and R.TAKEUCHI with their lambda value, will get 22.6
(=4×0.56+5×1.94+1×2.55+1×0.91+6×1.20+0×2.84). As Goal of No.50 is 20, the efficiency is
0.886 (=20/22.6). This efficiency is also determined by Pass and Dribble, such that 6768/7642.1
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and 98/110.7, respectively. As shown in Table 2, in terms of Model 2 the average of the efficiency
scores increase to 0.873, but there are no efficient sets.
Although the sum of the lambda values equals to 10 in Model 2, there still seems to be
a problem with regard to the lambda values such that R.TAKEUCHI’s λ is 2.84. This is
interpreted that a virtual player who can achieve 2.84 times of R.TAKEUCH’s input and output
values is on the pitch in the calculation of the efficiency of No.50. As this will be unreasonable,
we further add the following constraint to Model 2, and we get
[Model 3] (Model 2 and the following constraint)
0 ≤ λj ≤ 1

(j = 1, · · · , n).

(8)

This is interpreted that no more than each player himself are on the pitch in the calculation.
This will be realized by arranging the playing time of each player by substitution in a game. The
calculation result under Model 3 has been shown in Table 2. In this case, the efficiency of No.50
increased to 0.954. Looking into the lambda values, in term of Goal, we can find that the set of
virtual players, T.MURAMATSU, Y.HIRAOKA, K.SUGIYAMA, Y.KAWAI, CALVIN J.A.P.,
Y.YOSHIDA, H.ISHIGE, T.TAKAGI, R.TAKEUCHI, LEE Kije, T.HONDA and G.OMAE
with their lambda value, will get 21.0(=4×1+5×1+1×1+1×1+1×1+1×1+2×0.71+6×0.88+0
×1+1×0.27+0×1+7×0.14), and the efficiency is 0.954 (=20/21.0). This efficiency is also determined by Pass such that 6768/7097.1. In terms of Model 3, there are 952 efficient sets (i.e.
0.119 =952/8008 as shown in Table 2). The average of the efficiency scores increases to 0.969.
In Model 3, 12 players are selected as the reference set of “No.50”, and the lambda values of
H.ISHIGE, T.TAKAGI, LEE Kije and G.OMAE are less than one, which will be realized by
arranging their playing time.
In order not to arrange their playing time, we can introduce the following binary constraint
instead of (8) to Model 3. That is, each player will be judged to be on the pitch or not
throughout the game:
[Model 4] (Model 2 and the following constraint)
λj ∈ {0, 1}

(j = 1, · · · , n).

(9)

In this case, the efficiency of No.50 increased to 0.981 as shown in Table 2. Looking into
the lambda values, in term of Pass, we can find that the set of players, T.MURAMATSU,
Y.HIRAOKA, K.SUGIYAMA, Y.KAWAI, CALVIN J.A.P., Y.YOSHIDA, T.TAKAGI, R.TAKEUCHI, T.HONDA and G.OMAE, will get 6899.0 (=822+1143+850+767+892+709+310+642+
479+285). As Pass of No.50 is 6468, the efficiency is 0.981 (=6468/6899). In this case, we could
say that this reference set dominates No.50 with the same implication of the FDH model. The
ratio of the efficient sets is 0.726 (=5814/8008) and the average of the efficiency scores is 0.994.

5

Rank players from the aspect of importance to the team

In evaluation of an importance of a player as a team member, the frequency appearing in the
reference set will be one of the reasonable measures. Table 3 shows their reference frequency
under the CCR model and Models 3 and 4. As shown in Table 3, R.TAKEUCH is referred most
frequently, appearing in 7877 reference sets out of the 8008 sets (98%) in Model 3. T.TAKAGI
is the second in Model 3 and the top in Model 4. That is, R.TAKEUCH and T.TAKAGI
seem to be very important as a team member of Shimizu S-pulse in the 2013 season. In fact
R.TAKEUCH and T.TAKEGI are also efficient under the CCR model, but it will be difficult
to differentiate the efficient players and rank all players without introducing the aspect of the
importance as a team member by means of such models as Models 3 and 4.
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Player

Position CCR
Model3
Model4
Eff. Ref.Freq Ref.Freq. Ratio Rank Ref.Freq. Ratio Rank
R.TAKEUCHI
MF
1
9
7877
0.98
1
6601
0.82
2
T.TAKAGI
FW
1
7
7854
0.98
2
6669
0.83
1
G.OMAE
FW
1
4
7761
0.97
3
6150
0.77
3
Y.YOSHIDA
DF
0.988
0
7666
0.96
4
5562
0.69
5
Y.HIRAOKA
DF
1
4
7564
0.94
5
5363
0.67
6
Y.KAWAI
MF
0.929
0
7514
0.94
6
5832
0.73
4
CALVIN J.A.P.
DF
0.982
0
7116
0.89
7
5099
0.64
8
K.MURATA
MF
1
4
7107
0.89
8
5276
0.66
7
T.MURAMATSU
DF
0.807
0
6435
0.80
9
4802
0.60
9
S.ITO
FW
1
1
5667
0.71
10
4772
0.60
10
T.HONDA
MF
0.869
0
5520
0.69
11
4343
0.54
12
Radoncic
FW
1
3
5217
0.65
12
4526
0.57
11
BARE
FW
1
1
4683
0.58
13
3794
0.47
14
H.ISHIGE
MF
0.725
0
4101
0.51
14
3623
0.45
16
K.SUGIYAMA
MF
0.750
0
3010
0.38
15
3671
0.46
15
LEE Kije
DF
0.748
0
2826
0.35
16
3997
0.50
13

Table 3: Reference frequency

6

Conclusions

In this paper, we attempted to evaluate performance of a soccer player from the aspect of
importance as a team member. We evaluated a set of 10 field players of the team by introducing
a link between teams and players into the model, and ranked the individual players by their
reference frequency. We illustrated our method using annual data of a J-league team in the
2013 season. We found that R.TAKEUCH and T.TAKEGI were very important players as
team members and ranked all the 16 players. Although we summed up each player’s input and
output values in this paper, we could introduce other links into the model.
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Abstract

This article details the processes which the Australian wheelchair rugby (Steelers) are
developing for game performance analysis. In conjunction with RMIT and the Australian
Institute of Sport, the Steelers are building the most in depth and detailed game analysis
system ever used in the sport. This includes live statistical and video capture as well
as post-game sweeps in an effort to create new and insightful metrics for measuring performance in wheelchair rugby. Techniques include qualitative and quantitative statistical
comparisons, regression and spatial analysis. Through a combination of technologies (including Sportscode and AIS tracking software), every facet of a game is being scrutinised
and analysed in great detail. The processes take inspiration from sports that lead the way
in performance analysis such as NBA basketball and football (soccer).

1

Introduction

Wheelchair rugby (formerly Murderball) is a ball sport played on a court with the dimensions of
a basketball court (15 metres by 28 metres) where two teams of four players each work together
to take a ball from one end of the court to the other. The aim is to carry the ball across the
line at the end of the court between the two cones which denote the goal area; the team to
achieve the most goals across the match wins. A match is comprised of four quarters of eight
minutes each, where the clock only runs whilst the ball is in play.
Wheelchair rugby being is a Paralympic sport and is bound by guidelines which dictate who is
allowed to compete in official competition; as such each player who wishes to participate goes
through a process which awards them with a classification between 0.5 and 3.5 at intervals of
0.5. The classification procedure is complex, but athletes must have some form of disability
which limits the function of both upper and lower limbs. An evaluation of the degree to which
an athlete is impaired is then determined by a medical professional and a point value is allocated
to that player. The higher-functioning an athlete is, the higher point value he or she will be
allocated. The majority of athletes have spinal cord injuries however there are players with
neurological disorders and multiple amputations as well.
The total classification points allowed on the court for each team at any time is 8. Since males
and females compete in the same arena, for each female on the court a team is allowed an extra
0.5 classification points. A full list of rules and regulations can be found at the International
Wheelchair Rugby Federation website[4]. Due in part to its infancy as a sport (wheelchair
rugby was first recognised as an official sport in 1993) and in part to its lack of wide exposure,
in-depth performance analysis is scarce. There is limited research which explores the physical
demands of the sport[5, 8]. The research of Sarro et al. examined one match of wheelchair
rugby and used this to quantify the distances which players cover within a match and at what
speeds the players typically travel. The information was also used to establish the differences
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in demands for higher and lower functioning athletes. There also exists significant research in
the area of acceleration/speed monitoring [7, 3, 2]. However research that relates directly to
in-game performance analysis does not yet exist for wheelchair rugby which is the motivation
for this paper. Analytics specifically incorporating player tracking and in-game statistics are
the driving force behind this research, which is taking place in collaboration with the Steelers,
Australias national wheelchair rugby team. Although in its early stages, the bulk of set-up
work has been done along with some very preliminary results.

2

Methodology

To fully evaluate a game of wheelchair rugby, all aspects of a game should be investigated including team and player-specific metrics. Conventional statistics that are monitored for wheelchair
rugby are often limited simply to goal-scorers and penalty recipients (who are then sent to the
penalty box, usually until the next goal for the opposition is scored). This not only misses a
considerable amount of game information, but it also focusses on the higher functioning players
as they typically do most of the scoring and penalty work. For this reason, a more holistic
approach had to be taken when creating an infrastructure which encompasses as much of a
match as possible.
There are two main streams of technology which create the data required for analysis Sportscode Software developed by ’Sportstec’ designed specifically for accumulating, databasing and displaying quantitative information in sport.
AIS tracking software Technology that semi-automatically tracks each player’s position
across a court or field of play.
Two related systems were built within the framework of Sportscode. First, a live coding
framework which is possible to use during a game in real time (usually court-side or from a
vantage point) which is used to provide coaching staff with live feedback on what is happening
within the match. This includes lists of who is scoring goals and being sent to the penalty
box for each team, as well as select time-based performance metrics. These vary depending
on the coaching focus at the time, but an example of this is ’time to centre’ which tracks the
time it takes each side to cross the half way line once they receive the ball from an inbound
after a goal. Each team must complete this action within 12 seconds, so the motivation for
measuring this is to measure the ease with which each team is achieving (or not achieving) this
aim. To work in conjunction with the live coding framework, a post game sweep was also built.
This system is designed to track as many aspects of the match as possible. With the real-time
aspect now removed from the equation, it is possible to keep track of a much larger number
of factors within the match by slowing down the playback and replaying aspects of the match
as well. This makes it possible to track actions such as individual passes and label metrics in
more detail such as describing cause of turnovers.
The player tracking software was developed at the Australian Institute of Sport and it’s role is to
semi-automatically track the X-Y coordinates of each player at 25 frames per second. Matches
were recorded using a network of three or four stationary HD cameras at vantage points which
collectively covered the entire 28m by 15m playing area. After recording the match, the video
files are synchronised to start at the exact same frame. Following that each camera angle is
calibrated so that the vision is projected onto a virtual court. A state-of-the-art player detector
[1] generated a set of player detection observations where each observation consisted of an (x,
y) ground location, a timestamp t, and a team affiliation estimate. This system has been used
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previously to discover adversarial group behaviour in field hockey [6]. The software evaluates
every frame from each of the camera angles and subsequently creates detection files which are
then collated into one repository. Following that, manual intervention takes place and the
automation takes a back seat. Tracklets must be labelled as specific players and joined together
as the system often loses track of who is who in congestion which is common in wheelchair
rugby. Erroneous detections must be corrected or removed and where the play is simply too
congested to effectively detect individual players, manual annotating takes place. Although it
is not possible to directly track the ball within this system due to its small size, players are
marked to indicate the frames that they possessed the ball. The procedure is then able to
produce a text file with X-Y coordinates and frame numbers for every player across an entire
match.
Finally, these two sources of data need to be brought into the same context by overlaying the
X-Y-t data with the descriptive information provided by Sportscode. This final step provides
coaching staff and analysts with the most in-depth and objective evaluation of a match to this
point. It will be innovated and developed upon to provide statistical insights into wheelchair
rugby that were previously not possible.

3

Results and discussion

The results of this paper are limited mostly to building the infrastructure for the analytical
system and examining the results it may be able to obtain in the future.

3.1

Sportscode - Live coding

The live coding window has gone through many iterations and changes dependant on the
coaching needs at the time. An example picture of it can be seen in Figure 1.
This code window tracks goals, penalties and turnovers for each player on the court as well
as the number of time outs that each team has called. Player time outs are often used in
wheelchair rugby to avoid an imminent turnover. An example of this could be that a player
in possession is in the back court and about to run out of time to bring the ball into the front
court. By calling a time out, that timer is reset and that team will receive another 12 seconds
to take the ball into the front court.
This code window also tracks the times between some actions. Most simply, it tracks which team
has possession at any given time and for how long overall during a match. Secondly the system
tracks the time between a goal being scored and the inbound occurring afterwards (denoted
’time between goals’ on the code window). It is hypothesised that this may be a measure of
defensive pressure of the team who just scored a goal, since by not allowing the opposition to
inbound quickly that team has more time to set up the desired defensive structure. Thirdly the
system tracks the time it takes each side to reach the front court after every goal. This can be
seen as a measure of defensive pressure for the defending side and a measure of how well the
attacking side is flowing on offence.
After using the code window during a match, a time-line storing all of this information is created
- this can be seen in Figure 2.
Each instance on the time-line contains codes and labels which pertain to actions that
occurred within the time period each instance was open. These labels can then be tallied and
summarised to be displayed for coaches, analysts and players both as the match is happening
and post-match. This helps to inform their decision making during matches and contributes to
player feedback in post-match review sessions.
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Figure 1: The live code window used for wheelchair rugby.

Figure 2: The time-line created by the live coding window.

3.2

Sportscode - Post game

After each match is completed, it is then possible to sweep through the match again, taking
the time to log events in greater detail. A portion of the code window can be seen in Figure 3.
This window is used to code details such as when passes occur, the kind of pass that occurred,
the pressure being asserted onto offensive player and where on the court the ball was passed to
and from. Turnovers are also handled in greater detail as well as how players enter the front
court and the nature of penalties that are committed. This creates an exhaustive database of
events (which are described in detail by labels within in them) which specifies the vast majority
of actions within a match. This information will be used (in conjunction with the positional
data) to analyse the entirety of a match and evaluate positive and negative contributions - both
at the player and team level. Over time a large database of matches will be accumulated (in
2014, the Australian team only played approximately 15 officially sanctioned matches across two
tournaments) and this will allow inferences to be made about effective and ineffective structures
that the Australian team plays.
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Figure 3: The post-match code window.

Figure 4: An example of the tracking data visualised.

3.3

Tracking solution

The X-Y-t data obtained from tracking solution can be visualised as shown in Figure 4.
The visualisation tool was coded using the .NET framework and it can be used to examine
player movement patterns and evaluate the structural set up of both teams. It is possible to
examine a specific player, a particular group of players or all players at once. There are methods
built in which allow a coach or analyst to examine the area a group of players are ’covering’,
the speeds the players are travelling at and the total distance covered by each player at any
given time.
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Future work

This body of work is now a foundation from which to begin some analysis on spatial movement
in wheelchair rugby and how it relates to in game performance. It also gives the opportunity
to analyse the ’time to centre’ metric, to see if pressuring teams in their defensive half is an
effective tactic that will contribute towards winning more games. I also hope to analyse how
good effective pressure on opposition all over the court can be created with effective spatial
movement through the court.

4

Conclusion

A system capable of performing in-depth performance analysis for wheelchair rugby has been
successfully developed. This will make it possible to evaluate actions and movement patterns
with the game and validate new measures of performance. Preliminary testing of the system has
been carried out and data collection is under way. This system can be used to assist coaches,
analysts and players scrutinize wheelchair rugby both in-game and afterwards. Continued
additions and improvement will also take place as coaches change their focus onto other areas
of the game.
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Abstract
The use of football tracking systems based on GPS technology has become popular
over the recent few years in professional football. They allow the tracking of players during
training, recording variables such as the number of sprints, the total distance covered or
the number of impacts during training, which can subsequently be used as indicators of
fatigue and overuse. Successful use of these indicators can help the professional predict
fatigue-related injuries before they take place, and hence impact the well-being of the team
both in terms of the players health and financially. A challenge for the practitioner is how
to use the large numbers of variables produced by modern football tracking systems based
on GPS technology in a constructive way.
This research uses a supervised principal component analysis logistic regression model in
order to predict fatigue-related injuries. The available data consists of all injuries that took
place at the first squad of the Tottenham Hotspur Football Club, and were filtered in order
to keep only injuries related to fatigue. The task is to discriminate between weeks were an
athlete got injured and weeks where he was not. The performance of the resulting logistic
regression model was assessed through 10 rounds of 10-fold cross-validation. A Cohens
kappa statistic of 0.3 illustrates that the GPS data can potentially form a useful source
of information for the prediction of fatigue-related injuries. Furthermore, the principal
components associated with the optimal model are extracted and interpreted in terms of
what information each captures. This provides a way to reduce the large number of GPS
variables (71 variables in total) to a smaller set that best relates to the occurrence of
fatigue-related injury.

1

Introduction

Global positioning systems (GPS) are nowadays commonly used in many sports such as Australian rules football, hockey, rugby and cricket [2, 6]. The benefits of such as a system is the
easy collection of variables that are very difficult (or impossible) to acquire otherwise. This
includes, for example, the position of a player on the pitch, the acceleration, the deceleration
and the highest velocity of a sprint.
From the perspective of injury prediction, a GPS system, used in training, can be particularly
useful for getting a more accurate picture of the load of each individual athlete. A great deal of
injuries take place as a result of overtraining and fatigue. It is not unreasonable to think that
variables collected through a GPS can be used for detecting the onset of overtraining.
Indeed, similar researches have appeared in the last few years. For example, Aughey [1]
used GPS data to track the fatigue of players in Australian football. [8] used GPS data to track
the physical demands during games in the Australian Football League. [9] used GPS variables
to detect muscle damage in Australian football players.
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GPS has been used for tracking the physiological demands of rugby players [7]. Similarly,
[5] used GPS to track the activities of rugby player during a match, suggesting that the GPS
data, used in conjunction with video analysis, can help clarify the mechanism of many injuries.
In soccer, [4] used GPS data as indicators of training load. They discovered that there is a
close relationship between the GPS-collected variables and the Rate of Perceived Exertion.
The notable absence of researches regarding GPS and injuries in the premier league is partly
due to the banning of the use of GPS units inside the pitch. However, GPS data can be used
in training. The performance data gathered from the training might provide good indicators of
overuse and fatigue.
The purpose of this experiment was to build a predictive model for overuse and ovetraining
injuries based solely on GPS data. It is clear that such a model could benefit the team as a
whole and the players individually. Predicting overtraining and increased fatigue at the onset,
and adjusting the load accordingly, could prevent a significant proportion of injuries.
The method used to analyze the data was supervised principal component analysis (supervised PCA). Supervised PCA [3] is a technique to produce principal components that are
correlated with the response and can improve the performance of a supervised learning task
and is particularly effective at dealing with datasets with highly correlated features and a high
number of variables.

2

Data and methods

The data consisted of GPS records of 29 professional football players from THFC from the
period July – October 2014 and a record of the days during which they were injured. The
GPS system was used only during training and not during matches, due to the premier league
regulations. The GPS system used was STATSports Viper.
There were in total 71 GPS variables along with the duration of the training session.
The large number of variables comes as a result of using zones for measuring a single variable. For example, the following variables are used for describing acceleration: AccelerationsZone1, AccelerationsZone2, AccelerationsZone3, AccelerationsZone4, AccelerationsZone5,
AccelerationsZone6.
Each zone describes a speed range relative to the maximum speed for each athlete. There
are 6 zones in total. An example is shown at Table 1 below:
Zone
Boundary

Z1
<35%

Z2
35-45%

Z3
45-55%

Z4
55-65%

Z5
65-75%

Z6
>75%

Table 1: Example of different zones defined as regions of the maximum speed.
There were many correlations between the variables. Figure 1 shows a correlogram of the
variables, where variables with high correlation have been clustered together. There are many
clusters that can be identified throughout the graph. Note that the red lines on the edge of the
graph are the names of the variables, which, due to their large number, cannot be displayed in
a larger font.
First, all the players that had not been injured were removed. Secondly, out of the players
that had been injured, only those that had intrinsic injuries were kept. This left a total of 11
players.
The dataset was then grouped per player and week, so that each variable corresponded to a
player i and a week j. A binary ‘injury’ variable indicated whether the player had been injured
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Figure 1: Correlogram for the GPS variables
at a week or not. A week is a pretty common way to break down time in football. Each week
usually contains at least one match, during which an injury can take place. Also, the type and
intensity of training during each week is affected by the upcoming game.
The mean was used as an aggregation function to aggregate the instances over the week.
For each player that had been injured, there were at least 2 training sessions, before the injury
took place.
The final dataset consisted of 206 rows and 71 GPS variables, plus the class variable and
the duration of the training session. Out of the 206 rows, there were 11 cases of injury (corresponding to the weeks that the player had been injured).
While it can be disputed that the choice to remove all athletes that were not injured can lead
to a loss of information, the problem as it stands contains highly unbalanced classes. Adding
more athletes that were not injured, would just increase the imbalance, without adding more
information for the injured cases.
The aggregation over weeks was chosen for two reasons. First, a week is a natural split
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for scheduling in football. Every week is characterized by at least one match, and the training
schedule is designed on a weekly basis. Secondly, other natural splits would be daily, or summing
up weeks (e.g. the last two weeks). The problem with daily splits (that is, each row in the dataset
represents a day of training) are twofold. First, the number of rows would become too large,
but the number of injuries would still stay small. Secondly, it is unlikely that the GPS data
from a single day are indicative of fatigue. It is more likely that an average over at least a few
days is more informative.
In some cases there was more than one game taking place in a week. The participation of
each player in games affects the duration of the training. For that purpose, the session duration
was used alongside the GPS variables.
Therefore, the problem, as it is posed, is whether it is possible to predict a week during
which an overtraining/overuse injury will occur based on GPS data, for professional football
players that clearly suffered such injuries.
The data were analyzed using supervised PCA. Supervised PCA is different to regular PCA
in that the components derived are correlated to the response variable.
The supervised PCA algorithm works as follows: 1. Fit a univariate regression model for
each feature separately. 2. Remove all features with coefficients |β| > θ, where θ is some threshold 3. Compute the principal components using the reduced dataset. 4. Keep m components
and use them to fit the model.
The performance of the model was assessed through 10 rounds of 10-fold cross-validation.

3

Results

The model achieved an accuracy score of 88.8% (s.d. 1.8%) and a mean kappa statistic of 0.21%
(s.d. 0.04%). Figure 2 shows a scree plot for the variance explained. What can clearly be seen
is that the first four components explain the bulk of the variance.

Figure 2: Variance explained for each component
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Figure 3: Biplot of the loadings of the first 4 principal components
Figure 3 shows a biplot of the components of the model while Table 2 shows the most
important loadings for these components.
AccelerationsZone3
DecelerationsZone3
DecelerationsZone4
DistancePerMin
DistanceZ5
DynamicStressLoadZone2
DynamicStressLoadZone3
ImpactsZone4
SpeedIntensityZone3

PC1
-0.22842
-0.22305
-0.09469
0.00317
-0.76398
-0.18703
-0.16017
-0.17954
-0.02075

PC2
0.47640
0.43085
0.14696
-0.1908
-0.48592
0.04578
0.06806
0.08479
-0.13704

PC3
0.02004
0.07311
-0.00709
0.43666
0.22479
-0.39766
-0.17699
-0.16280
-0.59876

PC4
-0.18828
-0.07318
-0.00245
-0.19408
-0.11721
0.37565
0.40768
0.47654
-0.33671

Table 2: Plot of the most important loadings for the first four principal components
Based on the table and the graphs the following interpretation can be made. The first
component is dominated by a negative component in ‘Distance Zone 5’. A larger value in this
component indicates that the player covered a large distance running at high speeds. Therefore
a good name for this component is ‘Distance on High Speeds’.
The second component has a large negative loading on ‘distance in zone 5’ and a large
positive loading for accelerations and decelerations in zone 3. A large value in this component
seems to indicate the absence of running in higher speed zones and many sprints in zone 3.
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A large negative value indicates the opposite. Therefore, a good name for this component is
‘Medium Speed Sprinting’.
The third component has a high loading on ‘distance per minute’ and a low loading on
‘dynamic stress load in zone 3’ and ‘speed intensity in zone 3’. It also has a moderately large
value for ‘distance in Z5’. A high value on this component seems to indicate that the player
spends a lot of time in higher speed zones, and not in lower zones. Therefore, a good name
for this component can be ‘High Speed Session’. The fourth component has high loadings on
variables that indicate physical stress in the middle speed zones (zones 2-4). Therefore, a good
name for this component is ‘Medium Intensity Work’.
Figure 4 below shows boxplots of the components having the response variable as the category. It seems that the first two components achieve good separation between the two categories,
with the last two components less so.

Figure 4: Boxplots for the principal components
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Discussion and conclusions

This paper studied the problem of predicting fatigue injuries from GPS data gathered from
training. The results demonstrated that training GPS data contain information which can be
used for predicting injuries. A few points stand out.
First, an issue with this data is that the variables are highly correlated with each other.
Any method applied to this problem needs to have a mechanism to deal with this problem.
Supervised PCA was by far the best method out of all those that were compared, probably due
to the fact that it handles correlated attributes very well.
Secondly, it is possible to reduce the large number of variables to a few meaningful factors
that correlate with injury. The factors provide a more parsimonious explanation of the data
and can be used more easily by a practitioner.
Obviously, the study suffers from some limitations. First, the total number of fatigue-related
injuries in this dataset was small, relative to the number of non-injured instances. Many of the
injuries take place during matches, or are not directly related to fatigue. For these cases, GPS
data are not very informative. This is the case for traumatic injuries for example, which can
come as a result of a single event (e.g. a very fast sprint), and prior sensitivity, which only a
physical examination might be able to uncover.
Another issue with this task is the fact that GPS data are not collected from matches.
However, matches have a huge impact on the physical condition of an athlete, which is left
untracked. This probably poses an upper limit to the performance of the model.
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Abstract
We give a survey on different methods to construct schedules for sports leagues. The
basic problem is to find a schedule for a single or double round robin tournament in which
every team plays against each other team exactly once (or twice), and every team plays
one game per round. Additionally, several side constraints have to be respected, e.g. the
avoidance of breaks (consecutive home or away games of a team), fairness issues (like
opponent strengths, carry-over effects), the consideration of regions or the avoidance of
waiting times for a tournament on a single court. After presenting some construction
methods based on graph models, general solution approaches are discussed.

1

Introduction

Scheduling problems in sports leagues (cf. the annotated bibliography [10]) may be divided into two main classes: temporally-constrained and temporally-relaxed problems. In the
temporally-constrained case, the planning horizon consists of the minimum number of periods (so-called rounds) required to schedule all the games and, hence, each team has to play
exactly one game in each round. On the other hand, in the time-relaxed case the number
of periods is generally larger than the minimum number of rounds needed for scheduling all
games. In this situation not every team necessarily plays in each round and thus teams may
have some periods without a game. While professional leagues often are temporally-constrained,
for amateur leagues usually more flexibilities exist, i.e. they are often temporally-relaxed.
The basic temporally-constrained problem for scheduling a sports league may be formulated
as follows. The league consists of an even number n of different teams i = 1, . . . , n, where each
team has to play against
each other team exactly ` ≥ 1 times. The number of rounds available

to schedule these n2 ` = n(n − 1)`/2 games is equal to (n − 1)` , where each team has to play
exactly one game in each round. Thus, one has to determine which teams i, j ∈ {1, . . . , n} play
against each other in the rounds t = 1, . . . , (n − 1)` and, for each of these pairings, whether it
is played as a home game for team i or j.
In most cases we have ` = 1 (single round robin tournament, SRRT) or ` = 2 (double round
robin tournament, DRRT). For DRRTs the season is often partitioned into two half series,
where each pairing has to occur exactly once in each half (with different home rights).
If the league consists of an odd number of teams, in each round one team has a bye, i.e. does
not play. This situation may be reduced to the previous case with an even number of teams by
adding a dummy team n + 1. Then, in each round the team playing against n + 1 has a bye.
Usually, a schedule for a sports league is described by a so-called opponent schedule and
a so-called home-away pattern. An opponent schedule may be represented by an n × (n − 1)matrix where the entry oppit ∈ {1, . . . , n} \ {i} specifies the opponent of team i in round t. A
home-away pattern (HAP) is defined as n × (n − 1)-matrix H = (hit ), where hit equals “H”
(resp. “A”) when team i has a home (resp. away) game in round t. If two consecutive entries
hi,t−1 and hit in a row i are equal for some t ∈ {2, . . . , n − 1}, then team i has a so-called break
in round t (i.e. the alternating sequence of home and away games is broken).
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Graph-Based Models

Traditional models for constructing sports league schedules are based on graphs. The complete
graph Kn on n nodes is used to represent single round robin tournaments. Its nodes i = 1, . . . , n
model the teams, while the edge i − j represents the game between teams i, j ∈ {1, . . . , n}. An
edge coloring with n − 1 colors, i.e. a partitioning of the edge set into 1-factors F1 , . . . , Fn−1
(each consisting of n/2 non-adjacent edges), corresponds to the games scheduled in the rounds
t = 1, . . . , n − 1. If additionally home and away games have to be distinguished, the edges are
directed into arcs (i, j) for a home game of team j or (j, i) for a home game of team i.
De Werra [9] considered the problem of determining the minimum number of breaks for
a single round robin tournament with n teams and constructed corresponding break-minimal
schedules. Since only two different patterns without break exist (HAHA . . . H and AHAH . . . A)
and all teams must have different patterns (since two teams with the same pattern cannot play
against each other), at most two teams do not have any break. Thus, in each feasible schedule at
least n − 2 breaks occur. It has been shown that this lower bound for the number of breaks can
be achieved by constructing corresponding schedules. One class of such schedules is based on
the so-called canonical 1-factorization (F1 , . . . , Fn−1 ) of the graph Kn . In this factorization
the factors Fi are defined by the edge sets
Fi = {{n, i}} ∪ {{i + k, i − k}|k = 1, . . . , n/2 − 1},
where the numbers i + k and i − k are taken modulo n − 1 as one of the numbers 1, . . . , n − 1.
→
→
A corresponding oriented 1-factorization (F 1 , . . . , F n−1 ) may be constructed by orienting the
→

edges in F i into
• (i, n) if i is odd, and (n, i) if i is even, and
• (i + k, i − k) if k is odd, and (i − k, i + k) if k is even.
An example with n = 6 teams is illustrated in Figure 1 where the corresponding schedule and
home-away pattern are shown. In the schedule, the entry +j in row i and column t means that
in round t team i plays at home against j, the entry −j means that the game takes place at j.
→

→

→

The oriented 1-factors are given by F1 = {(1, 6), (2, 5), (4, 3)}, F2 = {(6, 2), (3, 1), (5, 4)}, F3 =
→

→

{(3, 6), (4, 2), (1, 5)}, F4 = {(6, 4), (5, 3), (2, 1)}, F5 = {(5, 6), (1, 4), (3, 2)}. In this schedule
n − 2 = 4 breaks occur, they are underlined.
team
1
2
3
4
5
6

1
−6
−5
+4
−3
+2
+1

2
+3
+6
−1
+5
−4
−2

round
3
−5
+4
−6
−2
+1
+3

4
5
+2 −4
−1 +3
+5 −2
+6 +1
−3 −6
−4 +5







H=




A
A
H
A
H
H

H
H
A
H
A
A

A
H
A
A
H
H

H
A
H
H
A
A

A
H
A
H
A
H











Figure 1: Canonical 1-factorization for n = 6
The canonical 1-factorization has some additional structural properties. For example, for
i = 1, . . . , n − 2 the set Fi ∪ Fi+1 forms a hamiltonian cycle and the n − 2 breaks occur in
pairs on the odd-numbered days bi := 2i + 1 (i = 1, . . . , n/2 − 1). For the reversed schedule
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(F n−1 , F 2n−2 , . . . , F 1 ) breaks occur in pairs on the even-numbered days 2i. Furthermore, it can
be shown that for any odd number of teams the canonical 1-factorization leads to a schedule
without any break.
If a league contains teams which share the same stadium, two such teams cannot play at
home simultaneously. Thus, it is required that these teams have complementary home-away
patterns (i.e., when one team plays at home, the other plays away). De Werra [7] has shown
that in each oriented 1-factorization of Kn with n − 2 breaks the teams can be partitioned into
n/2 pairs having complementary patterns. For example, in the canonical 1-factorization teams
1 and n have complementary patterns without any break, teams 2i and 2i+1 (i = 1, . . . , n/2−1)
have complementary patterns with exactly one break in round bi = 2i + 1.
In [9] additionally so-called binary factorizations were introduced, which have applications in leagues divided into subdivisions. In such a situation it is required that in certain
rounds only teams belonging to the same division play against each other and that in the other
rounds each team plays against a team belonging to the other division. In [6] it has been shown
that for such a situation schedules with n − 2 breaks exist, where the “internal” and “external”
days alternate regularly. Later in [8] this result was generalized to leagues with more than two
subdivisions.
For double round robin tournaments with two half series at least 2n − 4 breaks occur
(cf. [7]). Unfortunately, schedules with 2n − 4 breaks have the often undesired property that
the first round of the second half series contains the same pairings as the last round of the first
→
→
←
←
←
half series, e.g. in a “mirrored” schedule (F 1 , . . . , F n−1 , F n−1 , . . . , F 1 ) (where F i denotes the
→

1-factor which is obtained from F i by orienting all arcs into the opposite direction). Often,
→
→
←
←
schedules of the form (F 1 , . . . , F n−1 , F 1 , . . . , F n−1 ), are preferred, where the pairings in rounds
t and n − 1 + t are the same. De Werra [7] proved that for such schedules at least 3n − 6 breaks
occur and constructed corresponding schedules with 3n − 6 breaks by changing the orientation
of some edges n − i in the canonical 1-factorization. For n > 4 in the first half series all breaks
occur in rounds 3, . . . , n − 2, i.e. in the schedule no team has two consecutive breaks (which
would correspond to three consecutive home or away games).
Fairness issues with respect to different opponent strenghts may be taken into account by
partitioning the teams into g ≥ 2 different strength groups. Then, the objective is to avoid that
a team plays against extremely weak or extremely strong teams in consecutive rounds. Two
concepts have been introduced in [3] assuring a certain degree of fairness with respect to such
groups. A schedule for a SRRT is called group-changing if no team plays against teams of
the same group in two consecutive games. It is called group-balanced if no team plays more
than once against teams of the same group within g consecutive games. The second property
implies the first one, since each group-balanced schedule (where each team plays against each
group exactly once within g ≥ 2 consecutive games) is also group-changing. In [3] and [4] for
several special cases group-balanced or group-changing schedules were constructed based on
graph models.
Another fairness-related concept deals with so-called carry-over effects (cf. [18]). For a
given single round robin schedule with n teams, it is said that team i gives a carry-over effect
to team j if some other team plays consecutively against teams i and j, i.e. some team plays
against i in round t and against j in round t + 1 for some t ∈ {1, . . . , n − 1}, where the rounds
are considered cyclically (i.e. round n corresponds to round 1). If team i is a very strong or
very weak team and several teams play consecutively against teams i and j, team j may be
handicapped or favoured compared with other teams. In an “ideal” schedule with respect to
carry-over effects, no teams i, j, u, v should exist such that teams u and v both play against
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team j immediately after playing against team i. In [18] the carry-over effects n × n-matrix
C = (cij ) has been introduced in order to measure the balance with respect to this criterion.
Each entry cij of this matrix counts the number of carry-over effects given by team i to team
j. The quality of a P
schedule
with respect to carry-over effects is measured by the carry-over
n Pn
effects value coe = i=1 j=1 c2ij . An ideal or balanced schedule is one in which the lower
bound value n(n − 1) is achieved, i.e. all non-diagonal elements of the corresponding matrix
C are equal to 1. In [18] it was shown that balanced schedules exist for all n = 2m by giving
a construction scheme based on the Galois fields GF (2m ). It was conjectured that balanced
schedules exist if and only if n is a power of 2. Later on in [1] this conjecture was shown to be
false by providing balanced schedules for n = 20 and n = 22.
Special requirements regarding the venues (courts, fields, stadiums, locations) have to be
taken into account for some sports scheduling problems. In the so-called balanced tournament problem (cf. [14]), n teams (or players) have to play a single round robin tournament
in n − 1 rounds using n/2 different courts in each round. In order to balance the effects of the
different courts, it is required that no team plays more than twice on any court (i.e. each team
plays twice on n/2 − 1 courts and once on the remaining court).
Another sports scheduling problem dealing with special court restrictions is considered in
rounds
[11]. The goal is to construct a schedule for an odd number n of teams and k = n−1
2
where each team plays exactly two games in each round. Furthermore, all n games of a round
have to be played consecutively on a single court. The objective is to minimize waiting times
for the teams. This problem can again be modeled by the complete graph Kn where the nodes
1, . . . , n model the teams and the edge i − j corresponds to the game between teams i and j.
Since in every round each team has to play twice, each round corresponds to a 2-factor in Kn
(i.e. a collection of node-disjoint cycles). Moreover, since the games in the rounds have to be
different, all 2-factors have to be disjoint, i.e. they constitute a 2-factorization F = (F1 , . . . , Fk ).
Furthermore, the assignment of the games to the n slots may be modeled by assigning the slot
numbers 1, . . . , n to the n edges for each 2-factor. Based on special 2-factorizations (hamiltonian
cycles, solutions of certain Oberwolfach problems), for two variants (zero waiting times allowed
or not) schedules for each odd number of teams are constructed minimizing the number of long
waiting times and the total waiting time simultaneously.
Several applets visualizing the construction methods mentioned above can be found at the
website http://www2.inf.uos.de/knust/sportssched/webapp/.
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General Solution Approaches

While the graph-based construction methods introduced in the previous section mainly focus
on one special side constraint (e.g., minimizing the number or breaks or the consideration of
opponent strengths or carry-over effects), for sports scheduling problems in practice often much
more side constraints have to be respected and the problems become more complex. For this
reason, such problems are often decomposed into subproblems which are solved sequentially by
exact or heuristic algorithms. Mainly, three approaches can be distinguished:
1. “First-schedule, then-break”: At first only the pairings are determined for each round
(i.e. which teams play against each other in this round). Afterwards for this opponent
schedule a corresponding home-away pattern is calculated.
2. “First-break, then-schedule”: At first a feasible home-away pattern is determined,
afterwards the pairings for the corresponding pattern are fixed. In this case often at
first keys are used to determine the pairings and specific teams are assigned to the keys
afterwards.
3. “First-assign-modes, then-schedule”: At first for each game the home team is determined, afterwards a corresponding schedule is constructed.
All three approaches have been studied in the literature for different problem settings. The first
two are often used in combination with integer linear programming or constraint programming
formulations (cf. [19]).
In a “first-schedule, then-break” approach the subproblem of the second stage is to find a
home-away pattern corresponding to the pairings determined in the first stage. Although such
an approach seems to be very natural, it has some disadvantages if breaks are important. In
this situation it is difficult to ensure that the final schedule has a small number of breaks since
opponent schedules exist which cannot be scheduled with less than 14 n(n − 2) breaks (see [17],
[5]). For example, for n = 16 teams opponent schedules exist where the minimum number of
breaks is 56 (in contrast to the minimum number 14). The complexity status of the break
minimization problem is still unknown, but it is conjectured that it is NP-complete. On the
other hand, it can be decided in polynomial time whether the given pairings can be scheduled
with at most n breaks or not ([16]).
In a “first-break, then-schedule” approach, the subproblem of the second stage consists in
finding a feasible opponent schedule for a given home-away pattern. A HAP is called feasible
if a corresponding opponent schedule exists which is compatible with this HAP. The pattern
set feasibility problem is to determine whether a given HAP is feasible or not. The complexity
status of this problem is also still not known. In [15] necessary conditions for feasibility based
on checking all possible subsets of teams were provided. For pattern sets with n − 2 breaks
these conditions can be checked in polynomial time. By computational experiments it was
shown that in this case the conditions are also sufficient for problems with up to 26 teams. In
[2] stronger conditions for feasibility based on a linear program were provided.
The “first-assign-modes, then-schedule” approach has been suggested in [13]. A balanced
home-away assignment is a collection of modes determining the home and away teams for each
game such that the difference between the number of home games and the number of away
games is at most one for each team. By graph theoretical considerations it was shown how
balanced home-away assignments can be constructed, how they can be changed according to a
connected neighborhood structure, and how mode preassignments can be handled with network
flow techniques. Later on, in [12] such an approach was successfully applied to construct
schedules for non-professional table-tennis leagues.
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Abstract
Sports forecasting models—beyond their obvious significance to bettors—are important resources for sports analysts and coaches. Like the best athletes, the best forecasting
models should be rigorously tested and judged by how well their performance holds up
against top competitors. Although a number of models have been proposed for predicting
match outcomes in professional tennis, their comparative performance is largely unknown.
In this paper, I compare the accuracy and discriminatory power of ten published forecasting models for predicting the outcomes of 2,443 singles matches during the 2014 season of
the Association of Tennis Professionals Tour. It is shown that regression models generally
outperformed the predictions of point-based models, which use an algebraic expression for
match win probability under the assumption that points are independent and identically
distributed. Only one model had excellent accuracy (overall predicted/actual wins = 1.01)
and discrimination (AUC = 0.90): a probit regression model whose predictors included
prize money, stage of tournament, player age, ranking points, head-to-head results, career
match wins for matches played on the same surface, and tournament tier. This study reveals significant variation in forecasting performance among published models and suggests
that factors beyond rank and serve/return ability can improve pre-match predictions of
match outcomes.

1

Introduction

Multiple statistical models have been proposed for predicting tennis wins, yet few have been
rigorously tested or compared against alternative approaches. Just as in sport itself, a high
standard of performance should be the ultimate goal of a prediction model. However, there is
currently little known about the validity and comparative utility of existing tennis forecasting
models.
The purpose of the present paper was to study the performance of published models that
predict singles match outcomes in professional tennis. The accuracy and discriminatory power of
ten different forecasting approaches were evaluated in a large dataset of singles match outcomes
for the 2014 season of the Association of Tennis Professionals (ATP) Tour, and differences in
performance by type of surface and tournament level were investigated. By demonstrating the
comparative validity and utility of existing prediction models, the results of this study aim to
provide insights into the major determinants of win ability in professional tennis and ways to
improve the performance of existing models.
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Methods
Models

A literature review was conducted to identify published models for forecasting wins in tennis.
Seventeen articles underwent a detailed reading to determine their eligibility. Articles were
excluded that did not present enough information to predict match wins (2 articles), did not
present a forecasting model (2 articles), presented a previously published model (2 articles), or
required within-match updating (1 article). Ten articles remained after applying these exclusion
criteria.
Shorthand
Point-Based

Model Description (Source)

Basic iid

Match win probability based on iid points [9]

Opponent-adjusted iid

iid model with opponent-adjusted serve and return probabilities [1]

Low-level iid

iid model with low-level service win probability [10]

Common opponent iid

iid model with serve and return conditional on common
opponents [6]

Regression-Based
Logistic

Logistic model with player ranks as predictors [5]

Basic probit

Probit model with difference in seedings as predictor [2]

Probit plus

Probit model with difference in ranks and player demographics [3]

Prize probit

Probit model with prize earnings and head-to-head outcomes [4]

Other
Bradley-Terry

Bradley-Terry model with likelihood-based estimates of
player abilities [8]

BCM
Bookmaker consensus model (BCM) of winning odds [7]
iid = independent identically distributed
Table 1: Summary of Published Models for Forecasting Outcomes in Tennis

The models included in the validation study are described in Table 1. The majority of
the approaches were either based on a regression model or a point-based model, where match
outcomes are predicted from algebraic formula under an assumption that points are independent
and identically distributed (iid). Most of the regression models were in the probit family and
included player rankings as a predictor. Differences in the predictors among these models are
shown in Table 2.1. The point-based models extend the basic approach introduced by Newton
and Keller [9] by refining the approach to the estimation of the probabilities of winning a point
on serve and return. Two models—the Bradley-Terry model of McHale and Morton [8] and
the bookmaker consensus model of Leitner et al. [7]—do not fit into either of these categories.
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Variable
Difference in seeds
Difference in ranks
Previous tournament result
Former top 10 player
Difference in age
Difference in height
Handedness
Potential prize earnings
Head-to-head wins
Head-to-head losses
Difference in rank points
Difference in career wins
Rounds remaining
Grand Slam indicator
Masters 1000 indicator

Logistic
+
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Basic probit

Probit plus

+

+
+
+
+
+
+

Prize Probit

+
+
+

+

+
+
+
+
+
+
+

Table 2: Predictors for Regression Models of Tennis Match Wins
Technical details about each can be found from their source papers.

2.2

Parameter estimation

Parameter estimates of the prediction models were limited to a 52 week period, with the exception of model predictors that specifically called for a longer look-back period (e.g. career
wins). The specific calendar period of inclusion was determined with respect to the date of the
match whose outcome was being forecasted to ensure that the most recent year of data was
considered. All Grand Slam matches and ATP Tour matches above the Challenger level were
included.
Data on model predictors and match outomces were gathered from publicly available websites using the author’s R package deuce (https://github.com/skoval/deuce).

2.3

Validation data

The performance of the models was tested against outcomes for 2,443 ATP singles matches
played during the 2014 season. Among the matches in the independent validation dataset, 20%
occurred at a Grand Slam, the majority were on hard court surfaces, and slightly more than
half included a top 30 player. Higher ranked players won 68% of matches.

2.4

Performance

Two properties of model predictive performance were evaluated: calibration and discrimination.
Calibration measures the accuracy of model predictions as is measured by the ratio of predicted
match wins for the higher ranked player to their actual match wins. Models with a calibration
ratio greater than 1 overestimate match wins for higher ranked players, models with a ratio
less than 1 underestimate. Discrimination refers to a model’s ability to assign a higher win
probability to the player who wins the match than the player who loses. Discrimination was
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Calibration Ratio (Expected / Observed)
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Figure 1: Model Overall Calibration, 2014 ATP Validation Data
measured in two ways: the area under the receiver operating characteristic curve (AUC) and
the mean probability difference (MPD) of winners and losers.

3

Results

Several models had excellent overall calibration (Figure 1). Three were the match-based probabilistic models—Probit plus, Prize probit, and Logistic—and the BCM. Point-based models
tended to underestimate the actual match wins of higher ranked players. The two models
that condition their parameters on head-to-head performance (Bradley-Terry) or performance
against common opponents (Common opponent iid) underestimated match wins the most.
The calibration of the four models with the best overall accuracy had good calibration
across surfaces; and the Probit plus and Prize probit models had consistently excellent accuracy
regardless of player rank or tournament tier (data not shown).
There was a wide range in discriminatory performance across models. Two models had
good discriminatory power with AUCs above 0.7: Probit plus (AUC = 0.77) and BCM (AUC
= 0.78). Two models had excellent discriminatory power with AUCs at or approaching 0.9:
Prize probit (AUC = 0.90) and the Bradley-Terry model (AUC = 0.89). All other models had
AUCs of approximately 0.6 or less, indicating poor discriminatory ability.
The discrimination of the Probit plus and Prize probit models as measured by the MPD
were clearly superior than the alternative models (Figure 2). These models were the only that
had an average difference in the predicted win probabilities of match winners and losers greater
than 10% (MPD = 25% for the Probit plus model; MPD = 33% for the Prize probit model).

4

Discussion

This is the first study to compare the performance of proposed models for forecasting tennis
match wins. Using a large, independent set of recent ATP singles matches, it was found that
regression models generally outperformed point-based models in terms of predictive accuracy
and discriminatory power. A probit model that included predictors for player rankings, de94
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Figure 2: Model Mean Probability Difference, 2014 ATP Validation Data

mographics, and tournament prize money yielded highly accurate predictions and had greater
discriminatory power than any alternative model.
An unexpected finding of the present paper was that the accuracy of predictions of regression
models were generally better than those of point-based models. The primary difference between
the two classes of approaches is that regression models directly propose a statistical relationship
between predictors and match win probability whereas point-based models derive an expression
for the chance of winning a match as a by-product of models for winning a point on serve and
return. Moreover, proposed models for points won on serve or return have been fairly naive
with respect to the predictors considered. No point model employed regression techniques that
could draw on systematic relationships between player characteristics and serve and return
performance. Instead, simple summaries of a player’s historical performance have been used
as inputs for point-based models with possible stratification by common opponents and/or
surface. Point-based models were found to consistenly underestimate actual wins of higherranked players, which raises doubt about the ignorability of dependence between points and
the adequacy of prior models of serve and return ability.
Another key finding of this paper was that the two models that did the most to account
for head-to-head results or difficulty of opponents faced—the Bradley-Terry and Commonopponent models—underestimated the match wins of higher-ranked players more than any
competing model. A consequence of focusing on either common opponents or head-to-head
results is that the sample size for the serve and return stats decreases, which could result in
unstable estimates. Increasing the time period of included matches can help to address this
but runs counter to a typical desire to emphasize more recent match results. Another strategy
would be a shrinkage estimator that could draw on information about the performance of similar
competitors to get more stable estimates of serve and return ability for individual players.
The superior performance of the Gilsdorf and Sukhatme [4] probit model in both accuracy
and discrimination has several implications. First, it suggests that factors beyond player rank
provide added value for forecasting. These additional factors include monetary incentives, player
age, stage and tier of tournament, and career head-to-head, and it would be interesting for
further research to clarify the relative importance among these factors. Second, it suggests that
a regression model can predict pre-play match outcomes with high accuracy and discrimination
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without information about surface or expert opinion (e.g. bookmakers), though it remains
unclear whether such information could improve on the performance of the Prize probit model.
Strengths of the present study include the use of an independent validation dataset with
many matches on all surfaces and stages of the ATP tour above the Challenger level. However,
by focusing on only one year of data it is unclear whether these findings can be generalized to
past or future generations of players. Another limitation in the generalizability of the findings
is that the paper did not consider performance for the Women’s Tennis Association. Further,
the present paper focused on pre-match predictive performance and did not investigate the
advantages of within-match updating, which is a distinctive potential strength of point-based
models.
Although it would be premature to claim any model as the ‘greatest of all time’, the present
comparative study of models to forecast match outcomes of men’s professional tennis did reveal
some clear winners. The range in performance observed also highlights the importance of
comparative validation studies, and supports the broader conclusion that publication doesn’t
guarantee that a model is useful. Further research is needed to understand the causes of the
variation in performance of prediction models for winning in tennis that was observed in this
study and ultimately improve the performance of current models.
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Abstract

The process of rating and ranking an object yields its position relative to a set of items
with similar attributes. This allows the observer to determine which item between two or
more, is better, simply by checking their positions. In turn, this can allow quite accurate
predictions in case two items of the given set are put against one another. Items can be
for example web pages (which one is more relevant), marathon runners (who will win the
race) or soccer teams (which one will win the championship). Because many systems have
been developed to rate and rank objects, using the correct system for a given situation is
of great importance. Also, a careful interpretation of the system’s result is of paramount
importance For example PageRank is quite efficient in ranking webpages, so is the elo
system to rank chess players. The other way around is not guaranteed (and is also not
expected) to work. In this paper, we are examining the efficiency of such systems on the
context of sports, with very promising results. The possibilities seem quite wide, both
in academic and industry applications, making the topic more attractive than ever to
researchers around the globe

1

Introduction

Since the invention of money, people try to win as much as possible, with the least possible
effort and time invested. The notion that time equals money and vice versa, completely justifies
this. Gambling gives the false hope that money can actually be won with very little effort.
Although false, people continue to gamble, often getting addicted and developing neurotic
behaviors [1]. The size and growth of the industry clearly indicates the fact that people are
buying hope, rather than winning money. In Europe (EU28) the gambling industry recorded a
Gross Gaming Revenue of 82.36bn euros[3]. Still, as with financial markets, there are certain
individuals who try to rationally and scientifically study, analyze and predict the sports and
markets. A relatively simple way of doing so, is by rating each participant, determining the
strongest and betting on him/her. In this paper we aim to present some linear algebra rating
systems, used to rank teams from the English Premier League. We study their overall accuracy
and profitability in betting and finally we propose some simple strategies that improve raw
mathematical models, by taking into account the nature of the markets and bookmakers.

2

Overview and Soccer’s Nature

Although rating systems can be a valuable tool in any sports bettor’s arsenal, they can never
fully model the complexity of other factors involved in betting. Human psychology, injuries,
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fatigue, weather and shady factors play role in the outcome of a match. This calls for more
complex, multi-stage systems in order to accurately and effectively place sports bets. In this
paper, we briefly present some linear algebra rating systems and compare them in terms of
accuracy and profitability. Accurate models are not always profitable [7]. We then try to
improve them with simple strategies, aiming to show that strategies can greatly improve the
performance of such systems.
Soccer is quite different from other sports, as a tie (draw) is a realistic and possible outcome,
whereas in other sports, for example basketball or American football, special rules apply in order
to avoid ties. In the English Premier League for example, during the seasons 2008-2014, more
than a quarter of the matches (26%) concluded in a draw, as shown in Figure 1.This clearly
indicates that soccer has a ternary rather than binary result. An uninformed guess would have
a 33.3% chance of guessing the correct result, rather than 50%. Thus, forecasting is a lot
harder.

Figure 1: Outcome Percentages. English Premier League 2008-2014

3

Methods

In this paper, we study four rating systems, namely Massey’s[8], Colley’s[2], Elo’s[4] and
mHITS[6], as well as an aggregation, which consists of the average of their normalized means.
We would like to thank http://www.football-data.co.uk/ [5] for their freely available historical data. All the data used originate from there. All systems were implemented in MATLAB
by The MathWorks, Inc.[9]

3.1

Massey’s Method

Originally developed by Kenneth Massey during his final year project in 1997, this method
uses a least squares approach to solve the system of linear equations M r = p, yielding a rating
vector as a result. Where M is the Massey matrix, with each element Mij representing the
number of games played between teams i and j. The diagonal (elements Mii ) represent the
total number of games played by team i. Vector p contains the net difference in score for each
team. . Finally, by solving for r, we get the vector containing the teams’ ratings.
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Colley’s Method

Proposed by astrophysicist Dr. Wesley Colley in 2001, this method is a variation of the popular
method
wi
(1)
ri =
ti
Where ri is the rating of team i, wi is the total wins of team i and ti is the total games of
team i. The actual method consists of creating a square matrix, C and a vector b and solving
the system Cr = b for r.
The matrix Cij contains the total number of games played between the teams i and j,
multiplied by -1. The diagonal contains the total number of games played by each team, plus
2. The vector b is calculated as follows:
b=1+

3.3

wi − li
2

(2)

mHITS

Proposed by Anjela Govan, as a part of her PhD thesis, this system is inspired by the popular
Hyper-Induced Topic Search (HITS) algorithm. The main concept of the algorithm is the use of
offense and defense rating for each team, and the final rating is calculated as the ratio between
these two ratings. Assuming oi is the offensive and di is the defensive rating for each team, high
o values signify a strong offense and low d values signify strong defense. Using the matrix A,
where Aij is the score generated from team j against team i, and by initializing d as a vector
of ones and o as
1
o = AT
(3)
d
the algorithm continuously refines o,d as follows (on k’th iteration)
d(k) = A

3.4

1
o(k−1)

, o(k) = AT

1
d(k)

(4)

Elo System

Originally developed by Arpad Elo in order to rank chess players, this system has been adopted
by quite a lot of sports and organizations. For each participant i, their rating after a match
against j is calculated as follows:
ri (new) = ri (old) + K(E(i, j) − T (i, j))

(5)

Where K is a constant, determined by the sport and organization, T is a ternary variable,
taking values 0, 0.5, 1, if team i lost, tied, or won, respectively. Finally, the expected outcome:
E(i, j) =

1
10−(ri −rj )/400 + 1

(6)

The actual system for soccer was taken from http://www.eloratings.net/system.html
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Aggregation

An aggregation of the methods was also used, by normalizing each of the model results (mean=0,
standard deviation = 1) and taking their average. This is done in an effort to reduce variance in
the results. Although Arrow [1] argued that it is not possible to correctly aggregate a number
of different opinions (in our case, ranks), we do not aim to make better predictions, rather than
show that improvements can be made even if a system is not efficient on its own to begin with.
Thus,showing that an inefficient system can be improved using strategies in order to filter its
preferences.

4
4.1

Application
Accuracy Comparison

We now proceed to use the presented systems in order to predict matches in the English Premier
League. The first two weeks of each season were used as a training phase, so no predictions
take place during this time. After that, ratings are computed after each team plays one match
(there are twenty teams, so after ten matches). Seasons from 2008 through 2014 were used, a
total of six. Contestants with a higher rating are expected to be winners, so each model bets
on the highest rated contestant. The raw models, although for the most part achieved a better
accuracy than an uninformed guess, did not achieve a better performance than playing only
the home team as shown on chapter 2 (47% accuracy).
Method
Accuracy
Games

Colley
0.386
2160

mHITS
0.491
2160

Massey
0.485
2160

ELO
0.364
2160

Aggregate
0.386
2160

Table 1: Raw Model Accuracies
Given that most models are not capable of predicting draws on their own, we filtered out
the matches concluding in a draw. Although there is a great improvement, Table 2 shows that
a lot of games are filtered out. Elo, as well as the aggregation of the results are still below
47% accuracy. Also, this method is not really suitable for gambling, as we are in no position
to determine if a match will end up in a draw or not beforehand.
Method
Accuracy
Games

Colley
0.519
1604

mHITS
0.662
1604

Massey
0.653
1604

ELO
0.456
1604

Aggregate
0.445
1604

Table 2: No-Draw Model Accuracies

4.2

Profitability

The next step is to try our raw models performance in gambling. Using the average odds from
the biggest online bookmakers, we simulate the course of our models. Each model is given 1,000
money units as a starting capital. Each model bets 50 units on each match, and receives the
profits dictated by the average odds.As we can see, none of the models achieve any profit.
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Figure 2: Raw Model Profits

4.3

Strategies

In order to improve our models’ performance, we try to pick the safest matches, and bet only
on them, in an effort to cut our losses. By looking at the bookmakers’ odds, we can determine
whether the selected outcome can be considered safe or not. Outcomes with high odds are
considered unsafe. This is because bookmakers increase the odds of an outcome unlikely to
happen, in order to lure in more bets and balance their portfolio and risk. By applying this
strategy, a lot of matches are filtered out, as shown on Table 3, but the ones remaining are a
lot safer.
Method
Accuracy
Games

Colley
0.822
180

mHITS
0.792
327

Massey
0.788
322

ELO
0.768
164

Aggregate
0.802
243

Table 3: Low Odds Strategy
This strategy almost doubles the accuracy in some models. It is important to note that we
include all matches in the selection process, not only the ones resulting in home/away wins.
By applying the strategy to our betting simulation we notice that Colley’s method achieves a
profit, and none of the models end up with a negative profit. It is a really great improvement
over the raw models as shown in Figure 3.

Figure 3: Low Odds Strategy Profits
Still, there is room for improvement. By reducing our exposure to risk, we can further
improve the model. Instead of staking 50 units per match, we now stake the required amount
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in order to win 50 units. In other words Si = 50/Oi . Si are the stakes for game i and Oi are
the odds of the predicted outcome. Using Colley’s model as an example, Figure 4 shows the
increase in profits, throughout the simulation.

Figure 4: Staking Plan Colley Profits

5

Conclusions

Rating and ranking a team in a league does not guarantee an effective or profitable prediction
of future matches. Being a market, sports betting needs more than just fundamental analysis
of the product being traded (match outcomes). Correct model and match selection, as well as
a sound staking plan is needed in order to be profitable in these markets. In this paper we
tried to prove these statements by comparing raw models against the same models with match
filtering strategies applied. Given the many factors that determine the outcome of a match, it
is better to pick matches with less randomness in these factors, than trying to model them and
then pick the right outcome.
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Abstract
I propose the concept of a measurable Age Advantage in football. A concept of Home
Advantage is well established and this paper aims to explore an analogous Age Advantage.
Using data from 24 top-level competitions this paper explores the relationship between
average age and results. The simple analytical tool of a mean age calculation shows that for
younger cohorts, fielding a team with an older average age is advantageous and conversely,
for older cohorts, fielding a team with a younger average age is advantageous. Home
Advantage statistics provide a comparator against which to test the extent of the Age
Advantage.

1

Introduction

To test the age advantage a simple measure of the age of any competing team was established,
it’s referred to as the average team age and abbreviated as ATA. It is calculated as the mean of
the chronological ages of all the players who make up the team at the time of the competition.
For the sake of uniformity and simplicity the study is restricted to the ATA of only the starting
line-up in each case on a given match day, no allowance is made for substitutions on or off.
(Across the top 6 European Leagues the average playing time in a match for a player present
in the starting line-up is 84.55 minutes (94% of match playing time), it can be said therefore
that the players in the starting line up will tend to be making the most significant contribution
to results.)
To give extreme examples in order to illustrate the point, a team with an ATA of 15 will
tend to win against a team with an ATA of 10, whereas, a team with an ATA of 45 will tend
to lose to a team with an ATA of 30.
Three interesting questions arise out of consideration of the hypothesis:
1. Does a relationship between the ATA of competing cohorts and performance outcomes
exist at the highest competitive levels of the sport where gambling on outcomes may take
place?
2. Does such a relationship between the ATA of competing cohorts and performance outcomes exist at a micro level i.e. within age banding where scouting and elite selection is
taking place?
3. Is there an identifiable ATA tipping point, across populations as cohort age increases,
where the advantage passes from older to younger teams?
To explore this hypothesis a dataset was analysed consisting of 6,389 matches played during
2013/14 at the highest competitive levels organised by national leagues in Europe, USA and
South America and by UEFA and FIFA and involving 12,778 teams exhibiting average ages
(ATAs) from under 17 to over 28.
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Home Team Advantage

The baseline comparator of ‘Home Advantage’ is variously held to be due to the familiarity of
the home ground, home bias of referees, the larger number of home supporters and disadvantage
of long travel times for the away team. League competition is broadly constructed on a duplicate
home and away match basis to attenuate ‘Home Advantage’.

Figure 1: The development of the % of home wins, draws & away wins 1890 to 2010. c James
Curley.

This analysis of 120 years of English First Division/Premier League football shows the
relationship between the chance of a home win, a draw or an away win. Percentages of home
wins, draws and away wins are fairly consistent across contemporary football competitions with
46% home wins, 24% draws and 30% away wins. It is possible to translate these percentages
into points accrued for the home team and the away team based on 3 points for a home win, 1
point for a draw and 0 points for a loss. For example the ratio of 46% - 24% - 30% translates
into 1.62 points per game for the home team and 1.14 points per game for the away team.
This creates a convenient ratio for analysis and this technique of translating home/draw/away
win percentages into points per game (PPG) is used for analysis of ‘Age Advantage’.

3

Methodology

The accumulated data was compiled into sets for each competition, the percentages of wins,
draws and losses accruing to each team according to various parameters were calculated and
then converted into PPG for comparison. The parameters against which PPG scores were
accumulated for comparison were:
1. Home Team v Away Team (baseline).
2. Higher ATA v Lower ATA (older v younger).
3. Higher RAEi v Lower RAEi (more biased v less biased).
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(The RAE parameter is devised as a simple measure to express the ratio of early-born to
late-born players in any given team. It is termed the ‘relative age index’ or ‘RAEi’ and it
is calculated as the number of early-born players divided by the total number of players
and is expressed as a decimal proportion between 0 and 1.)
4. Proximity to a notional ‘Optimum ATA’ (close or remote).
(The ‘Optimum ATA’ is calculated as that ATA, proximity to which, gives the highest
possible PPG score.)

4

Comparing Home Team Advantage with Age Advantage and Relative Age Advantage

Figure 2, below, shows how data from 20 of the 24 competitions in our sample indicates fairly
consistent Home Team/Away Team PPG characteristics when charted against cohort age (single
location competition data is excluded because no venues constituted a home ground).

Figure 2: Graph of PPG accrued by the Home Team (orange) or the Away Team (purple).

Figure 3: Graph of PPG accrued by the Older Team (red) or the Younger Team (blue).
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In Figure 3 however we see a pattern of diminishing advantage for older teams and increasing
advantage for younger teams.
At younger ages the ‘Age Advantage’ accruing to an older team is evident as a PPG score
of 1.9 at U17 and 1.65 at U19 and these are high values exceeding ‘Home Advantage’ scores.
In the Netherlands U23 competition for 2012/13 the average PPG scores are reduced almost to
parity and within the Netherlands Eredivisie where the league average age is under 25 and the
Belgium Jupiler Pro League where the mean ATA is 26.18 it seems that younger teams have
gained an advantage. The PPG scores for most of the other top leagues are close to parity
on an ATA basis with Italy, the MLS and the UEFA Champions League showing a continuing
advantage to older teams. The World Cup stands out because the age advantage has passed
quite significantly from the older teams to the younger teams.
In examining carefully the profiles of ATA distributions for the various competitions we
observe restricted standard deviations lower down the age ranges. In the UEFA U17 and UEFA
U19 competitions in particular we observe a very restricted standard deviation and if we look at
the relationship between the Inter Quartile Range and the mean age of the cohorts as shown in
Figure 4 we see a pattern of fielding teams within narrower age ranges at younger ages. Within
the youngest of our samples for the UEFA U17’s the mean age is very close to the extreme
upper limit of the age eligibility range and the IQR is 0.125. In the context of an eligibility
range which is 2 years the IQR for the U17 cohort is inordinately small.

Figure 4: A graph of IQR of the ATA distribution v Cohort Age.

In order to achieve such a high mean age, close to the age eligibility cut-off date, it is logically
necessary to recruit, into the roster, a high number of players born as early as possible within
the competition year giving rise to a ‘relative age effect’.
The motivation for achieving high PPG scores is obviously very strong and if an ‘Age
Advantage’ does exist then it is reasonable to expect a relationship between achieving high
PPG scores and fielding older teams within the age bands of youth competition. If this is the
case we should see a correlation between teams exhibiting high relative age bias and performance
outcomes and Figure 5 shows that this is the case.
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Figure 5: Graph of PPG accrued by the Higher RAEi Team (purple) or the Lower RAEi
Team (green).

5

Optimum ATA

In Figure 4 it was apparent from the IQR values that at younger ages the ATAs of competing
teams were very close to the upper limit of age eligibility ranges and that the IQR values
increased with increasing cohort age. If at younger ages, older teams tend to prevail and at
older ages, younger teams tend to prevail then it is natural that an ATA evident at younger
ages will be close to the eligibility limit, in effect the optimum ATA is the eligibility limit. We
might also expect that at older ages, where no age eligibility limit exists, the ATA will also tend
towards an optimum and for much older cohorts this will be lower than the average age of the
cohort. Its more difficult to analyze this because the attrition of older players sustains ATA’s at
optimum levels. When the performance levels of older players diminish, younger players replace
them.

Figure 6: The Goal Impact rating of professional players v. age. c Jörg Seidel @goalimpact
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Figure 6 shows the goal impact rating (an index of player effectiveness) for professional
players against age and illustrates this process very well.
The ruthless efficiency of the system, a kind of natural selection, sustains the optimum but
this, of course, implies that the optimum will always tend towards the cohort average. At
younger ages the optimum is the age eligibility limit and at older ages it tends towards the
mean of the ATAs.
It is possible to calculate an optimum ATA, i.e. an ATA which produces the best outcome,
by calculating back from the competition outcomes. An iterative goal seeking process can
determine the optimum ATA where the team with an ATA closest to the optimum achieves the
highest PPG. The derived optimum ATA chart is shown in Figure 7. The data points seem to
converge on age 27.

Figure 7: A chart of PPG against proximity to an Optimum ATA.
The 2014 World Cup, as the pinnacle of global soccer competition, provides very interesting
data. The high mean ATA of 27.57 is coupled with a tight range of just 5.71. The younger
team won 32 times, there were 9 draws and the older team won 23 times.
During the final knock-out phase when it might be reasonably expected that performance
levels had increased, the mean ATA remained at 27.55 but the range was further reduced to
3.63 implying a tendency towards an optimum. During the knock-out phase 13 out of the 16
matches were won by the team with an ATA closest to the optimum.
The optimum can only be calculated after the event based on actual outcomes however the
argument that the optimum tends towards the mean due to the attrition of older players seems
to hold because charting the derived optimum ATA against cohort average age produces an R2
value of 0.84.

6

Conclusions and Further Work

The initial proposition that at younger ages, older teams have an advantage and that at older
ages, younger teams have an advantage is both logical and un-contentious. This study shows
that the phenomenon is quite easily analysed and when examined more closely reveals consistent predictive relationships. The study has introduced the concepts of average team age
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(ATA), relative age index (RAEi), optimum ATA and cohort age tipping point. Furthermore it
has shown that the technique of translating match outcomes across competitions into a single
comparator of points per game (PPG) and then comparing PPG scores according to the different parameters such as ATA, RAEi and optimum ATA provides insight into factors driving
player recruitment and relative age effects.
The study confirms that a relationship exists between ATA’s and match results at the
highest competitive levels which may have implications for gambling, also that a relationship
exists within year groups with implication for scouting, youth development, recruitment and
retention and that there is an identifiable ATA tipping point, across populations as cohort age
increases, where the advantage passes from older to younger teams and this would seem to have
a relationship with the cohort mean and a hypothetical optimum.
There would therefore seem to be some merit in developing the tools described in this study
and pursuing further research into age advantages in football using them.
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Abstract
Masters swimming is a special class of competitive swimming for swimmers aged over
20 years who compete within age groups of five years. In addition to individual competition, Master meetings programs host relay events. Providing an optimal relays line-up
is not a trivial issue and cannot be easily managed by hand, even for problems involving
a small number of athletes. Master meetings differs in many aspects from professional
ones, because given the ludic and recreational nature of the master competitions, it is
also important to meet athletes wishes and to allow more swimmers to take part of the
competition if this does not imply a strong decrease of the team line-up competitiveness.
Another crucial issue in master meetings is that, while there is a very high competition in
the lower age categories, and an excellent chronometric performance is necessary to win
a medal, in the older age categories competitiveness is not so high and it is possible to
win a competition even with a medium level squad. In this work an Integer Programming
formulation, taking into account all these aspects, is presented and computational tests on
real data, showing the effectiveness of the proposed approach, are reported.

1

Introduction

Operations research has been extensively used in sports, both to determine winning tactics and
to schedule sport leagues. Many papers that address tactical and strategic questions for both
team sports like baseball [3], cricket [8, 2] and ice hockey [16] and for single player sports like
tennis [7], long jump [13] and pole vaulting [4], can be found in literature. The literature on
sports league scheduling is somewhat large and covers all team sports; a complete survey can be
found in [5]. Both integer programming (for instance, [15] for basketball, [11, 14] for American
football) and heuristics ([10] for baseball, [1] for cricket and [12], who address sport league
scheduling for different sports) have been proposed. A complete overview of the application of
OR methods in sport can be found in [17].
Masters swimming is a special class of competitive swimming for swimmers aged over 20
years who compete within age groups of five years. In addition to individual competition,
Master meetings programs host relay events. In official championships, both 4 × 50m medley
and freestyle relays are scheduled. Medley relay consists of four different swimmers, each
swimming 50 meters in one of the four strokes, the order of strokes being fixed. In a freestyle
relay all the four participants swim in the freestyle stroke. In addition to men’s and women’s
relay events also mixed relay events (2 men/2 women) are planned. Age groups for the relay
events are determined by the combined age of the team participants, allowing for swimmers of
very different ages to compete together. Each team may line-up one relay for each age category.
Each athlete may compete in in up to 4 different relays, (medley-freestyle, mixed medley and
mixed freestyle), but in only one age category for each type of relay. Furthermore, while at a
professional level the only goal of the coach is to reach the best results possible, at the Masters
level, also swimmers’ exigencies and satisfaction should be taken into account, and coaches
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aim to obtain competitive line-ups while trying to involve in the relay events as many athletes
as possible. Moreover, while in the lower aged categories competition is very strong and it is
possible to obtain a good placement only with a top level line-up, in older categories it is easier
to gain a medal even with a poor chronometric performance. The averaged line-up quality in
the lower age categories is very high, and the number of teams with a top-level foursome is
large while in older age categories the number of top level line-ups is very small. A coach must
take into account all these aspects while deciding the team line-ups. In this case, the goal is not
only to provide the fastest line-ups possible but to maximize the team global competitiveness
while trying to involve the highest number of athletes.
A similar problem has been addressed in [9], where dual meet events were considered and
a model capable of maximizing team’s score, supposing to know opponents’ team scores and
line up, was provided. In [6] this problem has been generalized to multi-team meetings, but the
supposition that opponents’ line-ups are known in advance still holds.
The novelty of the approach proposed is that no information on the opponents is required,
because the competitiveness of a line-up is computed taking into account the personal bests
of the involved athletes and a reference time (which could be the national record or the world
record) for the category in which the foursome compete. For each category a multiplier parameter is also considered to take into account the competitiveness level in the category. In fact,
in lower age category, a performance which is 20% slower than the reference time, probably
will relegate the team to the middle ranking positions, and certainly will not allow the team
to win a medal while in an older age category it gives great chance of victory. Furthermore
the objective function to be maximized is defined as a linear combination of competitiveness of
the team and satisfaction of the athletes (expressed in terms of number of athletes of the team
involved in the relays line-ups).
The paper is organized as follows. A detailed description of the problem is given in Section
2, while the integer programming model is briefly summarized in Section 3. The computational
results obtained testing the model on different real cases are reported and a detailed analysis
of these results is provided in Section 4. Finally, Section 5 is devoted to the conclusions and
possible future developments.

2

Problem Description

The problem treated in this paper addresses the relay line-ups optimization for a Masters
swimming meeting. There are six kind of relay: freestyle men, freestyle women, medley men,
medley women, mixed freestyle and mixed medley. Each relay line-up is composed by 4 athletes;
for the “men” and “women” events, the quartet is composed of only men and of only women,
respectively. In the “mixed” events, the quartet must be composed of 2 men and 2 women.
Five different age categories are defined:
- Category A: sum of the ages of the participants in the relay must be between 80 and 120
- Category B: sum of the ages of the participants in the relay must be between 120 and 160
- Category C: sum of the ages of the participants in the relay must be between 160 and 200
- Category D: sum of the ages of the participants in the relay must be between 200 and 240
- Category E: sum of the ages of the participants in the relay must be between 240 and 280
111

Master Swimming Relay

Mancini

Where applicable further categories may be added operating in the same way (all the categories
have an age range of 40 years).
Each team can line-up at most one relay for each category for all the 6 kinds of relays. Each
athlete may compete in up to 4 relays but in only one relay for each kind. Since the age limit
is on the sum of the participants’ ages and not on the single athlete ones, a quartet may be
composed of athletes with heterogeneous ages. For instance a line-up for a Category B relay
may involve one athlete aged 20 years, one 30 years, one 40 years and one 50 years. The same
athlete may compete in different categories in different kinds of relay. We defined an athlete
“involved” in the competition only if he takes part in at least one relay.
The competitiveness C of a line-up in a given kind of relay is computed as follows:
C =1−γ

T −τ
τ

where T is the sum of personal bests of the athletes involved in the relay, τ is the reference time
for the corresponding kind of relay and category and γ is a parameter, such that 0 ≤ γ ≤ 1,
which takes into account the level of averaged quality and competitiveness for the correspondent
category. The category A holds the highest value of γ, γ = 1, while this value is non linearly
decreasing with the increment of age categories. Basing on experimental data, the following
values of γ have been defined:
γA = 1; γB = 0.9; γC = 0.7; γD = 0.4; γE = 0.2.
We assume, basing on real data analysis, that T < (1 + γ1 )τ , for each possible line-up. In
this way, the competiveness of a relay line-up C is always 0 < C ≤ 1. This gives an actual
description of the reality because, even inscribing a very slow quartet, the competitiveness in
the event is always greater than zero. If the team does not inscribe any quartet for a given
event, its competitiveness in that event is assumed to be equal to zero.
The goal is to maximize a function which is a linear combination of the total competitiveness
of the team and the number of involved athletes.

3

Model formulation

An Integer Programming Model to define the optimal relay line-ups is proposed. For brevity,
the model is not explicitly reported here, but it is described in detail at the conference.
The objective function is defined as the weighted sum of two terms: the total competitiveness
of the team, which is computed as the sum of the competitiveness of the team in each event, and
the number of involved athletes. The multiplying parameter for the second term (the number
of involved athletes) in the objective function is denoted β.

4
4.1

Computational Results
Instances Description

Three different real instances, related to an Italian Masters team, Torino Nuoto, have been
addressed. Each one of them show different characteristics. The first one deals with the 2014
Piedmont Regional Championships (Reg2014), in which Torino Nuoto lined-up 14 male and 10
female athletes. The greatest part of the athletes are in the range between 30 and 40 years for
men and between 20 and 30 for women (with a 59 years outsider). Based on the ages of athletes
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it would be possible to line-up relay only for categories A,B and C. Personal bests are quite
homogeneous which make more complex the line-up decision problem. In a regional championship only four kinds of relays are scheduled: men freestyle, men medley, women freestyle and
women medley. The second instance is related to the 2014 Italian Championship (Ita2014). In
this meeting also mixed relays are planned. For Torino Nuoto, 15 athletes have been involved
(9 men and 6 women). In this case the team may compete in categories up to C for men and
mixed relay and up to B for the women ones. The last instance is the larger one and it is related to the 2011 Piedmont Regional Championships (Reg2011). The Torino Nuoto roster was
composed of 26 men and 11 women. The men’s roster is very heterogeneous, varying from 21
to 58 years in age. Athletes’ personal bests are also very different, varying from 30.84 seconds
to 47.93 seconds for the backstroke, from 31.52 to 48.61 for the breaststroke, from 28.52 to
44.08 for the butterfly, and from 24.82 to 34.97 for the freestyle. The women’s roster is more
homogenous both for age (from 20 to 30) and for performances with an older outsider of 46
years with slightly worse personal bests. Even in this meeting, as in the Reg2011, no mixed
relays are planned. In this case the team may compete in categories up to D for men relay and
up to B for the women ones.

4.2

Results analysis

Each instance has been solved by the model firstly considering the parameter β = 0. This
means that we are only trying to maximize competitiveness. Secondly the model is run with
β = 0.1. In this case, all the athletes have been involved in the line-up. This implies that
this objective has been completely fulfilled and so, even increasing the value of β, the optimal
solution would not change. The model is able to find the optimal solution in 0.1 seconds for all
the tested instances.
In Reg2014, the model with β = 0 obtains a sensibly better solution with respect to the real
line-up, but the number of involved athletes, (20 out of 24) is lower with respect to the actually
involved athletes with the real line-ups (23 out of 24). Running the model with β = 0.1 it
is possible to obtain a solution which is slightly worse than the optimal, but still better than
the real one, and in which all the 24 athletes are involved. This result shows that, acting
with a proper tool, it is possible to provide very good line-up even allowing all the athletes to
participate creating a good balance between team performances and athletes’ satisfaction which
is a crucial issue in an amateur context such as the master one. In Ita2014, the optimal solutions
with β = 0 (involving 14 out of 15 athletes) and β = 0.1 (involving all the 15 athletes) have
similar objective functions values and they are both strongly better that the actually provided
line-up. Finally, in Reg2011, the optimal solution obtained with β = 0 is better and involves
more athletes than the real one (28 vs 26 out of 37), but this solution is not so fair because
9 athletes would not take part in the event. Fixing β = 0.1 it is possible to obtain a solution
which is very near to the optimal one (and better than the real one) and in which all the 37
athletes are involved.

5

Conclusion and Future Developments

This paper addresses the relay line-up optimization for Master Swimming. Master competitions
are amateur events, therefore the goal of a coach is not only to maximize team performance
and competitiveness but also to involve in the event as many athletes as possible. An Integer
Programming Model is proposed in which the objective function to be maximized is given by
a linear combination of team competitiveness and athletes’ satisfaction (An athlete is satisfied
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if he/she is involved in at least one relay). The model has been tested on real instances and is
able to solve them to the optimality in 0.1 second. Results obtained show that, with a smart
line-up, it is possible to involve a larger number of athletes (in the tested cases, all the athletes)
without a significant loss of competitiveness. Further developments in this field could address
an extensive computational testing on larger instances. Moreover, a similar approach could be
adopted to address other sports in which team line-up must be scheduled, among which track
and field events, artistic and rhythmic gymnastics, ski, cross country ski and snowboard.
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Abstract
There are two main reasons for changing rules in ice hockey. The first reason is the
safety of players and spectators and the second reason is the attractiveness of matches. We
study effects of rule changes that were made because of the second reason, e.g. allowing the
two-line pass, narrowing the neutral zone, overtime in the case of a tie game. We analyse
these rule changes from two perspectives. The first one is how many goals are scored in
a match and the second one is how many games are tied after the 60-minute regulation
time. We use the data from the 1979–1980 season to the 2014–2015 season, i.e. data after
the last big expansion of NHL in 1979.

1

Introduction

Ice hockey is a dynamic sport that evolves over time. One reason is the advance in technology,
e.g. composite sticks, goaltender masks (introduced in the National Hockey League (NHL) by
Jacques Plante during the 1959–60 season), or the availability of information about every single
player. Usually a change caused by an advance in technology is slow and with no clear starting
point (in 1970s, there still were some goaltenders without a mask).
On the contrary, rule changes take effect rapidly and it is easy to identify their starting
point as the rules are changed only between seasons. There are two main reasons to change the
rules.
• The first reason is the safety of players and spectators.
• The second reason is the attractiveness of matches, i.e. how many goals are scored.
We study effects of rule changes that were made because of the second reason, e.g. allowing
the two-line pass, narrowing the neutral zone, overtime in the case of a tie game. We analyse
these rule changes from two perspectives. The first one is how many goals are scored in a match
and the second one is how many games are tied after the 60-minute regulation time. Although,
the data from the first NHL season (1917–1918) can be obtained we use only the data from
the 1979–1980 season to the 2014–2015 season. The last big expansion of the NHL was made
between the 1978–79 season and the 1979–1980 season when four teams joined the league and
set the number of teams to 21. Each further expansion included only one or two teams and
since the 2000–2001 season the NHL consists of 30 teams.

2

Data Processing

Match results can be obtained from numerous online sources. In this work, we used [1] which
offers all results since the 1942–1943 season. As mentioned before the data from the 1979–1980
season to the 2014–2015 season are used. Due to the cancellation of the 2004–2005 season we
have 35 seasons for the analysis where only regular season matches are used (play-off matches
are played with different rules for the overtime).
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The list of rule changes in the NHL since the 1979–1980 season follows. Mentioned seasons
are those when a new rule took effect.
(A) 1983–1984 season: Five-minute overtime period was introduced if the score was tied after
the end of regulation time. If either team scored during the overtime period, the game
ended and the scoring team received two points and the losing team received no point. If
no goal was scored, each team received one point [2, pp. 178].
(B) 1999–2000 season: Number of skaters in the overtime was reduced from five to four, plus
a goalkeeper and both teams automatically received one point for games that went into
the overtime, i.e. if either team scored during the overtime period, the game ended and
the scoring team received two points and the losing team received one point. If no goal
was scored, each team received one point [2, pp. 178-9].
(C) 2003–2004 season: Maximum length of goaltenders’ pads was set at 38 inches [7, pp. 11].
(D) 2005–2006 season: If no goal was scored during the overtime period, a shootout was used
to decide the game’s winner, i.e. the team that receive the extra point [2, pp. 179-180].
The NHL salary cap was introduced [2, pp. 124]. The neutral zone was reduced from
54 feet to 50 feet, center red line was eliminated for two-line passes, size of goaltenders’
equipment was reduced by approximately 11 percent and some more minor changes to
rules were made [7, pp. 11].
(E) 2010–2011 season: Goaltenders’ pads shall not exceed eleven inches. Size of pads is set
to be anatomically proportional [6, pp. 18].
(F) 2013–2014 season: More reduction to the size of pads due to a change in the calculation
of anatomically proportional size [8, pp. 19].
All analysed seasons are depicted in Figure 1 and Figure 2; vertical lines in these figures
show rule changes mentioned in the previous list.

3

Hypotheses Formulation

In this section, hypotheses that will be tested in the next section are formulated. The first
group of hypotheses concern average number of goals in the regulation time and the second
group concern relative number of ties in the regulation time.

3.1

Average Number of Goals

The hypothesis for each pair of consecutive seasons is
• H0 : Average number of goals scored in the regulation time in a season X+1/X+2 is the
same as in a season X/X+1.
We expect that the rule changes (A) and (B) from the list in Section 2 had no effect on the
average number of goals in a season and that the rule changes (C)–(F) resulted in an increase
of the average number of goals in a season. Therefore, we use one-tailed alternative hypothesis
for (C)–(F) and two-tailed hypothesis for (A) and (B) defined as
• H1 : Average number of goals scored in the regulation time in a season X+1/X+2 is
higher (different) than in a season X/X+1.
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Average Number of Goals

9
Home
Away
Total

8
7
6
5
4
3

1979−1980
1980−1981
1981−1982
1982−1983
1983−1984
1984−1985
1985−1986
1986−1987
1987−1988
1988−1989
1989−1990
1990−1991
1991−1992
1992−1993
1993−1994
1994−1995
1995−1996
1996−1997
1997−1998
1998−1999
1999−2000
2000−2001
2001−2002
2002−2003
2003−2004
2005−2006
2006−2007
2007−2008
2008−2009
2009−2010
2010−2011
2011−2012
2012−2013
2013−2014
2014−2015

2

Figure 1: Average number of goals in NHL seasons (the dashed vertical line is used for rule
changes where no effect is expected and the full vertical line is used for rule changes where
increase is expected)
For consecutive seasons where no major rule change was made a test with two-tailed alternative
hypothesis is performed.

3.2

Relative Number of Ties

The hypothesis for each pair of consecutive seasons is
• H0 : Relative number of ties in the regulation time in a season X+1/X+2 is the same as
in a season X/X+1.
We expect that the rule change (A) from the list in Section 2 had no effect on the relative
number of ties, the rule change (B) resulted in an increase of the relative number of ties and
rule changes (C)–(F) resulted in a decrease of the relative number of ties. Therefore, we use
appropriate one- or two-tailed alternative hypothesis defined as
• H1 : Relative number of ties in the regulation time in a season X+1/X+2 is lower (higher
for the rule change (B), different for the rule change (A)) than in a season X/X+1.
For consecutive seasons where no major rule change was made a test with two-tailed alternative
hypothesis is performed.

4

Hypotheses Testing

First, a test whether the number of goals in a game is Poisson distributed is performed. Since [3],
Poisson distribution is widely used for the modelling number of scored goals and usually, papers
use this as a fact. To test whether the number of goals is Poisson distributed one would need
i.i.d. repetitions of a match between two teams; clearly, this is impossible to achieve. In reality,
each match could have different parameter of Poisson distribution. It means that there are
some differences between parameters in each match but usually not large in one season; we
recall that rules are changed between seasons. Therefore, in one season, a mixture of Poisson
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1980−1981
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1982−1983
1983−1984
1984−1985
1985−1986
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1988−1989
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1990−1991
1991−1992
1992−1993
1993−1994
1994−1995
1995−1996
1996−1997
1997−1998
1998−1999
1999−2000
2000−2001
2001−2002
2002−2003
2003−2004
2005−2006
2006−2007
2007−2008
2008−2009
2009−2010
2010−2011
2011−2012
2012−2013
2013−2014
2014−2015

0.1

Figure 2: Relative number of ties in NHL seasons (the dashed vertical line is used for rule change
where no effect is expected, the dotted vertical line is used for rule change where increase is
expected and the full line is used for rule changes where decrease is expected)
distributions with similar parameters is obtained. This is the reason why lower 0.01 significance
level is used in the test of the following hypothesis.
• H0 : Number of goals scored in a game during a season is Poisson distributed.
Alternative hypothesis is defined as
• H1 : Number of goals scored in a game during a season is not Poisson distributed.
Classical Pearson’s chi-squared test is used for each season. This means that family of 35 tests
(one for each season) is obtained and therefore, a correction for the significance level has to
be made. Bonferroni correction [5, pp. 103-107] is chosen to maintain the familywise error less than 0.01. After Bonferroni correction, the significance level for each hypothesis is
α∗ = 0.01/35 ≈ 2.8751 · 10−4 . The null hypothesis cannot be rejected at the 0.01 level of
significance as the p-value of the whole test is 0.017.

4.1

Average Number of Goals

To test hypotheses defined in Section 3.1 the Conditional test (C-test) is used (see [4]). C-test
uses simple fact that conditional distribution of X1 (number of goal scored in the first season)
conditionally given X1 + X2 = k (sum of number of goals scored in both seasons) is binomial
with the number of trials k and success probability
p=

n1
n2

1+

n1
n2

,

(1)

where n1 is number of matches in the first season and n2 is number of matches in the second
season.
Table 1 confirms our expectation that for the first two rule changes (A) and (B) we cannot
reject the null hypothesis that average number of scored goals in consecutive seasons is the same.
In the case of rule changes (C)–(F), null hypothesis was rejected only for the rule change (D),
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Season
2014–2015
2013–2014 (–,x)
2012–2013
2011–2012
2010–2011 (–,x)
2009–2010
2008–2009∗
2007–2008∗
2006–2007∗
2005–2006∗ (–,x)
2003–2004 (–,x)
2002–2003

p-value
0.791
0.427
0.962
0.200
0.839
0.092
0.008
0.001
0.004
<0.001
0.964
0.657
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Season
2001–2002∗
2000–2001
1999–2000
1998–1999
1997–1998∗
1996–1997∗
1995–1996∗
1994–1995∗
1993–1994∗
1992–1993
1991–1992
1990–1991∗

p-value
0.003
0.834
0.064
0.910
<0.001
<0.001
0.018
<0.001
<0.001
0.018
0.685
<0.001

Season
1989–1990
1988–1989
1987–1988
1986–1987∗
1985–1986
1984–1985
1983–1984
1982–1983∗
1981–1982∗
1980–1981∗
1979–1980

p-value
0.373
0.686
0.487
<0.001
0.263
0.431
0.489
0.032
0.014
<0.001
—

Table 1: P-values for the test of the hypothesis Average number of goals scored in the regulation
time in a season X+1/X+2 is the same as in a season X/X+1 ; first p-value 0.791 is for
the test between seasons 2014–2015 and 2013–2014, etc.; (–,x) indicates one-sided alternative
hypothesis, i.e. average is higher; * indicates rejection of null hypothesis
the largest rule change that was introduced for the 2005–2006 season. There are several seasons
where the test rejected null hypothesis and no major rule change was made that season. This
suggests that rule changes have no effect on the average number of scored goals and some
essential rule change has to be made.

4.2

Relative Number of Ties

To compare the relative number of ties we use the test for the difference in two population
proportions as defined in [9, pp. 486-491]. This test uses the approximation of the binomial
distribution by the normal distribution and it allows to test hypotheses defined in Section 3.2.
Table 2 contains only p-values lower than 0.2. It confirms our expectation that for the
first rule change (A) we cannot reject the null hypothesis that the relative number of ties in
consecutive seasons is the same. It was expected that the rule change (B) should lead to the
increase of the relative number of ties but this hypothesis can be confirmed only at the level of
significance 0.1. The rule changes (C)–(F) should lead to the decrease of the relative number of
ties but this hypothesis can be confirmed only for the largest rule change that was introduced
in the 2005–2006 season when the level of significance 0.1 is used. As can be seen, the only
season where the null hypothesis can be rejected at the level of significance 0.05 is 2002–2003
when no major rule change was done.

5

Conclusion

In this paper, there were presented major rule changes in the NHL since 1979. First, the test of
hypothesis that the number of goals scored in a game during one season is Poisson distributed
was performed; this hypothesis cannot be rejected on the level of significance 0.01.
The effect of rule changes was tested from two perspectives - their effect on the average
number of goals and relative number of ties. As expected, the rule change (A), five-minute
overtime for a tie game, had no effect from both perspectives. Rule change (B), one point
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Season
2005–2006∗ (x,–)
2002–2003∗∗
1999–2000∗ (–,x)

p-value
0.055
0.041
0.060
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Season
1995–1996
1994–1995∗
1993–1994∗

p-value
0.167
0.079
0.055

Season
1992–1993
1982–1983
1980–1981

p-value
0.107
0.166
0.146

Table 2: Table contains the lowest obtained p-values for the test of the hypothesis Relative
number of ties in the regulation time in a season X+1/X+2 is the same as in a season X/X+1 ;
second p-value 0.041 is for the test between seasons 2002–2003 and 2001–2002, etc.; (–,x)
(or (x,–)) indicates one-sided alternative hypothesis, i.e. relative number of ties is higher (or
lower); * indicates rejection of null hypothesis with the level of significance 0.1 (** for the level
of significance 0.05)
guaranteed in the overtime, had no effect when the 0.05 level of significance is used but for
the 0.1 level of significance null hypotheses are rejected and their alternatives that the average
number of goals and relative number of ties are higher are confirmed.
For rule changes (C)–(F), mostly involving equipment reduction, an increase in the average
number of goals and decrease in the relative number of ties was expected. The null hypothesis was rejected only for the biggest rule change that included two-line pass legalization and
reduction of neutral zone, i.e. (D). In this case, using significance level 0.05, average number
of goals is higher after the change and, using significance level 0.1, the relative number of ties
decreased.
Using the significance level 0.05, the null hypothesis for the average number of goals was
rejected in numerous seasons where no major rule change was made. The same was recorded
only for the 2002–2003 season in the case of the relative number of ties.
Learning from these results we can investigate effect of three-point system in different
leagues. For the moment, it can be seen that to test it from the perspective of the relative
number of ties could offer good results. On the contrary, testing average number of goals does
not offer good results.
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Abstract
An exploration of the role of consistency in golf utilizes ShotLink data. The metric used
for the quality of golf shots is Strokes Gained, which compares the golfer’s performance on
each shot to an average performance. ShotLink data from the PGA Tour provides several
characteristics of every shot taken on the PGA Tour, with distances measured to the inch.
These data are used to compute Strokes Gained for twenty different types of shots (putts,
bunker shots, shots from the fairway between 50 and 100 yards, and so on). With this
metric, consistency can be correlated with quality. The strongest effects are shown for tee
shots. For approach shots, distance to the hole after the shot can be decomposed into
distance off-line and distance long or short. While conventional wisdom is that distance
control is more important for golfers, the data indicate that the two errors have equal
importance.

1

Introduction

A repeatable swing is essential in golf. While there are almost as many swing types as professional golfers, to reach the professional level a golfer must achieve an impressive level of
consistency to reliably produce effective shots. Given this high level of performance, there
remains a question of whether (relative) consistency is an advantage in professional golf. Are
the top golfers characterized by large swings of performance to reach high peaks, or are they
characterized by such consistency that their worst performances still leave them in contention?
For professional golfers, the issue may be more about strategy than swing mechanics. That
is, is it necessary to play a high-risk, high-reward game to succeed? Or is golfing excellence
more a product of ruthless efficiency? In the past, a “yes” answer to either question could be
backed up with examples of Arnold Palmer or Jack Nicklaus, Greg Norman or Nick Faldo, or
Phil Mickelson or Tiger Woods. In this paper, the question is explored using data from the
PGA Tour.
A theoretical investigation of consistency (or riskiness in strategies) has been based on a
model proposed by, of all people, the great mathematician G.H. Hardy [4]. Work on this model
has been continued in recent years [2, 6, 9]. The consistent golfer has been shown to have a
lower mean score but, under many circumstances, the less consistent golfers are more likely to
win the tournament [7].

2

Strokes Gained

To address the role of consistency in a single element of the game such as putting, we need
a statistic that reliably measures putting effectiveness. The classic statistic used to evaluate
putting has been the number of putts per round. The flaws in this statistic are obvious: a golfer
whose longest putt is from 4 feet will likely have fewer putts than one whose shortest first putt
is from 30 feet, regardless of how well either one putts. A new statistic that has quickly become
widely accepted is Strokes Gained Putting.
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Strokes Gained is a concept proposed by a number of people. It has been popularized
by Mark Broadie [1], who was instrumental in getting the PGA Tour to officially adopt the
statistic. The name comes from Fearing et al. [3], whose work was featured in a Wall Street
Journal article that helped introduce the idea to the public [8]. The version of Strokes Gained
used in this paper extends on the ideas presented by Minton [7].
Conceptually, Strokes Gained is simple. Suppose that, for every location on the golf course,
the average score for professional golfers is known. Then, for each shot, Strokes Gained equals
the average score after the shot minus the average score before the shot. For example, suppose
that the average score on a par 4 is 4.2. A golfer booms a long drive down the middle of the
fairway. From that position, the average score is 3.8. Then Strokes Gained for the drive is
3.8 − 4.2 = −0.4; the excellent drive saved the golfer 0.4 strokes. If the golfer does this on
every drive, then we can say that the golfer’s driving ability is 0.4 strokes better than average.
This will be denoted -0.4, following the golfing tradition of negatives meaning under par. If
the golfer’s second shot is pulled left into a sand trap from which the average score is 4.6, then
Strokes Gained for the approach shot is 4.6-3.8=0.8 strokes (over par, or worse than average).
A sand shot to a foot from the hole, with an average score of 4.0, saves 4.0-4.6=0.6 strokes, and
the tap-in is worth 4.0-4.0=0.0 strokes. Note that the golfer had a one-putt green, but gets no
credit for good putting because, in fact, no credit is deserved.
The practical issue is how to compute the average scores. ShotLink is a system administered
by the PGA Tour, which the Tour graciously allows researchers to access for academic purposes.
Every shot on the PGA Tour (this does not include any of the four major tournaments) is
recorded with 38 characteristics, including distances measured to the inch. A variety of lies
(tee, fairway, green, greenside bunker, intermediate rough, primary rough, water, and so on)
are recorded. Line-of-sight blockages due to trees and mounds are not recorded, but we can, for
example, compile all of the shots taken from the fairway 101-102 yards out and find their average
scores. Here, shots are categorized based on fairway, intermediate rough, primary rough, or
miscellaneous lies and distances in chunks of 50 yards. Tee shots are considered separately for
par 3s, par 4s, and par 5s. Putts and shots from the fringe are separated. It should be noted
that the ShotLink data does not record the club used, or the type of shot attempted.
Another issue to consider is course effects. Clearly, putting can be easier or harder depending
on the course and its setup. It is at least plausible that all other types of shots could be
affected by the course setup and other factors such as the weather. An easy fix is to compute
the Strokes Gained for a round relative to the average of the field in that round. This creates
a logical problem, however. A course may look easy because the best players are playing in
that tournament, and then the course correction would make those players look worse. In fact,
they should get credit for playing in the toughest tournament. A technique of Larkey [5] is
adapted to untangle this mess. Course averages are computed, then used to adjust the player
ratings, which then feed back to recompute course averages, and so on. Player and course
ratings converged, in most cases, by the fifth iteration.
Some examples may provide useful context, as well as being interesting to golf fans. In
2014, the leader in putting saved 1.03 strokes per round compared to the average PGA Tour
putter. The leader in drives on par fours rated -0.72 strokes per round (under par, or better
than average). Other leading values for Strokes Gained per round are for tee shots on par
threes (-0.40), fairway shots from 0-50 yards (-0.36), fairway shots from 150-200 yards (-0.35),
and tee shots on par fives (-0.32). The number one golfer for 2014, in terms of total Strokes
Gained, is Rory McIlroy at -1.95 strokes per round better than average on the PGA Tour
(majors not included). Other year-end number ones are 2013: Justin Rose (-1.84), 2012: Rory
McIlroy (-2.92), 2011: Luke Donald (-2.44), and 2010: Steve Stricker (-2.04). Lest you think
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that McIlroy’s 2012 was historically dominant, here are the values for Tiger Woods, who is
number one for each of the previous five years: Tiger 2009: -3.06 strokes, Tiger 2008: -4.24
strokes, Tiger 2007: -2.96 strokes, Tiger 2006: -3.37 strokes, Tiger 2005: -2.68 strokes.

3

The Importance of Putting

When asked to identify the most important skill in golf, many people will automatically identify
putting. Strokes Gained gives us a way to evaluate such statements. Previous research shows
that between 2004 and 2012 the top 40 golfers in total Strokes Gained on the PGA Tour
averaged 1.13 strokes per round better than average [1]. They were a mere 0.15 strokes per
round better than average putting. The top 10 included 5 golfers (McIlroy, Singh, Els, Garcia,
and Scott) who were actually worse than average at putting. On the other hand, winners of
tournaments averaged 3.7 strokes per round better than average total, and 1.3 strokes per round
better than average putting [1]. By percentage, putting seems to be more important to success
in a tournament than it does to long-term career success.
As part of the current study, Strokes Gained for each of twenty skills was computed for every
round of every golfer in the 2011 ShotLink data set. The correlation of each skill with round
score was then computed. The largest correlation, by far, was for putting (0.567). Combining
all fairway shots between 50 and 200 yards gave the second highest correlation at 0.383. Then
came penalty strokes (0.317), par 3 tee shots (0.309) and par 4 tee shots (0.291).
A different way to slice the data is to look at individual players over the full year. The 50
players with the most rounds in the 2011 data set were analyzed in the same way. For 49 of
the 50 players, the skill with the highest correlation to score is putting. The remaining player
(Troy Matteson) had a correlation of 0.51 for shots from the fairway (150 to 200 yards), with
putting second at 0.46.
Various explanations may be advanced for the apparent differences in the importance of
putting. One has to do with consistency. Suppose that all aspects of a player’s game were completely consistent except putting. Research has shown that the bumpiness of greens introduces
a fair amount of luck into putting results [7, 10]. If only putting varies significantly from round
to round, then putting controls the change in score from round to round, whether or not that
putting is especially good. The hypothesis, then, is that if a skill is unusually inconsistent then
it could be unusually influential to a golfer’s score.

4

Consistency

For each of the ten years from 2005 to 2014, the 230 golfers with the most rounds in the
ShotLink data set are evaluated on each of 20 skills: tee shots on par 3s, 4s, and 5s; bunker
shots; fairway shots from 0-50 yards, 50-100 yards, ..., 200-250 yards; shots from other lies
(intermediate rough, primary rough, miscellaneous) from 0-50 yards and 50-200 yards; shots
from the fringe; putts; recovery shots; layup shots; and penalties. The overall rating is simply
the sum of the individual ratings; one of the major advantages of having skill ratings in units
of strokes per round is the ability to meaningfully sum the ratings.
The mean of each skill over the 2300 golfer-years is essentially zero. This is not surprising
since the units are strokes above or below average. The standard deviations give some indication
of the typical spread of the ratings. While “consistency” is not the best description of what this
measures, it does give a sense of which skills tend to separate golfers the most in the overall
ratings. Putting has the largest standard deviation at 0.364. Par 4 tee shots is second largest
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at 0.208, then par tee shots at 0.169. The largest standard deviation for fairway approach shots
is 0.148 for the range 150-200 yards. Thus, putting ratings have the largest spread of values,
and contribute the most to separating the player ratings.
Out of the 2300 player-years in the original study, in 514 cases the same player is represented in consecutive years. Correlations of consecutive-year ratings gives a direct measure of
consistency. The two largest autocorrelations were for tee shot ratings on par 5s (ρ = 0.80)
and par 4s (ρ = 0.77). For the players in the study, then, driving is the single skill that carries
over the most from year to year. This makes some sense, as tee shots are not subject to bad
lies and tight pin placements. The autocorrelation for overall ratings was ρ = 0.63, so players’
overall ratings in one year explain about 40% of the variation in overall ratings the next year.
The autocorrelation for bunker play was ρ = 0.49, while the autocorrelation for putting was
ρ = 0.44. Other autocorrelations of note are ρ = 0.41 for par 3 tee shots and ρ = 0.40 for
fairway approach shots from 100-150 yards.
In sports analytics circles, the autocorrelation is used to measure the persistence of a statistic. Large values give evidence that the statistic is measuring a repeatable skill, while small
values can cast doubt on the significance of the statistic. The statistic may be more a measure
of luck than skill if the autocorrelation is too small. For golf, the transience of skills is experienced by everyone. However, if it is equally true that there are consistently good/bad putters
and good/bad drivers, then the lower autocorrelation for putting may be due to a significant
luck factor.
There are 57 players who appear in the top 230 in 8 of the 10 years from 2005 to 2014.
For each of these 57 players, means and standard deviations were computed for each of the 20
skills. Interestingly, the mean over the entire set of player-years for each skill is essentially zero.
However, the mean of the overall rating over all player-years is 0.41 strokes better than average.
There is no paradox here, just that the sum of enough 0.02 and 0.03 values can equal a large
number. For most of the skills, the standard deviation is approximately 0.10. The three main
exceptions are the overall rating (mean −0.41 and standard deviation 0.72), par 4 tee shots
(mean −0.02 and standard deviation 0.20) and putting (mean −0.06 and standard deviation
0.34). This is evidence that Strokes Gained putting is more variable than Strokes Gained for
other skills. The cause could be some combination of the luck involved in putting, the skill
of good putting being harder to maintain, and the potential being greater for large values of
Strokes Gained putting compared to other skills.
The main purpose of organizing these data is to examine whether consistent players are
better players at any or all of the skills. For most skills, there is little evidence for this hypothesis.
The correlation between player means and player standard deviations for the 57 players is
between 0.1 and 0.2 for many skills. This is not very high, but the positive sign indicates that
more consistent players (smaller σ) are better players (smaller means, especially more negative
means, are better). The putting correlation is 0.19. By far, the largest correlation is for par
4 tee shots, with ρ = 0.64. Consistent drivers tend to be better drivers. The next highest
correlation is for penalty strokes with ρ = 0.47 (this is not exactly a skill, however) and then
par 3 tee shots, with ρ = 0.34. Interestingly, the correlation for overall rating is only ρ = 0.15.

5

Distance versus Accuracy

The title of this section could apply to any type of golf shot, but the focus here is on approach
shots. The ShotLink data lists, for each shot, the distances to the hole in inches before and after
the shot, and the length of the shot. These three values can be triangulated to give the number
of inches long or short, and the number of inches off-line. However, it cannot be determined
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whether the ball is off-line to the left or right.
For this study, all shots from the fairway at a distance of 100-200 yards in 2014 were compiled
and grouped into 10-yard groupings. Strokes Gained for each shot provides a measure of the
quality of the shot, and six other statistics were computed: whether the shot finished on the
green, whether the shot finished on the green more than 30 feet away, whether the shot finished
off the green less than 30 feet away, the number of inches off-line, the number of inches long
(positive) or short (negative), and the absolute value of the distance long or short. The idea of
the second and third statistics is that a conservative strategy of aiming for the middle of the
green could produce numerous shots on the green but not close to the hole. A more aggressive
strategy of aiming at the pin could produce shots close to the hole but not on the green.
Given that the distances were only divided into ten-yard intervals, there could be large
correlations in performances. For example, a golfer who is especially good from 120-130 yards
could reasonably be expected to be good from 130-140 yards. This is not supported by the data.
Correlations between Strokes Gained in the shorter half (e.g., between 120-130 yards and 130140 yards) hover around 0.1. In the longer half (e.g., between 160-170 yards and 180-190 yards),
the correlations are approximately 0.2, larger but not impressively so. The only correlations
above 0.2 are between larger distances, such as the correlation of 0.23 between Strokes Gained
from 170-180 yards and Strokes Gained from 190-200 yards. This, in fact, is the largest of the
correlations. Thus, performance in the different distance intervals is not very consistent.
The same lack of crossover occurs when correlating a given skill to Strokes Gained. For
example, the correlation between Greens Hit from 100-110 yards and Strokes Gained from 100110 yards is −0.71, while the correlation between Greens Hit from 100-110 yards and Strokes
Gained from 110-120 yards is −0.02. Other correlations are similar, with slightly larger values
for the longer distances. The correlations show that golfers who hit more shots on greens score
better, but do not reveal anything surprising.
For the conservative statistic, the correlations at the same distances are in the 0.3 range up
to 150 yards, and essentially 0 beyond 150 yards. For the aggressive statistic, the correlations
at the same distance are approximately 0.4 for distances up to 120 yards, and in the 0.15 range
beyond 120 yards. In both cases, correlations for different distances are essentially zero. The
fact that the correlations are positive indicates that a likely conclusion is simply that it is better
to be on the green and close to the hole.
The amount off-line correlates to Strokes Gained in the 0.5-0.6 range for the same distances.
The correlations for different distances are similar to the correlations between Strokes Gained
at different distances. For the signed distance control statistic, the correlations tend to be small
and negative at the same distances, and zero at different distances. However, for the absolute
difference in distances, the correlations are in the 0.4-0.5 range for the same distances. The
correlations for distance control and angle control are very similar. There is no evidence here
that distance control is more important than angle control.
Correlating the Strokes Gained for a specific distance range with overall score could shed
light on which distance is the most important. The highest correlation is 0.62 for the distance
range 170-180 yards. Other correlations are in the 0.4-0.5 range. A multiple regression of
distance range Strokes Gained values to overall score showed similar results. All distances are
significant at the 0.05 level, but the largest coefficient is for the 170-180 yard range. At fixed
distances, regressions of Strokes Gained as a function of the other six statistics give r-squared
values ranging from 0.69 for 100-110 yards to 0.83 for 170-180 yards. In each case, the signed
distance control was not a significant contributor to the model.
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Conclusions

Golf is a game requiring several discrete skills, including driving, hitting irons off the ground,
and putting. Strokes Gained gives a method of isolating performance for each shot in a round,
leading to a measure of proficiency at individual skills. However, the skills do not show large
values of autocorrelation, or persistence. This may be due to transient levels of proficiency or
large noise levels. Driving shows the greatest persistence among golf skills for PGA Tour professionals. Putting is by almost any measure the most important skill (although its importance
has been overstated in the past), but it shows a low level of persistence. This inconsistency
could, in fact, help contribute to its role in determining results. Approach shots show lower
levels of importance and persistence than driving and putting. Performance from different distances is surprisingly inconsistent. Evidence points to the 170-180 yard range as being the most
influential distance range for PGA Tour professionals.
In the last five years, golf has seen several different players win major tournaments and
attain the number one world ranking. No one person has dominated golf as Tiger Woods did
in the early and mid 2000s. The low level of persistence of golf skills, whether due to skill
fluctuations or random elements, helps explain why it is difficult to stay at the top.
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Abstract
Professional sports leagues are big businesses. It is vital to generate league schedules
that secure revenues for the teams and at the same time increase transparency to secure
fairness for the teams. This paper presents some interesting sports league formats, extra
game models, special constraints and other features that make it a very challenging task
to generate an acceptable schedule. Examples of such are incomplete round robins, minitournaments, local rival games, back-to-back games, leveling games, traveling issues and
venue restrictions. A set of simplified instances based on the presented features is made
available for the sports scheduling community as benchmarks.

1

Introduction

Professional sports leagues have become big businesses. At the same time, the quality of the
schedules has become increasingly important; the schedule has a direct impact on revenue for all
involved parties. For instance, the number of spectators in the stadiums and the traveling costs
for the teams are influenced by the schedule, and TV networks that pay for broadcasting rights
want the most attractive games to be scheduled at commercially interesting times. Furthermore,
a good schedule makes a season more interesting for the media and the fans, and fairer for the
teams, so that all teams play under the same conditions. A good overview of sports scheduling
can be found in [2] and an extensive bibliography in [3].
In a sports tournament, n teams play against each other over a period of time according to
a given timetable. The teams belong to a league, which organizes games between the teams.
Each game consists of an ordered pair of teams, denoted (i, j) or i − j, where team i plays at
home – that is, uses its own venue (stadium) for a game - and team j plays away. Games are
scheduled in rounds, which are played on given days. A schedule consists of games assigned to
rounds. A schedule is compact if it uses the minimum number of rounds required to schedule
all the games; otherwise it is relaxed. If almost all teams play on a certain round, the team that
does not play on that round is said to be on bye.
If a team plays two home or two away games in two consecutive rounds, it is said to have a
break. In general, for reasons of fairness, breaks are to be avoided. However, a team can prefer
to have two or more consecutive away games if its stadium is located far from the opponents
venues, and the venues of these opponents are close to each other. A series of consecutive away
games is called an away tour.
In a round robin tournament each team plays against each other team a fixed number of
times. Most sports leagues play a double round robin tournament (2RR), where the teams
meet twice (once at home, once away), but quadruple round robin tournaments (4RR) are also
quite common. A mirrored double round robin tournament (M2RR) is a tournament where
every team plays against every other team once in the first n − 1 rounds, followed by the same
games with reversed venues in the last n − 1 rounds. In an incomplete round robin some teams
do not play against each other.
Constructing a single, double or quadruple round robin tournament is quite an easy task
nowadays, but when we introduce restrictions, requirements and requests, the problem becomes
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intractable. Furthermore, being able to produce an acceptable schedule is not only about first
defining the restrictions, requirements and requests and then developing a suitable solution
method. An essential part of the problem is the process of consulting with the various league
parties. The scheduling process can easily take several months. First, the possible improvements
to the format must be brainstormed. Then, the format has to be accepted by the team CEOs
and the broadcasting companies. Next, all the restrictions, requirements and requests by the
various parties are gathered. After the importance of the constraints has been decided, some
test schedules have to be generated to find out whether it is possible to cope with the given
framework. Finally, the schedule can be optimized.
Sports scheduling involves three main problems. First, the problem of finding a schedule
with the minimum number of breaks is the easiest one. De Werra [1] has presented an efficient
algorithm to compute a minimum break schedule for a 1RR. If n is even, it is always possible
to construct a schedule with n − 2 breaks. For a mirrored 2RR, it is possible to construct a
schedule with 3n−6 breaks [1]. The computational results by Rasmussen and Trick [10] indicate
that for a non-mirrored 2RR, it is possible to construct a schedule with n − 2 breaks.
Second, the problem of finding a schedule that minimizes the travel distances is called the
Traveling Tournament Problem (TTP) as defined by Easton, Nemhauser and Trick [2]. Its a
2RR tournament where the teams do not return home after each away game but instead travel
from one away game to the next. No team plays more than three games in a row at home, or
three games in a row away. In addition, no team plays the same opponent in two consecutive
rounds. Thielen and Westphal [11] have shown the TTP to be strongly NP-complete.
Third, most professional sports leagues introduce many additional requirements in addition
to minimizing breaks and travel distances. We call the problem of finding a schedule that
satisfies given constraints [7] the Constrained Sports Scheduling Problem (CSSP). The goal is
to find a feasible solution that is the most acceptable for the sports league owner – that is, secures
the interest of media, TV network and fans, increases revenues for the owners/shareholders and
increases transparency to secure fairness for the teams.
Table 1 shows a schedule for a compact double round robin tournament with six teams.
The given schedule has many drawbacks if we consider it as a CSSP. For example, it has no
breaks for team 5, but four-in-a-row home games for teams 2 and 4 and a four-game away tour
for team 2. Note also, that the teams play against each other on consecutive rounds 8 and 9.
These match-up games are called back-to-back games.
R1
1–2
4–6
5–3
Table 1.

2

R2
R3
3–2 4–3
4–1 5–2
6–5 6–1
A schedule for

R4
R5
R6
R7
1–5 1–4 2–1 2–4
3–6 2–3 3–5 5–1
4–2 5–6 6–4 6–3
a compact double round robin

R8
R9
R10
1–3 3–1 1–6
2–6 5–4 2–5
4–5 6–2 3–4
tournament with six teams.

Interesting Sports League Models

This section presents some sports league models that differ from the standard round robin
tournaments. The presented additional features make it an even more challenging task to
generate an acceptable schedule. The features are classified to incomplete round robins, media
and fan games, traveling issues and venue restrictions. The set of simplified test instances
introduced in Section 3 is based on this classification.
Most of the features presented seek to increase the revenues for the owners. Therefore, it is
very important to consider the fairness issues at the same time. At least the following should
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be acknowledged:
- For each team and at any point in the tournament, the difference between home and away
games played should be minimized.
- The difference in the number of games played between different teams should be minimized
at any point in the tournament.
- The teams’ number of games played should be as close to equal as possible at any point
in the tournament.
- The preferred minimum for the number of rounds between two games featuring the same
teams should be big enough.

2.1

Incomplete round robins

In an incomplete round robin some teams do not play against each other. The teams can still
play a complete single round robin (1RR) or a complete double round robin (2RR). Only the
last round robin is incomplete.
In the Australian Football League (AFL) eighteen teams play against each other once - i.e.,
a single round robin. In addition, each team plays five additional games. This adds up to 22
games, 11 home and 11 away games, for each team. The schedule consists of 23 rounds, and
each team has one bye during rounds 11-13.
Building the schedule is a process comprising three phases. First, the home teams of the
single round robin tournament and the five additional games are decided. The second phase
includes building the actual schedule. In the last phase the exact weekdays and venues of the
games are decided. These decisions are mostly constrained by various revenue and broadcasting
issues and as well as venue requirements. Since each team meets five teams twice and twelve
teams only once, this causes fairness, revenue and media issues mainly considering the decision
of the home teams of the games. The schedule should secure fairness for the teams. It should
also increase revenues for owners/shareholders by increasing the number of spectators and
decreasing traveling costs. Finally, it should secure the interest of media, TV network and fans
and optimize matches considering their needs. The problem is to find such home teams that all
teams play under the same conditions. The league authorities define some rules for the selection
of the five additional games, for example all the local teams and “big” clubs should meet each
other twice. Kyngäs et al. [4] give a detailed discussion of scheduling the Australian Football
League.
A minitournament is a series of games involving a subset of the teams in the league which
are all played consecutively at the home venue of one organizing team. In games that do
not feature an organizing team, both opponents play an away game. The main issue with
minitournaments is to find a schedule such that at the end of the season, the number of home
games is balanced over all teams. The main advantage of minitournaments is that they bring
several matches to one venue and e.g. one weekend, which makes it easier for fans and players
to enjoy the sport. They can see and play many different teams without having to travel several
times. This is not only relevant in large geographical regions, but also for youth tournaments,
amateur competitions, or wheelchair sports, where traveling may not be obvious, even for
shorter distances.
In the Finnish National Youth Ice Hockey League fifteen teams play against each other
twice - i.e., a double round robin. In addition, a third round robin is played introducing five
minitournaments each with six teams. The minitournaments are played on weekends so that
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each team plays on Friday, Saturday and Sunday. Therefore, the host team has three home
games in a row; the other teams effectively have three away games in a row. The teams play
45 games in minitournaments, so 60 games still remain to be considered in the third round
robin. The construction of the 3RR includes four main phases. First, we should find a series
of minitournaments that balances the number of teams in common. Second, we should select
the teams that will play against each other in the minitournaments, considering that two teams
should not meet more than once in the minitournaments. In the third phase, we will settle the
home advantage of each match. We should decide, for each pair of teams, which team will have
a home game more than the other over their three confrontations. Finally, we should solve the
generated 3RR problem. Nurmi et al. [8] give a detailed discussion of scheduling the Finnish
National Youth Ice Hockey League.

2.2

Media and Fan Games

In Section 2.1. we described that the Australian Football League selects additional games to the
schedule based on the interest of media and fans. Also the Finnish Major Ice Hockey League
uses various game setups to secure the interest of media and fans. The fourteen teams of the
league play a quadruple round robin tournament. In addition, each team plays eight additional
games totaling 60 games per team.
The teams are divided into two groups of seven teams which play a single round robin
tournament. The so-called “January leveling” adds two extra games for each team. In January,
in the middle of the season, the last team on the current standings selects an opponent against
which it plays once at home and once away on two consecutive days on Friday and on Saturday.
The opponent selects the day for its home game. Then, the second last team (or the third last
if the second last was selected by the last team) selects its opponent from the rest of teams
and so on. The teams can choose to select their opponents either by maximizing the winning
possibilities or by maximizing the ticket sales.
The schedule should maximize the number of Saturday games between local rivals. The
schedule should also include a weekend when seven pairs of local rivals play against each other
on consecutive rounds on Friday and on Saturday, i.e. the home teams of Friday become the
away teams on Saturday. These match-up games are called “back-to-back games”. Finally,
each team must play at least one Friday or Saturday home game against the two “big clubs”.
Nurmi et.al. [9] give a detailed discussion of scheduling the Finnish Major Ice Hockey League.
The league accepted a new team for the 2015-2016 season. The league continues to play
a quadruple round robin now with the 15 teams. The 4RR adds up to 56 games per team.
The teams are divided into five groups of three teams. Each group plays a 2RR thus ending
up with the same 60 games per team as in the previous seasons. The 2RRs will be played
as back-to-back games within eight days: Friday, Saturday, Tuesday, Wednesday, Friday and
Saturday.

2.3

Traveling issues

Many leagues have to consider traveling issues due to the distances of the teams. For example,
in Australian Football League the teams from Western Australia have to travel about 70,000
kilometers per season. Unfortunately, only to a certain extent can be done to reduce the total
traveling distance since no away tours (two or more consecutive away games) can be arranged
due to a regular game being scheduled in each city per week.
In the Finnish Major Ice Hockey League some teams prefer to play two away games in a
row. This has a serious drawback. We cannot schedule an away tour to the rounds in the
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consecutive days since that would imply two home games in a row for another team, at least
not, if we want to maximize the number of compact rounds. Therefore, the more away tours
we have the more rounds we have. It is obvious that the more we introduce away tours the
more we will have breaks in the final schedule. Actually, traveling issues very often compete
with the smooth flow of the total schedule. This is the key point in the Traveling Tournament
Problem presented in Section 1.

2.4

Venue Restrictions

The break minimization is distracted not only by away tours but also by venue restrictions.
Venue restrictions have a major impact to the difficulty of generating the schedule. For example,
in the Finnish Major Ice Hockey League the usual number of venue restrictions is close to one
hundred.
Mainly four issues can prevent the team playing a home game. First, the team can share
a home venue with another team. Second, two teams cannot play at home on the same day
because they share the same (businessmen) spectators. Third, the team might not want to play
at home if another team in the same region plays at home in another league. Finally, the team
cannot play at home if the venue is reserved for some other event, such as rock concerts. A
venue can also be under renovation which can delay the start of the teams home games.

3

A Set of Simplified Test Instances

We introduce a set of simplified test instances based on the different league features and issues
discussed in Section 2. We invite the sports scheduling community to try their methods on
these instances. The basic problem is to minimize the number of breaks for a compact 2RR
with 14 teams. As noted in Section 1, it is possible to construct this schedule with 12 breaks.
The basic problem is complicated by introducing the following constraints:
1. There must be at least six rounds between two games with the same opponents.
2. Team #14 cannot play at home in rounds divisible by three: 3, 6, 9, 12, , 30.
3. The schedule should include six away tours for team #1. The team should meet teams
#2 and #3, #4 and #5, #6 and #7, #8 and #9, #10 and #11, and #12 and #13 in
consecutive rounds away.
4. Teams #4 and #6 and teams #9 and #11 cannot play at home at the same time.
5. Seven extra games must be played: 1-2, 3-4, 5-6, 7-8, 9-10, 11-12 and 13-14.
The problem is to find the minimum number of breaks satisfying any combination of these
constraints. This gives us 23 different test instances. The best solutions found are available
online [6]. We solved the instances using the PEAST algorithm [5] which is used to generate
the schedule for the Finnish Major Ice Hockey League.
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Abstract
This work looks to serve as foundation research into the effect scoring performance on holes of different pars has on corresponding final round scores in PGA golf. When conducting predictive modelling
to estimate round scores it can be argued that each of the different hole structures, par threes, fours
and fives, should be player dependent because players can have different strengths and weaknesses.
The purpose of this study was to investigate the degree to which performance is player dependent by
analysing the variation of par totals (the total score for all hole scores for each par type) using multilevel regression modelling. An intercept only multilevel regression model allows the decomposition of
the variance of scores into two parts, a par total based and a player based. The separate components
are used to calculate the Intraclass Correlation Coefficient (ICC), which describes the proportion of
variation in par totals that can be attributed to the player. Smaller ICC values indicate smaller player
components and imply performance does not vary across players. The complete 2014 US PGA tour
was analysed, with results indicating that when all players were considered together that each ICC
was significant (p<.00), however each relatively small at .012, .046 and .055 for par threes, fours and
fives respectively. Controlling for player strength showed clear differences in ICC estimates and levels
of significance, with a consistent trend of decreasing player strength associated with increasing ICC
values and improved statistical significance. The latter result indicates that the proportion of variation
in scores explained using the player component increases as player skill decreases, suggesting it is more
important to consider player ability at the bottom of the leaderboard than at the top. These results
suggest that when modelling par totals, and by extension round scores, some level of player-specific
modelling should be incorporated.

1

Introduction

The initial motivation to analyse player-based components of golf score prediction was the result
of previously completed research into simulation of tournament outcomes. Appropriate and
accurate simulation inputs require player based score simulation, and as a result we need know
to what degree a model input should be influenced by player-based characteristics. Different
players will have different strengths. Players who can hit further would be more likely to perform
better on longer holes, such as par fives. So it is logical to account for different strengths when
simulating hole scores, or any scores for that matter. One way to assess if player based measures
should be included is to determine whether some characteristic of scores are dependent on player
based measures.
The aim of this research was to explore this concept by analysing the variance of score
measures and attempting to identify where player-based influence is non-zero, hence justifying
including player-based characteristics. We take a simple approach so as to not overcomplicate
data calculation and focus on identifying trends. We don’t want to standardise scores, make
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adjustments, or introduce anything of a complex measure of player ability. The player-based
score metric in question is par total (PT), the total score for all hole scores for each par type.
For each standard tournament round we observe three PTs, one each for par threes, fours and
fives. Analysis was restricted to tournaments from the 2014 PGA Tour season.

2
2.1

Methods
Multilevel Linear Regression

Multilevel analysis is applied to data structures that have a clear hierarchy, meaning outcomes
and their predictors can be separated into distinctly different levels. In this case, we can separate the entire database of scores into a par total score level within a player level. For each
player we can conduct a regression analysis to determine predicted PT values. The benefit
in applying multilevel analysis is that these regressions can be analysed concurrently across
players within the player-level to describe general results. We begin with a basic intercept-only
regression model to predict PT for individual players.
Yij = β0j + eij

(1)

Where Yij is the PT for tournament round i for player j, β0j is the player-level intercept, and
eij is the PT-level error term.
Equation 1 shows how we structure the intercept-only model, which determines a unique
constant for the player of focus. Multilevel analysis allows us to concurrently assess this basic
model across all players.
Yij = γ00 + u0j + eij

(2)

Where γ00 is the intercept estimate across all players, and u0j is the player-level error term.
Essentially we graduate from player-specific models to a general model that now determines
player-level errors from a global intercept estimate, as opposed to unique intercept estimates
for each player. The intercept-only model does not explain any variance in Y [2], in this case,
par total. It only decomposes the variance of the errors into two independent parts, player-level
variance σu2 0 and PT variance σe2 . The sum of the two components gives the total variance in
PTs, and as a result can be used to calculate the Intraclass Correlation Coefficient ρ (ICC),
which describes the proportion of variation in PT that can be attributed to the player (Equation 3).
ρ=

σu2 0
+ σe2

σu2 0

(3)

Smaller ICC values indicate smaller player components and imply performance does not vary
across players. Reporting the ICC is the simplest way to show the player-based contribution to
score variance.
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Hole Par
Three
Four
Five
All Holes

Variance Estimate
Intercept Residual
2.11
0.03
19.25
0.94
18.31
1.06
10.14
1.70

O’Bree, Baglin and Bedford

ICC
0.01
0.05
0.06
0.14

Table 1: Estimates for intercept and residual variance, with corresponding ICC values

2.2

Grouping Players

To measure how the ability of the player can influence the player-based effect on variance we
needed to devise a way of grouping players. We must be careful to not enforce a metric that
is too complex, because it is not necessary to observe trends and itself would require statistical
justification outside of the scope and purpose of this paper. We used a very simple metric of
player ability, as determined by overall performance during the 2014 PGA Tour season, where
players were ranked using a function of their tournament round scores throughout the year.
For each round, we took the ratio of a player’s round score to the average round score across
the field. We did this to attempt to account for variations in course difficulty, playing field skill
and individual day effects such as poor weather conditions, while keeping the metric itself in a
somewhat standardised form. Of course this does not completely capture the external effects,
but the simplicity outweighs the crudeness of the metric for its use in this research. Taking
the full list of competing players for the season, we ranked players by average score ratio across
the entire season. We must note that this method can not account for fluctuations in player
form, it only ranks players based on a broad measure of performance across the entire season.
Players were ranked and split into 10 groups of equal sample size, where the number of groups
was chosen arbitrarily.

3

Results

The results comprise of two parts, the first focussed on analysing PT variance independently
of player ability, followed by an analysis dependent on the player ability metric mentioned in
Section 2.2.

3.1

Neglecting Player Ability

Table 1 summarises the regression results for PT for par threes, fours and fives, as well for
total round scores, where all players were considered together. Note, in each case the ICC was
significant (p<.00). There were three separate findings from the initial analysis that provide
valuable insight.
1. The size of the variance components for total round scores was clearly less than the sum
of the components for separate par totals.
This shows there is no easy transition between PT and total round variance, where one
could assume the latter would comprise the sum of the former.
2. The ICC values increased in size as the hole par for each PT increased.
This result indicates player-specific characteristics of performance become more prominent
as the hole length increases. One could assume this stems from the fact that the longer
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PT Four

PT Five

45%

30%
Total
Variance 15%
Effect

0%

-15%

1

2

3

4

5
6
7
Player Group

8

9

10

Figure 1: The effect of player ability on total PT variance
holes by default require more shots to be played making it more likely differences in ability
would become clearer when comparing scores.
3. The ICC value for total round score is clearly larger than the ICC for any PT.
If we assume that total round score is in some way always a function of corresponding PT
components, this result would suggest it is more appropriate to account for player-specific
characteristics at the round score level. The first result however provides evidence against
such an assumption.

3.2

Integrating Player Ability

Before we can measure the effect of player ability on variance components and ICC values, we
must first identify how the variance of par totals changes as player ability varies. Identifying if
a trend exists is important because it can provide a context to the findings. Figure 1 shows the
difference between observed PT variance by player group and the average variance across all
groups. It is clear that the total variance increases as the player group increases, which follows
naturally from the fact that worser players are more likely to have greater variation in scores.
Table 2 displays the ICC values for each player group. We note in some cases that the final
Hessian matrix was not positive definite, despite convergence criteria being met. This typically
indicates a linear dependency between predictors, or a large difference in the scale of predictors,
which are remedied through predictor removal and variable standardisation respectively. In this
situation however we are dealing with simple intercept-only models, so such a result suggests
the variance of the random effect (player-level) is zero.
Controlling for player strength showed clear differences in ICC estimates and levels of significance, with a consistent trend of decreasing player strength associated with increasing ICC
values and improved statistical significance. This improvement in ICC strength comes despite
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Group Number
Hole Par
1
2
3
4
5
6
7
8
Three
0.01A 0.00#
0.00
0.00
0.00
0.00
0.00# 0.05B
Four
0.00
0.00
0.00#
0.01
0.02A 0.04A 0.07A 0.20B
B
Five
0.00
0.01
0.01
0.02
0.08B 0.11B 0.11B 0.31B
A - Significant at the 0.10 level. B - Significant at the 0.05 level.
# Final Hessian matrix was not positive definite, though convergence criteria

9
0.04
0.32B
0.43B

10
0.12A
0.38B
0.34B

were satisfied.

Table 2: ICC values by player group

PT Four

PT Five

12
10
8
Player
Level 6
Variance
4
2
0
15

17.5

20
22.5
Par Total Level Variance

25

Figure 2: Scatter plot of player-level variance by PT-level variance

the size of total PT variance increasing with decreasing player strength. The latter result indicates that the proportion of variation in scores explained using the player component increases
as player skill decreases, suggesting it is more important to consider player ability at the bottom
of the leaderboard than at the top.
As an aside to the ICC tables, we’ve included a simple scatter plot (Figure 2) to attempt
to show a relationship between ICC values and the actual size of the variance components.
Were ICC values independent of the size of the variance components the plot would form a
diagonal. The fact it doesn’t suggests the trends observed in Table 2 can be attributed to
player strength rather than larger variance components, despite there being a clear association
between decreases in player strength and relative increases in total PT variance.
137

Player ability and scoring performance in PGA golf

4

O’Bree, Baglin and Bedford

Discussion and Future Work

The objective of this study was to determine whether the variation in golf scores can be attributed to individual player characteristics. The results indicated that while ICC values were
low, they were significant and certainly non-zero. While the values for individual par totals were
clearly less than the value for round scores, we can still justify looking to predict par totals when
simulating tournament outcomes because there is value in modelling player ability individually.
These results don’t give an indication into how well a score model that includes player-based
predictors would perform, they simply demonstrate that score variance, and therefore some
explanatory power, can be found by partitioning the variance in observed player scores.
When a simple metric for grouping players based on apparent ability was included in the
analysis it demonstrated clearly that scoring performance varies dramatically between players.
The identified trends indicated the partitioning of variance is somewhat dependent on player
ability. The exploratory nature of this work meant we introduced only a crude, simple metric,
but we are confident when more methodical, thorough metrics are included the effects will become more pronounced.
For this research to persevere in the future we would need to incorporate standardised measures of player scores. Findings from this research provide evidence that score variation is
dependent in part on player-specific characteristics. They should however should be considered
preliminary given golf courses have different course pars, meaning scores should be standardised, and we use a crude method for assigning players a metric for player strength. Nevertheless
the analyses presented in this work provide a foundation from which to develop future research
into player effects on score prediction.

5

Conclusion

These results suggest that when modelling par totals, and by extension round scores, some level
of player-specific modelling should be incorporated.
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Abstract
Golf is a difficult sport to master in the physical domain, and it is possibly even harder to accurately
model tournament outcomes. Betting markets for golf contain the same variety of exotic outcome
wagering seen in most sports, but one shouldn’t focus on these sources of complexity when even the
simplest outcome, who will win the tournament, is so tough to predict. The objective of this work
was to demonstrate that making a profit is difficult and explain why this is the case. Using publicly
available outright winner market prices from Bet365.com for seasons 2012, 2013 and 2014 of the US
PGA tour, the analysis was separated into two parts. Initially the focus was exploratory, looking at
the general aspects of the data to gain insight into how prices are set. Following this, two common
wagering techniques, Kelly and fractional Kelly criterion systems, were examined to determine whether
they can be used to make a profit. Further, regardless of the level of success of their application,
determine why it was the case for each system. We report the metrics typically used to describe each
system’s effectiveness, such as Return on Investment and prediction strike rates, where relevant. Results
indicated that the systems considered were not profitable for a variety of reasons. Rather consistently,
the major problem existed in the poor win conversion for players within striking distance of the current
leader.

1

Introduction

Golf is generally considered amongst sports fans a difficult sport to become expertly skilled in.
Data analysts too can speak about the issues involved in modelling outcomes and attempting
to predict the winner. Bookmakers can take advantage of the volatility of player performance
also by setting markets with, in a sporting context, unusually large overround figures. In this
work we look to conduct a small exploratory analysis into the complexities that need to be
considered when betting in golf. We use the common knowledge Kelly system to establish a
basic betting system, report performance metrics and demonstrate where difficulties can arise
when striving for betting success.

2
2.1

Methods
Data

We used two forms of data in this research. The first was tournament outcome data, where for
each competing player we knew their rank and shots behind the leader following each round,
and the corresponding final rank for the tournament. This player data spanned all regular
match play tournaments from the 2007 through 2014 PGA Tour seasons. The second was
outright win market prices obtained from Bet365.com for seasons 2012 through 2014 prior to
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Season
2012
2013
2014
All Seasons

Samples
1
2
9
6
28 24
41 40
78 70
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(Round)
3
4
6
8
29 26
39 38
74 72

Overround (Round)
1
2
3
4
139% 139% 129% 124%
145% 137% 129% 122%
141% 136% 127% 120%
142% 137% 128% 121%

Table 1: Sample size and average overround by round and season
the commencement of each round of a tournament. The market price data does not span all
tournaments for each season. An important consideration when looking at market prices is the
overround across a set of round prices. Overround is calculated as the sum of the reciprocal of
all prices in a set, and represents the edge the bookmaker has, where the expected profit to be
made is equal to the (Overround − 100)% of the total market volume (in the long term). The
overround for these sets of round prices is rather large, and summarised by season in Table 1.

2.2

Calculating Winning Probabilities

The approach we took in this research was to place bets on each player who had a current
rank of no higher than 5, or was no more than 4 shots behind the current leader. This was
to ensure we only placed bets on players who realistically had a chance of winning. Further,
market prices typically are not provided without direct request for players outside of these
ranges. The amount wagered was a function of the winning probability assigned to the player
through empirical outcome distributions and the corresponding market price for that player.
2.2.1

Empirical Probability Distributions

We use two separate methods of determining the probability a player will win the tournament.
The first uses the current player ranks, and the second uses the total shots behind the current
leader, as displayed in Figure 1 and Figure 2 respectively. We use both the rank and absolute
shot difference methods because we are ignoring the specific abilities of the competing players
for simplicity. The empirical probability distributions are generated using data from seasons
2007 through 2011.

2.3

Wagering Techniques

We use two methods for determining wager size, the Kelly Criterion and the Fractional Kelly
Criterion. The Kelly Criterion is a strategy used to determine the size of bets based on believed
win probability to maximise the growth rate of a pot over the long-term. The equation output,
described in Equation 1, represents the fraction of the total pot to bet on any given wager.
Fractional Kelly is a variation where only a fixed fraction of the Kelly Criterion output is
wagered. The advantage in doing so is that it further protects the better from going bust due
to streaks of lost bets and in general reduces volatility in pot fluctuations.
F =p−

q
c

(1)

Where F is the pot fraction to bet, c is the market price to win, p is the probability of winning,
and q = 1 − p.
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Probability 60%
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Figure 1: Tournament win probability by current rank pre rounds three and four

Round Three

Round Four

100%
90%
80%
70%
Win
Probability 60%
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2
3
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4

Figure 2: Tournament win probability by current shots behind leader pre rounds three and four
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Metric
Samples
ROI
Strike Rate

1
91
16%
34%

2
129
-25%
7%

O’Bree and Bedford

Rank
3
4
157
175
-18% -15%
6%
4%

5
184
-12%
3%

0
244
-22%
35%

Shots Behind
1
2
3
411
562
866
-42% -52% -68%
7%
4%
3%

4
0
-

Table 2: Betting performance metrics ROI and strike rate, with corresponding number of bets
placed

3

Results

The results are divided into two separate sections. The first analysis looks at the performance of
the standard Kelly Criterion system, while the second focusses on the influence the Fractional
system had on the performance metrics.

3.1

Standard Kelly

The performance of the system was seen to be poor for virtually all possible betting scenarios
that have been included in the analysis. ROI statistics were negative for each scenario, with the
exception of betting on the current (or joint) leader. Predictive strike rates were very poor for
all scenarios, again with the exception of betting on the (current or joint) leader. There is little
doubt the poor predictive strike rates provide reasoning as to why ROI metrics were negative.
Noticing the number of bets placed by scenario, we gain an understanding as to why system
performance was poor. It is likely this is a result of too many players being within striking
distance of the leader who never actually win, attracting bets because good value market prices
are provided. The summary of performance metrics is provided in Table 2.

3.2

Fractional Kelly

The ability to control the size of bets has the benefit of potentially limiting the variability of
return results. This has been the case in this situation, where ROI statistics are consistently
negative where the imposed fraction of the Kelly equation output is varied between 0.01 and 1.
We have arbitrarily chosen four of the betting scenarios to display in Figure 3.

4

Discussion and Future Work

The objective of this work was to show the difficulty involved in betting successfully in professional golf using a simple Kelly betting system. The system was rather unsuccessful, with
results attributing much of the lack of success to the large number of players within striking
distance of the leader, which makes selecting the winner difficult.
There is however a need to consider the efficiency of the betting markets in conjunction
with these results. Typically overround margins are less than 7% across an entire market in the
sports realm, but in the case of the Bet365 golf market prices these margins were substantially
greater. Given the margin represents the edge of the bookmaker we are essentially fighting a
losing battle. There is so much volatility within performance and outcomes in a golf tournament
that it is simply too difficult to predict with certainty, or to bet with success.
The progression of this research would benefit from including market prices from other
bookmakers, given their overround margins may differ. It would also benefit from exploring
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Figure 3: The impact of the Fractional Kelly system on ROI
live betting. This work only considers betting between rounds, in particular prior to rounds
three and four. Perhaps the value in betting in golf lies within live betting, where physical factors can be assessed and included in the system, rather than simple scores at round by round
intervals.

5

Conclusion

Findings from this work indicate that a basic application of the Kelly Criterion to wagering
in PGA Tour golf is unsuccessful using win probability distributions generated using empirical
outcome data.
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Abstract

Video analysis in professional sports is a relatively new assistive tool for coaching. Currently,
manual annotation and analysis of video footage is the modus operandi. This is a laborious and time
consuming process, which does not afford a cost effective or scalable solution as the demand and uses
of video analysis grows. This paper describes a method for automatic annotation and segmentation of
video footage of rugby games (one of the sports that pioneered the use of computer vision techniques
for game analysis and coaching) into specific events (e.g. a scrum), with the aim to reduce time and
cost associated with manual annotation of multiple videos. This is achieved in a data-driven fashion,
whereby the models that are used for automatic annotation are trained from video footage. Training
data consists of annotated events in a game and corresponding video. We propose a supervised machine
learning solution. We use human annotations from a large corpus of international matches to extract
video of such events. Dense SIFT (Scale Invariant Feature Transform) features are then extracted for
each frame from which a bag-of-words vocabulary is determined. A classifier is then built from labelled
data and the features extracted for each corresponding video frame. We present promising results on
broadcast video for a international rugby matches annotated by expert video analysts.

1

Introduction

Video analysis in sport is a growing and important field within the professional sporting environment, providing varying levels of assistance and insight depending on the sport or even the
team. However, sports video analysis is currently a laborious manual process. This drastically
limits the volume and quality of annotation, especially when considering the number of games
that are played at a professional level. Other means of instrumentation are available at a professional level, such as relative GPS tracking. However, these are invasive (affixing physical
devices to the players). These other sources often provide higher fidelity data but their invasiveness limits data capture in team based sports to only a home teams’ players, thus limiting
the information that you can learn from the game. This is especially true in sports such as
rugby where accurate measurement of relative positions of players and constellations of players
is crucial to the game’s analysis.
Computer Vision in sports analysis, compared to many other fields, is in its relative infancy.
Computer vision techniques have, however, been incorporated in an assistive role into broadcast
packages, such as the BBC’s usage of the pitch tracking to overlay pitch information [7].
Other efforts in sports analysis have focused on the tracking and identification of individual
players to varying levels of success and largely fall into two categories according to the model
of the camera motion. The Scale Invariant Feature Transform (SIFT) [4] has shown promise
in distinguishing players form both fixed cameras [3] and from a pan-tilt-zoom camera [5].
However, in both cases these methods are applied to sports that lack the complex occlusions
and structures which are present in a rugby game.
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Figure 1: Images before (left) and after (right) background subtraction.
The challenge addressed in this paper is the automatic classification of video events from
rugby footage. We have annotated data from past rugby matches where key events such as
scrum, lineout, ruck, maul, etc. have been labelled. The main contribution of this paper is
method to take previously unseen footage and automatically annotate each frame as one of
these classes.

2

Method

In order to achieve the above classification of rugby events we have devised a pipeline that
comprises the following stages:
Background Removal: The input video is broadcast footage which often contains imagery
of the crowd, advertising hoardings and other periphery. Removal of such imagery is required as
features we extract and use in the later classification process are confounded by their presence.
The pitch is relatively easy to robustly detect as it has a constant colour and texture. We,
therefore, detect the pitch area and remove all objects not bounded by it. Following this, the
pitch itself is removed leaving only the players.
In order to detect and remove the pitch we employ a technique similar to chroma-keying to
remove the green component from the image. Our method here closely follows the approach
of [7] for pitch tracking over multiple frames for broadcast purposes. Within each image we
histogram the hue values of pixels and remove the pixels that belong to a small neighbourhood
around the largest peak of the histogram. This technique is sufficient for our purposes even
though it fails to remove other artefacts, such as sponsor logos on the pitch, we are not interested
in and have no effect on subsequent classification. Examples of the background removal are
shown in Figure 1. An exemplar histogram of the hue values in a typical image is shown in
Figure 2, with a distinct peak in the green section of the colour space.
As the peak is so distinct within the colour space no advanced technique is employed to
extract the relevant area. Instead a simple walk from the maximum point is used, terminating
when a point of inflection is detected. Once the area determined to be the pitch is decided,
pixels outside of the convex hull of the pitch are also rejected. This ensures that the crowd is
removed that would not be detected by the chroma-keying.
PHOW Image Description: The next stage is to compute a suitable description of the
shapes of the scrums etc. that has sufficient discriminative power for classification. We have
explored a variety of image description techniques, initially starting with the popular SIFT
feature descriptor and, in particular, the pyramid histogram of words (PHOW) [1]. It essentially
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Figure 2: Histogram of hue values within the HSV colour space. A fixed saturation value of 1
is chosen for visualisation.
uses dense SIFT descriptors over a variety of scales to achieve higher scale independence. Each
video frame is described in terms of these PHOW features. We then cluster these features into a
fixed number of “visual words”, as in [1, 6]. This quantisation yields a compact summary which
is also more invariant to noise. In our experiments, we use 300 visual words to describe the
scene in order to ensure we are not too coarsely quantising the large number of SIFT features
that we are computing, this is a similar number to those used classifying on the Caltech 101
dataset [2].
Once a suitable vocabulary is generated, the visual words are then spatially binned to
produce a spatial histogram of the given image. Using a coarse 2 × 2 grid within the image, we
aim to describe the key regions of the scene, while minimising the number of spatial bins used
to increase the pipeline’s ability to deal with minor changes in scale that cover the majority
of eventualities occurring in the data. A diagram summarising the key stages of the PHOW
pipeline is shown in Figure 3.
Frame-by-Frame Event Classification: Having produced a feature description of each
frame we finally proceed to classification. We use a Support Vector Machine (SVM) in order
to find the separating plane(s) between the classes. The SVM has become a popular workhorse
supervised classifier in computer vision. We have observed a relatively low performance of
a classic linear SVM which suggests that our feature vectors are not linearly separable. We
therefore make use of an explicit feature map using the χ2 kernel as described in [8]. This
combined approach of using explicit feature maps and linear SVMs is more efficient than using
a non-linear SVM for the large corpora of available data.

3

Results

We have a performed an experimental validation of our approach using broadcast footage as
described below.
Video Footage Data To train and test the classifier we took a collection of annotated games
from the 2012 Six Nations rugby tournament. This data was annotated with high level labels
showing the timestamps of scrums and lineouts by expert rugby video analysts.
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(1) Original Image

(2) Scale Space Pyramid and Computation of
Features

(3) Clustering into Visual Words

(4) Computation of Spatial Histogram

Figure 3: Example progress through the PHOW pipeline highlighting key stages.

Figure 4: Example frames from a typical footage, close zoom (left) and far zoom (right).

In our preliminary experiments (the focus of this work) we focused on two games, Wales
V Scotland for training and Vales V France for testing. Due to the broadcast nature of the
footage, the game is captured from several cameras. However, we use only footage from a single
camera that covers the primary action rather than focusing on specific players or wide-angle
views (see Figure 4).
This camera zooms tightly to the specific events on the pitch at a raised angle. Hence, it is
likely that to a certain extent our classification is influenced by the actions of the cameraman
and how they choose to frame the shot, although from our experience cameramen are fairly
consistent in framing the action across games.
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Experiment We have a carried a basic experiment to validate our approach. From the video
data we extracted all examples of scrums and lineouts. The training data was exclusively
extracted from the Scotland game. The test data was obtained from the France game. Features
were extracted as described above and a classifier built to discriminate between the two classes:
scrums and lineouts. There were 750 frames per class (1500 in total) in the training set and
200 frames for each class in the test set, randomly chosen from the entire corpus. The results
in Table 1 demonstrate the performance characteristics of the trained classifier.

Positive
Negative

True

False

115 (29%)
200 (50%)

0 (0%)
45 (11%)

Table 1: Classification performance.
These are encouraging, showing an 88.75% classification accuracy overall. Close examination
of failure cases revealed that some misclassifications are a result of coarse annotations where
breaks or resets of actions (e.g. when a scrum is reset) are not clearly delineated in normal
class boundaries. They actually look more like other plays (e.g. broken play).

4

Conclusion and Future Work

We have developed a practical solution to a novel problem of rugby event classification that has
great potential to automate the current manual analysis process. Our current method does not
take advantage of any temporal information. We intend to incorporate this in the future. Some
initial investigation in using temporal models such Hidden Markov Models has shown promise.
More refined domain specific features are also under investigation.
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Abstract
This paper introduces a new algorithmic methodology for assessing, and potentially
predicting, the fitness of an athlete in sports where large training data sets containing
exogenous power and endogenous heart rate are available. The proposed algorithm seeks,
in the first instance, to provide an additional computational tool in facilitating optimised
individualistic fitness training for racing cyclists. In addition to introducing the algorithm
and its underlying discrete-event non-linear model, we propose a new way of treating
power output in similar sports; power output is abstracted as a requirement to which
the body must respond accordingly, rather than as the output of a physiological process.
Consequently, the output of the overall system is the body’s response, as illustrated by
the dynamic response of the heart rate and more specifically by time constants of the
underlying dynamic model. The effectiveness of those parameters as fitness indicators
is examined in comparison with established predictive techniques, indicating that future
development of the method may overcome current limitations.

1

Introduction

Fitness is regarded as the ability to perform at the maximum of an athlete’s potential at a given
race event, given the conditions of the event, their preparation and of course, talent. Training
is the procedure of unlocking one athlete’s maximum potential, aiming a peak performance in a
race. Training is a complex art where firstly the overall body’s ability to perform and secondly
the athlete’s freshness at the day of the event are both carefully balanced; thus this procedure
can be referred to as fitness optimisation.
The difficulties of quantitative fitness optimisation result from the plurality and variety of
parameters that affect the cardiovascular and skeletomuscular control mechanisms and hence
the efficiency of supplying the muscles with the required oxygen, both for aerobic respiration as
well as for the breakdown of anaerobic wastes. Current techniques revolve about either reaching
body capacity or avoiding fatigue on the day of the event. Reaching maximum body capacity is
obtained by training in such a way as to best tune the respective variable parameters that can
affect his performance to his benefit. The usual approach therefore is tuning these parameters
using different types of training, so as to best adapt the athlete’s body to the demanding needs of
the race (increased plasma volume, increased lactate threshold, increased muscle capillarization,
increased VO2 max, increased muscle high energy phosphate stores, increased stroke volume
and several others [4]). The accepted view, fully compatible with the underlying physiology
[11], is that oxygen supply is the input and power is the output. Actually this is exactly the
relationship investigated by most formal contemporary measurement tests in this industry [3].
But assessing the current fitness of the athlete, even though it can certainly be related, it is
not the same as predicting his fitness on the day of the event. Therefore any proposed technique
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must incorporate a model which can take into account both the capacity as well as the fatigue of
the athlete on that day. The most important model that is currently widely used in the cycling
industry and is found built-in in cycling power software as well, such as TrainingPeaks and
CyclingPeaks, where post-ride analysis is easily done, is the Performance Manager of Hunter
Allen and Andrew Coggan[4]. Its concept lies in the basic principle of training: breakdown of
the organism due to exercise, is followed by rest (recovery), which results in an improvement
in performance (adaptation). An imbalance in the training load and recovery time can result
in symptoms of fatigue. If the imbalance between training and rest persists, the athlete may
develop serious symptoms of fatigue that will affect his ability to sustain a high training volume
and will have a negative effect on his performance [9]. Therefore the athlete can be perceived
as fresh for the event when the recovery at least matches the breakdown. The main advantage
of the Performance Manager is that it captures the empirical knowledge of coaches regarding
training, overtraining and fatigue.
The current purely physiological or semi-quantitative empirical techniques, taken so far,
despite the respective advantages they offer, require a tool to bridge the gap between the two
worlds: the endogenous physiological one, with the exogenous systemic, more empirical, one.
This is exactly what we are trying to offer: an algorithmic systems approach whose parameters
do not exclusively depend upon either ability or freshness, taking into account both endogenous
as well as exogenous information.

2

The power-heart rate dynamic relationship and its significance

Power has so far been thought to be the output of the system under investigation. We, however,
are going to regard it as the input, the requirement applied on the combined cardiovascular
and skeletomuscular system, whereas heart rate can now be thought of as the response (the
output) of this system to this new input (Figure 1). Heart rate is associated with the efficiency
of oxygen delivery and waste removal to and from the muscles respectively, thus this approach
is also compatible with the underlying physiology, just seen from a different viewpoint.
For training under carefully controlled conditions, the relationship between steady-state
power and heart rate is known to be a good indicator of fitness. However, the dynamics
and time constants of this relationship can also give useful information. The current work is
predicated on the idea (which needs be validated) that these time constants are less dependent
on the type of training being undertaken (intervals, sustained efforts, long rides etc) than the
absolute value of heart rate required for a given power. To this end the tools we develop
concentrate solely on these dynamics.

Figure 1: New approach proposed with power as the input requirement of the system rather
than as the output. Heart rate response is the output of the system instead.
This approach seems to be a good technique in relating endogenous and exogenous information
relating to both the athlete’s ability and freshness. This dynamic response tries to capture the
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current state of the body by looking closely on how the latter responds to the varying stress the
athlete exerts on it. As illustrated by Figure 2, there is a lag introduced between the power step
input and the heart rate response. This lag applies both to step increases and step decreases in
power, yet probably it has a different size. As it can be seen from Figure 2, the time constant
related to the increase of heart rate, referred later as tc1 , is shorter than the corresponding
constant for heart rate decrease, tc2 . This illustrates the asymmetric property of the heart
rate.

Figure 2: Power and heart rate dynamic relationship. The asymmetric property of the heart
rate (the fact that heart rate increase is faster than heart rate decrease) is also observed.

3
3.1

Capturing the dynamics from large sets of training data
The underlying model: a discrete event system specification approach for continuous state systems using a simple dynamical
model

The main challenge on developing an underlying model for the algorithm is that the heart rate
response is non-linear due to heart rate assymetry. After serious consideration and testing of
various models [10], predominantly using several non-linear combinations Infinitite Impulse Response filters as also suggested previously [7], it was found that no combination of linear filters,
even if the combination were non-linear, would provide the necessary requirements regarding
symmetry and/or asymmetry of the heart rate. Therefore, instead of approaching the problem
top-down, trying to find the right combination of linear IIR filters to produce an adequate
response, a bottom-up approach was chosen.
The system could be thought of in the same way as a second-order mechanical system
with non-linearities responding to external forces. This can be obtained by setting different
conditions for selecting the value of the time constant T such that T = tc1 , when power (pow)
> predicted heart rate (phr), and T = tc2 when pow < phr. In other words, there is an addition
of discontinuity in the time constant component. This is a simple example of simulation for
continuous state systems using discrete event system specification [6]. Equation (1) illustrates
the final obtained equation for this model.
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(

T = tc1 , pow > phr
T = tc2 , pow < phr

(1)

The new non-linear discrete-event model equation was subsequently discretised and was turned
in a form which could be used to obtain the predicted heart rate at each instant (equation (2)).
phr(a) =

pow(a) + 2T phr(a − 1) + T 2 (2phr(a − 1) − phr(a − 2))
(1 + T )2

(2)

This model was put under extensive filter response testing by plotting the response of the model
to a particular pulse of power (10-30 seconds), with different values of tc1 and tc2 , as illustrated
by Figure 3. As the figure demonstrates, the filtered power, which can be thought of as the
precursor of predicted heart rate, exhibits the expected responses according to physiology. If
the two constants are equal, then there is symmetry in the response, yet when they are not
equal, the two tails of the response exhibit lags analogous to their inequality. The response is
sensitive to even small changes in tc1 or tc2 , as required.

Figure 3: tc1 and tc2 effect on non-linear dynamic discrete-event filter. The output’s behaviour
is sensitive to tc1 and tc2 , as required. Response agrees relatively well with heart-rate physiology.

3.2

The algorithm: core and extended

The core algorithm refers to the algorithm which, given the entire set of training data, can
output the two parameters, tc1 and tc2 . The methodology used involves an initial filtering
of power (function g(pow, tc1 , tc2 )) using the model described in section 3.1, followed by least
squares analytical fitting between filtered power, time and heart rate. The model parameters,
found using optimisation methods, were those which together yield the smallest root mean
squared error (RMSE) between predicted (from the model) and true heart rate. This extends
a similar algorithm of previous work [7]. A very important aspect of the algorithm, which is
illustrated in the flow diagram of Figure 4, is related to the use of the least squares fitting;
unknown constants A, B, C, D and E allow for variation of absolute heart rate with power
and time without affecting the estimation of the underlying time constants, but are not used
in this analysis, as discussed in Section 2. As it was found by running on real athletes’ data
(amateur and semi-professional), it was clearly shown that both tc1 and tc2 were very reasonable
152

Assessing and predicting racing cyclists’ fitness

Petrides, Vinnicombe and Purnell

Figure 4: Core algorithm flowchart.

and agreed with physiology. Nevertheless, for best results, the confidence interval for each
model parameter (i.e. the time constant tc1 or tc2 ), should be minimised. Assuming the
error is Gaussian distributed, a 2D likelihood grid [8] was constructed, from where marginal
distributions were calculated [10]. The confidence intervals using the entire data sets were
found to be relatively large, therefore a way to narrow them down had to be found. Training
sessions which have clearly defined pulses (i.e. are more structured) like the one shown in
Figure 2, were found to have narrower confidence intervals. Indeed, as Figure 5 demonstrates,
the 2-D probability surface of such training session is delta-like, which also corresponds to
shorter confidence interval widths in the marginal distributions and better prediction for the
data. It was therefore decided that an extented algorithm which could select those regions of
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higher structure and thus provide more accurate results should be developed. This was done in
practice by rewarding large heart rate variations on the sides of the region, but penalising both
frequent as well as intra-step variations. Due to the possibility of having several local optima,
the optimimisation algorithm is initialised at several points in the data set, thus trying to find
a global optimum for values tc1 and tc2 with respect to RMSE. It should be stressed that the
optimum objective function of this second optimisation is still under investigation, yet its aim
is clear.
The full algorithmic tool (the core together with the extended algorithm) was firstly developed and tested in MATLAB and then converted into C++, being also compatible with the
open-source Golden Cheetah framework [2].

Figure 5: The data fit and and the 2-D Probability grid surface plot of training session with a
clearly defined pulse of power, showing a more delta-like peak of probability at estimated values
of tc1 and tc2 (corresponding to maximum likelihood). The grid surface is normalized to 1.

4

Comparison with established predictive techniques

Despite the fact that the aim of this paper is to illustrate the development of a new algorithmic
tool and not to present a complete analysis of the inferences that could be made from the algorithm’s output, it was deemed important to illustrate an example of how the model parameters
which are provided as output relate to the dynamic macroscopic state of the athlete’s body.
Therefore, the effectiveness of model parameters as fitness indicators was examined mainly for
two athletes (for whom large enough data sets were available) in comparison with the Performance Manager concept of Hunter Allen and Andrew Coggan [4], which is a simplified version
of the Banisters Impulse Response Model [5] and is based on the widely known Training Stress
Score (TSS). TSS can be thought of as a measure of the effort the cyclist put during a training
session. TSS takes into account both the intensity (by using the Intensity Factor) and the
duration of each training session. It can be viewed as a predictor of the amount of glycogen
utilised in each workout. TSS is then used to calculate the Chronic Training Load (CTL) and
Acute Training Load (ATL), which are usually the 42 and 7 day exponentially weighted moving averages of daily TSS. CTL is thought to provide a measure of how much an athlete has
been training historically, whereas ATL is a measure of how much an athlete has been training
recently, or acutely. The difference between these two values is call the Training Stress Balance
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and provides a measure of “freshness” [4].

Figure 6: Model parameter tc2 plotted against Chronic Training Load (CTL) for Athletes 1
and 2. tc2 illustrates a possible linear relationship with CTL after a particular threshold of
CTL. The threshold is higher for the younger athlete (20 years old) when compared with the
older athlete (50 years old), as expected.
Using this information in conjuction with the tc2 output of the algorithm for those two
athletes, it was found that tc2 might be used as an indicator of overtraining. CTL is thought to
provide a measure of how much an athlete has been training historically. This has traditionally
been used as a measure of training adaptation of the athlete. A high value of CTL is considered
as having a positive impact to the athlete, whereas ATL has a negative impact. This, however,
assumes that fatigue is solely captured in Acute Training Load (i.e. due recent acute training),
neglecting any chronic fatigue due to long-term accumulation of fatigue. Figure 6 illustrates
a particularly interesting potential finding, using data from the two athletes. tc2 , up to a
particular threshold in CTL is not dependent of CTL. However, after this threshold, tc2 , a
possible measure of fatigue, illustrates a possible linear relationship with CTL.
This finding, if true in general (more testing is required with data from professional athletes),
could have a serious impact in the future design of training schedules by coaches. This is because
this observation might mean that there is an upper finite limit of long-term training for each
individual due to accumulated chronic fatigue, which cannot be counterbalanced by one or
two week rest. Very few contemporary models assume that fatigue can be caused by chronic
training, despite the fact that the difficulty of winning Tour de France and Giro d’Italia in the
same year is common knowledge [1].

5

Conclusion

This paper lays the foundations of the creation of an open-source individualistic fitness predictor
tool using a simple, algorithmic methodology, compatible with both physiological as well as
empirical models. There are indications that long-term effects of training related to fatigue
can be captured nicely in just one a set of model parameters and potentially this could also
be extended to capture effects related to the performance of the athlete that are independent
of training schedule, but have an impact on the athlete. Of course, further statistical analysis
with professional athletes with larger data sets is required before any final conclusions can be
drawn.
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Abstract
Arpad Elo introduced the Elo rating system as a method for calculating the relative
skill levels of players in competitor-versus-competitor games. This rating system originated
in chess and is still used by the FIDE today to rank chess players. A number of variations
on this method exist such as the Glicko rating system proposed by Mark Glickman which
also includes a variance parameter. Microsoft’s TrueSkill uses a Bayesian approach to rank
multi-competitor sports.
Elo systems are already in common use in competitor-versus-competitor games or team
sports. I propose to use a simple variant of the Elo rating system to rate multi-competitor
sports where each competitor competes against one ’average’ competitor. This gives a
more transparent approach to rating changes and is computationally much easier to work
with than to treat multi-competitor sports as a large group of head-to-head pairings. Such
a simple system also makes it possible to put different aspects of a sport into separate
rating parts (e.g. classic style or freestyle ratings in cross country skiing). Combining
these different parts into one rating makes it much easier to make sport specific ratings.

1

Introduction

There are many rating systems for head-to-head sports, where the Elo rating system is perhaps
the most well-known. This model will be discussed briefly in section two. Rating systems for
multi-competitor sports are less common. In section three we will introduce an adaption of
the Elo rating system for multi-competitor sports, as well as some extensions that can improve
the forecasting performance of this model. In section four we will apply this rating system to
athletics, where the forecasting performance for the Olympic Games and World Championships
will be tested. This paper concludes with a discussion of future work in section 5.

2

Elo rating system

The Elo rating system to calculate skill level for competitor-vs-competitor games was introduced
in the 1960s by Arpad Elo. Nowadays this rating system is still used by the World Chess
Federation (FIDE) today and has many applications in online video game rankings.
The main principle behind these ratings is that the player rating is adjusted after each
match or competition. If a player wins against a stronger opponent, then his rating before
the match was probably too low and will be adjusted upwards. If a player loses against a
weaker opponent, then his rating before the match was probably too high and will be adjusted
downwards. Eventually all players should converge to a rating indicating their ‘true’ skill.
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Elo variants

Many Elo rating systems variants have since been created, most notably the Glicko and Glicko-2
ratings [1] and TrueSkill [2]. The Glicko rating introduces a ‘ratings deviation’, which can be
seen as a value for the reliability of the ratings. The longer a player is inactive, the higher his
rating deviation will be. It turns out that the Elo rating system is a special case of the Glicko
rating system where the rating deviation is a constant. TrueSkill is an extension of the Glicko
rating system to multiplayer games.

3

Multi-competitor rating system

An Elo rating system for multi-competitor events is less straightforward. You could see an
event ranking with N participants as a combination of N (N − 1)/2 different head-to-head
‘matches’, but translated to the regular Elo rating system this means that the winner of the
event automatically wins N − 1 matches at once, and similarly that the last ranked participant
loses N − 1 matches at once. If a tennis player wins a lot of matches in a row it has to mean
that he has performed well over a longer period of time. In contrast, for many multi-competitor
sports the difference between winning and losing can be really small. Think of gymnastics for
example, where one mistake could potentially be the difference between first and last place.
Another problem with the head-to-head approach is that there exists a trade-off between
strength of competition and the number of participants. Suppose a player has a rating of 2000,
and plays N opponents with a lower rating. The points gain for defeating 100 players with a
rating of 1200 is roughly the same as defeating 34 players with a rating of 1400, or defeating
12 players with a rating of 1600, as can be seen in Figure 1.
This is why I propose to see a multi-competitor event as an event where each participant
plays one ‘match’ against the ‘average’ opponent. With this approach the main influence on
the rating changes will be the performance and strength of competition, instead of the number
of participants.

Figure 1: The amount of rating points won with when you regard an event ranking as a
combination of head-to-head pairings (with a K-factor of one) is shown on the y-axis. The
x-axis shows the number of opponents.
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Methodology

Per event ranking an average rating is calculated. This is the average rating of all participants
with a rank in that event ranking:
n
1X
Ri
Ravg =
n i=1
Just like in the regular Elo model we calculate an expected score for all participants, where the
average rating for that event ranking is taken as the opponent rating:
Ei =

1
1 + 10−(Ri −Ravg )/400

The actual score can no longer be a simple win, draw or loss. Instead, we take the percentile
in which the participant finished. This means that the winner of the event still gets an actual
score of one, and the participant in last place still gets an actual score of zero, and everyone
in between will get a score of between zero and one. The actual score can be calculated in the
following way:
ranki − 1
Si = 1 −
N −1
The new rating for the participants is then calculated by applying the Elo updating method.
Rinew = Riold + K(Si − Ei )

3.2

Extensions

Speciality ratings
In some sports there might be a specific speciality involved which holds extra information
for a result. Think of the influence of the surface in tennis, or the difference between classicand freestyle cross country skiing for example. In these cases we can split a players rating into
two parts: an overall rating and two or more speciality ratings. By taking the average of the
players overall rating and the relevant speciality rating and using this average to forecast the
results we get a more sport specific forecast.
Combined discipline ratings
In other sports there is some overlap between different disciplines. Think of the 100m and
200m in athletics. Both of these disciplines can be seen as sprint disciplines. If an athlete is
world class at the 100m that means he is probably also good at the 200m. In this case we
take the average of the discipline specific rating and the combined discipline rating to forecast
results.
Discounting the ratings
In the Elo model there is no variance parameter for player ratings. But when a player is
new to the system he gets the start rating, which basically means there is no information for
that player yet. So we might consider ‘having a rating’ as information and ‘having no rating’
as a lack of information. When a player is inactive for a longer period of time we can see this
as losing information. To account for this in the model we can define two cases: one where a
player has a rating above the start rating, and one where a player has a rating below the start
rating:
 ∗
R = d(t) ∗ Start rating + (1 − d(t)) ∗ R when R > Start rating
R∗ = R
when R > Start rating
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Where d(t) is a function of time passed since the last result that lies between zero and one. We
only discount the ratings of players above the start rating, because it doesn’t make sense to
improve some players rating because of a lack of results.
Disappointment factor
Due to the fact some multi-competitor sports are very prone to random variation it might
not be sensible to punish a disappointing result too severely as there are many ways in which
this disappointing result could have resulted, some of which might have been entirely out of
the control of the player himself. We can counter this by introducing a ‘disappointment factor’
which lowers the impact of a disappointing result:
 new
Ri
= Riold + DF ∗ K(Si − Ei ) when Si < Ei
new
when Si ≥ Ei
= Riold + K(Si − Ei )
Ri

4

Multi-competitor Elo model applied to athletics

In this section we will look at how well this method works for athletics. Using data from
2004 until April 2015, consisting of all Olympic Games, World Championships and Continental
Championships as well as some of the bigger competitions from outside those (like the Diamond
League) we can forecast all results. As all competitors start at the same rating we use the period
2004-2008 to let the ratings converge to sensible values and then use the data from 2009-2015
to calculate several Root Mean Squared Errors (RMSE), where the errors are defined as the
actual score minus the expected score. We will also use the ratings to see how well this model
does in forecasting results at the Olympic Games and World Championships.
First we need to find the right value for the K-factor. We do this by minimising several
RMSE. The first RMSE consists of all the data in the model. The second looks at only data
from Olympic Games and World Championships. And the next ones filter this even further, by
looking only at the data of the actual gold medal winners, all medal winners, and all top8 results.
The results for the multi-competitor Elo model without extensions are shown in Table 1. We
Measure
RMSE
RMSE WCh/OG
RMSE WCh/OG gold
RMSE WCh/OG medal
RMSE WCh/OG top8

K = 250
0.26028
0.22608
0.21909
0.24160
0.26683

K = 350
0.26096
0.22988
0.20561
0.22610
0.25908

K = 500
0.26539
0.23811
0.19092
0.20421
0.25342

K = 700
0.27601
0.25590
0.20045
0.21486
0.26182

Table 1: RMSE values for different values for the K-factor.
can see from Table 1 that the lowest RMSE occurs with a K-factor of 250. But when we only
look at athletes who finished in the top8 at either the Olympic Games or World Championships
the K-factor should be twice as high to get the optimal RMSE. This is also what we find when
we do include the extensions in the model, as can be seen in Table 2. To see how this model
does at forecasting results at the Olympic Games and World Championships we have defined
nine measures. These measures look at the actual results and compare these with the results
forecast. The results for the model without extensions are shown in Table 3. For seven out
of nine measures we obtain the best forecast results for the model without extensions with a
K-factor of 500. This value for the K-factor minimised the RMSE when only looking at top8
results at the Olympic Games and World Championships and also gives the best forecasts for
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Measure
RMSE
RMSE WCh/OG
RMSE WCh/OG gold
RMSE WCh/OG medal
RMSE WCh/OG top8

K = 250
0.25794
0.22182
0.24000
0.25519
0.27047

K = 350
0.25574
0.22194
0.22111
0.23488
0.25966

K = 500
0.25624
0.22703
0.20635
0.21680
0.25173

K = 700
0.26104
0.23811
0.20004
0.20581
0.24940

Table 2: RMSE values for different values for the K-factor when extensions are included in the
model.
Measure
gold = gold
gold = medal
gold = top8
gold = top16
medal = medal
medal = top8
medal = top16
top8 = top8
top8 = top16

K = 250
37.87%
69.36%
84.26%
94.89%
52.47%
79.13%
92.67%
59.69%
83.01%

K = 350
39.15%
71.49%
83.83%
95.32%
52.61%
79.83%
93.09%
60.01%
83.64%

K = 500
39.57%
71.91%
84.68%
95.32%
52.89%
79.41%
93.51%
60.75%
83.48%

K = 700
39.15%
70.64%
83.40%
95.32%
52.33%
78.56%
93.23%
60.33%
82.85%

Table 3: Percentage correctly forecast results for the model without extensions.

the measures we have chosen. Almost 40% of the actual gold medal winners were also forecast to
win gold, and 95% of them were forecast to finish in the top16. When we look at the medallists
we can see that more than half of them were also forecast in the medals and almost 80% of
them were forecast within the top8.
In Table 4 the forecast results for the model with extensions are shown. For most measures
the model with extensions performs a bit better at forecasting the results than the model without
extensions. This difference is the biggest when we look at the actual gold medal winner forecast
in the top8.
Measure
gold = gold
gold = medal
gold = top8
gold = top16
medal = medal
medal = top8
medal = top16
top8 = top8
top8 = top16

K = 250
40.43%
68.51%
85.96%
96.60%
52.26%
80.79%
93.50%
60.95%
84.75%

K = 350
41.70%
68.09%
87.23%
97.02%
52.59%
82.05%
94.39%
61.61%
84.99%

K = 500
39.57%
67.23%
88.09%
95.74%
52.11%
82.25%
93.94%
61.76%
85.02%

K = 700
37.87%
68.51%
88.94%
95.32%
52.11%
82.72%
94.10%
62.67%
85.37%

Table 4: Percentage correctly forecast results for the model with extensions.
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Discussion and future work

In this paper, we developed a method to adapt the Elo rating system to multi-competitor sports.
As many multi-competitor sports are a lot more complex than their head-to-head counterparts
some extensions of the model could provide useful to make the forecast more sport specific.
The optimal parameters in this article are not yet optimised per discipline. For future work it
would make sense to have a different K-factor for the 100m than for the Marathon.
We have shown that the use of this model depends on your specific goal. If you want to
make an ‘honest’ Elo model without any extensions a lower K-factor should be used than when
you want to use the model to forecast possible future medallists.
One of the uses of this model that has not yet been discussed is simulation. Simulation is less
straightforward than in the head-to-head case. Depending on the spread of ratings and number
of participants robust simulations can be done that respect the underlying win probabilities in
the head-to-head case.
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Abstract
The number three batsman in test match cricket is commonly the most accomplished in
the side, required to provide stability should the number one or number two batsmen lose
their wicket early in the innings, or to capitalise on a solid opening partnership. This paper descriptively analyses individual test match batting performance to identify important
characteristics associated with the number three batsman, referencing a recent deficiency
within the Australian test cricket team at this position. Exponential distributions are
fitted to the innings-specific run distributions of a random sample of recognised number
three batsmen from test cricket history (the “Bat Pack”), yielding pre-match and in-play
statistical benchmarks (ability, adaptability and continuity) to help cross-examine number
three batsmen. The statistical outcomes from this descriptive stage of the research will become inputs for the next, predictive stage where a classification algorithm will scientifically
identify misplacement within a team’s batting order. National and domestic team selections can benefit from such an approach while probabilities of particularly ordered batsmen
passing particular milestones will aid wagering on individual pre-match and in-play score
markets.

1

Introduction

The “one-on-one” nature of cricket – that is, a specialist bowler competing directly with a
specialist batsman – offers countless directions for the analysis of the teams’ and players’ performances and the pragmatic application of statistical models. Lewis [6] went so far as to
describe the game of cricket as a “sporting statistician’s dream”, sweetened by the inclusion
of limited-overs cricket because observations and predictions can occur within a discrete match
frame. While modern formats shorten with the general audience attention span, test cricket,
played over a maximum of five days, remains the purest form of the sport, demanding severer
levels of endurance and strategy than its 50 and 20 over-per-side counterparts. As in baseball,
logical strategy places the best batsmen towards the top of the order so a team is allowed the
best possible start, but the optimal ordering of cricket batsmen remains complex, dependent
on a team-specific blend of quantitative and qualitative measures [7]. The opening batsmen
ideally lay a scoring platform upon which the remainder of the team can build over the ensuing
days; a successful opening stand reduces the probability of loss [8]. The opening batsmen are
each required to be among the most capable in the side, however, the number three batsman is
often quoted as being the best and most important in the team. Australia’s longest ever serving number three batsman, Ricky Ponting, stated that a team’s most accomplished batsman
should always bat at number three, not only to accept the greatest batting challenge ahead of
less talented team-mates but also to present the most positive front to the opposition [3]. Since
Ponting’s retirement, Australian selectors have been unable or unwilling to settle on a “specialist” number three batsman. In the 51 test match innings since Ponting’s retirement, Australia
has trialed six different number three batsmen for three or more innings, averaging just 30.2
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runs (total runs / total innings), whereas South Africa, another dominant cricket nation, after
30 innings in the post-Ponting period, has averaged 45.7 runs at number three, mostly through
the efforts of specialist batsman, Hashim Amla. It is worth noting that South Africa has had
a superior winning record to Australia, winning 12 of 18 tests in the period while Australia
has won 12 of 26 tests; potential evidence of the importance of an established number three
batsman.
While literature exists on the value of opening partnerships in cricket [8, 9], the significance
of the number three position seems yet to have been adequately documented. The research
outlined in this paper was motivated by the capability to identify an effective number three
batsman with respect to three quantifiable categories: proven run scorer (ability), ability to
build his innings (continuity) and reaction to match state (adaptability). Ability and continuity
were modelled with exponential distributions where the probability of the batsman achieving
a certain score was estimated prior to an innings and after passing 0, 10, 30 and 50 runs.
Conditional run estimates reveal that accomplished number three batsmen possess the necessary
qualities to score runs for extended periods. The metrics generated from these categories
were compared with the opening and number four and five batsmen’s to provide a statistical
context for the importance of the number three. The match state under which any number
three batsman commenced his innings – good, reasonable or poor start – was established after
investigating the distribution of opening batsmen’s combined runs (partnership) prior to the
first wicket falling in the sampled matches. It was hypothesised that adaptable number threes
should be able to rescue their team from a poor start (first dismissal for fewer than ten runs)
and capitalise on a strong opening partnership (first dismissal after 50 runs scored). The
statistical benchmarks from the descriptive and predictive stages of the research will ultimately
reveal the occurrence of historical batting order misplacement, for example, that the controversy
surrounding current Australian number three, Shane Watson can be statistically justified.

2

Innings and Batting Orders

Test match cricket allows each team two innings to score their runs over five days, divided
into three sessions of approximately 30 overs1 (t = 1, . . . , T where T is the completion of the
last session on day five). Deliveries follow a continuous distribution: prior to the match, it is
unknown how many overs will be bowled in one of the possible four innings; the twenty wickets
required by a team to win the match are the only discrete resource. The batting team (p) in the
first innings (i = 1) must score as many runs (R) as possible before one of two terminal points:
the bowling team (q) dismisses 10 first innings batsmen (wq1 = 10) from team p or the captain
of team p “declares” their first innings over (wq1 < 10) and sends team q into bat, believing
they have compiled sufficient runs to take 10 team q wickets while ensuring Rp1 > Rq1 . Teams
p and q bat in consecutive innings in the majority of matches; the “follow-on” scenario is the
exception but is outside the focus of this research. The following match results are possible for
team p:

Rp1 + Rp2 > Rq1 + Rq2 , wp = 20 win



Rp1 + Rp2 < Rq1 + Rq2 , wq = 20 loss
resultp =
(1)
tie
 Rp1 + Rp2 = Rq1 + Rq2 , t = T


t = T,
wp < 20 draw
For some wins, team p is not required to bat a second time as Rp1 > Rq1 + Rq2 while some
losses only require one innings from team q as Rp1 + Rp2 < Rq1 . Each case assumes w = 20.
1 180
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Each innings (p1, . . . , q2) varies in nature from match to match but as a rule, p1 is for
building, p2 (if required2 ) is for consolidation, q1 for building toward Rp1 and q2 (if required)
is a “chase to win” or “survive to draw” innings. For these reasons, the parent sample in this
research consisted of match data only from p1 and q1 where the innings strategy is consistent
and the researcher was guaranteed their existence from each completed match. Figure 1 reveals
interesting characteristics of team runs (R) through the four innings where (1 = p1, 2 = q1, 3 =
p2 and 4 = q2): Rp1 and Rq1 distributions have an expectedly higher mean for wins and
draws than losses, but also a wider dispersion, suggesting losses are more predictable in the
first two innings of the match because of the smaller range. The higher mean of Rq2 losses is
logical; the target for victory is too high so team q decides to bat for the draw. Conversely,
the dense left tail and right skew of Rq2 wins reflects matches where the team q must only
achieve a relatively small amount of runs to win the match, sometimes achieved without the
loss of any wickets, for example, the West Indies (q) only requiring one run for victory at the
commencement of their second innings against India (p) in a test match dated April, 1983:
Rp1 = 209, Rp2 = 277, Rq1 = 486, Rq2 = 1. The Rq2 win distribution also shows a 400-run
target has been successfully chased for victory on very few occasions.

Figure 1: Team run distributions through innings and match result
Regardless of test match or limited overs cricket, allocating the right batsmen in the right
orders is crucial for a team’s success [7]. This is a complex task and is usually the result
of “shuffling” players around the order until a productive solution is found. Former England
captain, Nasser Hussain believes the top three batsmen have to provide the right momentum
for the rest of the team, stressing that Ian Bell, a senior player with 97 tests to his name,
should have batted at number three in the 2013 Ashes campaign, using experience to control
the tempo of the innings in the case of opening partnership failures [4].
Selectors must decide the right mix of specialist batsmen, specialist bowlers and all-rounders.
Figure 2 reveals a difference in the average runs of the top five batsmen, Ox and the remaining
orders in completed test matches, most noticeably for p1 and q1 . Although O4 is historically
2 Where the “follow-on” is enforced, a team may have sufficient runs from their first batting innings to win
the match.
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Figure 2: Average runs through batting order and innings.

a higher scorer than O3 (see Figure 2), this is not necessarily a reflection of superior talent;
averages alone do not tell the full story [2, 6]. Typically, at the start of the first innings when
the cricket ball and pitch are untouched, the ball behaves more erratically meaning wickets
occur more regularly. Assuming a reasonable opening partnership, by the time the number four
batsman comes in to bat, the condition of the ball and pitch should have deteriorated sufficiently
to minimise unpredictable deliveries and accommodate longer periods of batting. The opening
batsmen do not have this luxury, hence lower averages for O1 and O2 . The first order batsman
faces the first delivery so is more susceptible to dismissal than any other because he possesses
the least knowledge of match factors, for example, pitch condition and the immediate form of
the opening bowler; this accounts for the higher frequency of single-figure scores for O1 than
other batsmen. Nerves are another explanation. Established O3 batsmen are renowned for
their defensive approach to an innings, especially when the opening partnership is not fruitful
which is reflected in the smallest frequency of 0-20 runs in comparison to other orders. This O3
quality will be explored further in the following sections.

3

Methods and Results

This research argues an established number three batsman is required to be a proven run scorer
(“ability”), react to the value of the opening partnership (“adaptability”) and bat productively
for as long as possible (“continuity”). In measuring ability, a batsman’s career average and
strike rate were calculated by:
n

1X
r=
r
n j=1

n

1X
SR =
r/d
n j=1

(2)

where r is a batsman’s runs and d are his deliveries faced in innings j. The universal calculation subtracts “not out” innings, or cases where the batsman has not been dismissed at the
completion of innings i, from the denominator. Recognizing not-outs was viewed as unfairly
sweetening lower-order averages because those players were more likely to be batting at an
innings-end. Table 1 reveals the top ten members of the Bat Pack, or all number three batsmen
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that have achieved 30 or more innings (p1, q1), retiring after 1980. The table has been ranked
in descending order of average (Equation (2)i). The three most sampled players at number
three, Dravid (n = 130), Sangakkara (n = 118), Ponting (n = 112) are fittingly consecutively
ranked (3, 4 and 5), and, along with Amla (9), are regarded as some of the best batsmen of the
modern era (Sangakkara and Amla are still playing), all averaging above 50 runs per innings.
This suggests that teams settle on successful number threes.
Batter
BC Lara
IVA Richards
KC Sangakkara
RT Ponting
R Dravid

Team
W. Indies
W. Indies
Sri Lanka
Australia
India

n
37
41
118
112
130

Ave
70.70
66.51
62.25
60.96
55.95

SR
0.6753
0.5851
0.5594
0.6236
0.4394

Batter
Younis Khan
SP Fleming
DI Gower
HM Amla
RB Richardson

Team
Pakistan
N. Zealand
England
S. Africa
W. Indies

n
46
39
32
67
67

Ave
55.82
54.72
53.50
50.94
49.24

SR
0.5234
0.5085
0.5632
0.5260
0.4979

Table 1: Top ten number three batsmen in either of first innings (n ≥ 30) since 1980.
Numerous efforts have been made over the last century to retrospectively fit statistical
models to batsmen’s scores. Early work by Elderton [5] proposed test match cricket batting
scores followed a geometric distribution, but subsequent research revealed this distribution
provided an inadequate fit for zero scores [10], as detailed in the previous section. For this
research, a single parameter (λ) exponential distribution with mean 1/λ and variance 1/λ2 was
an adequate fit for O3 batsmens scores but still failed to solve the zero-run anomaly. This is
apparent in the over-fit far left interval (0-9 runs) in Figure 3i and the difference in the observed
(σ = 55.02) and expected standard deviation (σ = 50.42).

Figure 3: Histograms of O3 runs and exponential distributions; zero scores included (i) and
excluded (ii).
The fitted distribution also seems to be an inadequate fit for major scoring milestones;
unlike the model, O3 batsmen do not seem to suffer from the “nervous nineties” exhibiting a
noticeably low frequency of scores between 90 and 99 than neighboring intervals. This is an
insight into the patience of successful number three batsmen. There are clear spikes in the
interval prior to the batsman reaching 150 and 200 runs – probably mental fatigue – which
167

Batting at Three in Five-Day Cricket

Sargent

must be flagged if making inferences from the exponential distribution. Removing zero-run
innings from the sample considerably improves the fit for single-figure scores and the standard
deviation discrepancy (see Figure 3ii), however, the run milestone problem remains.
Previous sections have mentioned a number three batsman’s responsibility with respect to
the productivity of the opening partnership (r1 + r2 ), that is, to stabilize the innings after an
early dismissal or capitalize on a good start. An O3 batsman’s “adaptability” was determined
through his contribution to the innings given a good (r1 + r2 > 50), reasonable (10 ≤ r1 +
r2 ≤ 50) or poor (r1 + r2 < 10) opening stand. Contribution, C is a batsman’s standardized
performance, expressing his runs in innings j as a percentage of total team runs in innings i,
simply denoted as Cj = rj /Ri . A score of 20 by a top batsman may be viewed as a low score
on its own, but if the total team score was also low, say 120, due to difficult batting conditions
(for example, a cracked pitch or humidity), the batsman’s score may be deemed as satisfactory.
Conversely, standardizing a large value of r with respect to a large R, perhaps because of a
weak bowling attack, provides r with further context. Several other factors impact a player’s
contribution, but this approach was considered suitable for this stage of the research. Tabulating
the opening stand categories against the completed match result provided further evidence of the
importance of adaptable O3 batsmen. From Table 2, the most significant O3 team contributions,
with respect to the first five batsmen, are wins after poor starts (C = 0.1540) and draws and
wins after reasonable starts (C = 0.1512 and C = 0.1500). Contributions through the top
five from losses after poor starts are negatively related to wins after good starts: C gradually
increases through to O5 with losses from poor starts with the top three only contributing 30.2%
of the runs, compared to 49.9% of the runs when a team wins from a good start. The remaining
orders have been included in Table 2 for referencing purposes.

Table 2: Adaptability to match state through contribution to team runs.
The term, “continuity” has been adopted to describe the ability of a batsman to continue
scoring runs, having accumulated particular run totals during his innings. For example, a top
order batsman might aim to achieve 50 runs having reached 20 runs, then 100 runs having
reached 50. From the exponential distribution (see Figure 3), the probability of passing a
certain score, r̂ given accumulated runs, X was calculated with the cumulative probability
function:
F (r̂; λ|r > X) = e−λr̂ .
(3)
Table 3 lists the probabilities of passing 50 and 100 runs when X = (1, 10, 30, 50) for the top
five batsmen. Commencing at X = 1 removes the zero-score anomaly. O3 batsmen are more
likely to achieve the two milestones than any other order through all X. There is a distinct
difference in the probability of O3 reaching 100 runs once achieving 50, again highlighting the
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patience of the number three. One could argue that O3 batsmen have more time at the crease
than lower orders to score their runs, remembering the openers are the most susceptible to
dismissal in the top five, however, this would be difficult to deduce from our data.
O1
X r = 50 r = 100
1 34.9% 11.9%
10 43.2% 15.1%
30 66.9% 24.4%
50
36.1%

O2
r = 50 r = 100
35.8% 12.6%
43.6% 15.5%
65.9% 23.3%
36.4%

O3
r = 50 r = 100
39.5% 15.3%
47.7% 18.9%
69.6% 28.0%
41.0%

O4
r = 50 r = 100
38.8% 14.8%
47.2% 18.4%
68.7% 26.4%
37.5%

O5
r = 50 r = 100
37.4% 13.8%
45.5% 17.0%
67.2% 24.9%
35.6%

Table 3: Probabilities of reaching 50 and 100 given accumulated runs (X) through orders 1-5.
The next stages of this research will involve the classification of batting orders with a discriminant function (Mahalanobis distance measure) using the metrics outlined in this paper as
inputs. The anticipated level of complexity in the predictive stage commands a separate research
paper, offering scientific conclusions about misplacement within batting orders, specifically, the
worth of Shane Watson batting at number three for Australia and potential replacements. Analysis of international experience prior to settling at number three might be valuable, as well as
whether domestic batting metrics correlate with international.

4

Conclusion

Although not always statistically significant, this paper has provided sufficient evidence that
number three batsmen exhibit characteristics that distinguish them from opening and number
four and five positions. Such characteristics should be distinguished further with the addition
of key factors, omitted from this stage of the research, for example, home ground advantage,
chemistry between certain batsmen in a partnership and the strength of the opposition bowling
attack. Fitting an exponential distribution to batsmen’s pre-match scores did not account for
the high frequency of zeros, however, fitting after a batsman scores a run is a distinct improvement and would be beneficial for in-play wagering on batsmen head-to-head run markets, as
covered by Bailey and Clarke [1]. A non-parametric approach may another option, that is,
modelling the form of the batsman by smoothing his last x innings, rather than his observed
scores, thereby dampening zero and large score effects.
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Abstract
We investigate the simultaneous schedule determination of several leagues in a championship. Beside limited availability of venues, the substitution of players among teams of a club requires the
consideration of mutual match slot exclusions associated with teams playing in different leagues during
schedule construction. We propose a mathematical optimization model for this complicated decision
task and report results from initial computational experiments.

1

Introduction

A set of sport leagues is called a championship. While in professional sports, the schedules of
the leagues in a championship are determined consecutively starting with the most important
league (e.g. the Premier League in soccer is scheduled first, followed by the Second League
and so on) non-commercial (leisure) sport typically cannot realize a sequential schedule determination due to additional constraints establishing interdependency between the schedules
of different leagues. This paper addresses the simultaneous determination of schedules from
several leagues called the championship scheduling problem. We have reported elsewhere on
the championship scheduling problem of a regional table tennis association in Germany that
addresses the simultaneous determination of schedules for several leagues. Two types of interleague constraints are to be considered: limited venue capacity as well as player substitution
opportunities between several teams of a club. The first mentioned issue requires the coordination of available match slots usage among all teams of a club even if these teams are members
of different leagues. The second mentioned issue requires that two teams of a club assigned to
different leagues (the receiving as well as the providing team of a substitute player) do not have
a match in the same slot.
A survey of the state-of-the-art in sport league scheduling is given by [4]. [1] proposes and
compares several mathematical models for the sport league scheduling problem. Applications
of sport league scheduling approaches in the context of table tennis are reported in [4, 6]. [2] as
well as [5] consider a variation of the sport league scheduling setup in which one venue from a
set of available venues has to be selected for each match from the competition program. To the
best of the author’s knowledge these are the only attempts to incorporate scarce venue issues
into sport league schedule determination and there are no contributions that report research
on the simultaneous scheduling of several leagues.
An informal problem description is provided in Section 2. Afterwards, Section 3 reports the
development of a mathematical optimization model. The proposed model is verified in initial
computational experiments whose results are given in Section 4.
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The Championship Scheduling Problem

We consider a set CP of leagues formed by teams from the set T which are delegated by
clubs collected in the set C. The binary parameter T C(m; c) is equal to 1 if and only if team
m ∈ T is associated with club c ∈ C. A match in the league L ∈ CP is the ordered pair
(i, j) ∈ L × L \ {(i, i) | i ∈ L}. We call team i the home-team and team j the away team. It is
assumed that the venue of the home team hosts the match (i; j). If (i; j) is a match then we
call the set {i; j} a meeting with involvement of i and j.
The competition program of league L contains all matches specified by competition rules.
Without loss of generality, we assume that a match (i; j) among two teams of league L is
required exactly once. In the championship scheduling problem it is necessary to schedule all
matches in all leagues of the championship. For each of these matches a time slot sij ∈ S has to
be selected as date of match (i; j) from the set of available time slots S. The set S is partitioned
into the set S F of slots of the fall round and the set S A of slots of the autumn round. We
assume that all slots from S F precede the slots of S A . A feasible schedule of an individual
league in the considered championship requires the fulfillment of the following 5 conditions.
• Exactly one slot sij ∈ S must be selected for each match in the competition program (R1 ).
• At most one match per team can be assigned to a slot from S (R2 ).

• If match (i; j) is scheduled in S F then and only then match (j; i) is scheduled in S A (R3 ).
• For each team, home with away matches are alternately scheduled over the season (R4 ).

• In order to achieve a regular distribution of all matches of a team over the season it
is necessary to ensure that at least N DIST slots can be found between two consecutive
meetings with participation of this team (R5 ).
To achieve feasibility of all generated schedules in the championship it is necessary to respect the
following inter-league conditions. Two teams for which a substitution opportunity is specified
must not have a meeting (with any other team) in the same slot (R6 ). The capacity of club c’s
venue V C(c) must not be exceeded by the home matches of all teams associated with club c in
any slot (R7 ).
The conditions R1 to R3 are obligatory since the table tennis competition rules require the
fulfillment of these conditions. Also the fulfillment of R6 as well as R7 is obligatory in order to
get a feasible schedule. The conditions R4 as well as R5 are imposed in order to meet fairness
aspects. They are not induced by any rule set. They are called soft conditions. We are going
to minimize the number of violations of the soft conditions while all obligatory conditions are
fulfilled without any exception.

3

A Mathematical Optimization Model

We first derive mathematical constraints whose consideration ensures the feasibility of an individual league schedule for a single league with respect to R1 – R5 . Afterwards, we extend this
model in order to meet the conditions R6 as well as R7 .
Let L be a league. Team k meets each other team i twice. Let L̄ be the set that contains
two copies of each team k ∈ L, say k + and k − . Team k meets each other team from L̄(k) :=
{i ∈ L̄ | i 6= k + ∧ i 6= k − } exactly once. All teams from L̄(k) labeled by + are collected in the
set L̄+ (k) and a match against team j ∈ L̄+ (k) takes place in the venue of k (home-match of
team k). All − -labeled teams are put into the set L̄− (k) accordingly. A match between k and
and i ∈ L̄− (k) is conducted at the venue of team i (away-match of team k). As an example,
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we consider the league L = {1, 2, 3, 4} and get L̄ := {1+ , 1− , 2+ , 2− , 3+ , 3− , 4+ , 4− }. For team
k = 2 we have the sets L̄(2) := {1+ , 1− , 3+ , 3− , 4+ , 4− } as well as L̄+ (2) := {1+ , 3+ , 4+ }
and L̄+ (2) := {1− , 3− , 4− }. The meetings to be scheduled with participation of team 2 are
{{1+ ; 2}, {3+ ; 2}, {4+ ; 2}, {1− ; 2}, {3− ; 2}, {4− ; 2}}.
For team k ∈ L, a Hamiltonian path goes through all teams from L̄. This path originates
from k + , terminates in k − and visits each other member of L̄ exactly once. It determines the
sequence in which the meetings with participation of k are carried out. For the coding of such
a sequence, we declare the binary decision variable xijk (i, j ∈ L̄, k ∈ L). If xijk = 1 then the
meeting of k with i precedes the meeting of k with j and k has no other meeting between these
two meetings. For example, the Hamiltonian path (3− , 1− , 2+ , 1+ , 3+ , 2− ) defines the match
pattern for team 2: first, 2 has an away match (AM) against 3, followed by an AM against 1
and a home match (HM) against 2. The next matches are against 1 (HM), 3 (HM) and 2 (AM).
Beside the determination of the match pattern for each team k ∈ L it is necessary to select
the slot into which a match falls. We declare the integer-valued decision variable zik to carry
the selected slot of the meeting with participation of k and i.
X

j∈L̄(k)

X

j∈L̄(k)

xk+ jk = 1 ∀k ∈ L ∧
xjk− k = 1 ∀k ∈ L ∧

X

j∈L̄(k)

X

xjk+ k = 0

∀k ∈ L

(1)

xk− jk = 0

∀k ∈ L

(2)

∀k ∈ L, i ∈ L̄(k)

(3)

∀k ∈ L, i ∈ L̄(k)

(4)

j∈L̄(k)

X

j∈L̄(k)

X

xijk = 1

j∈L̄(k)

xijk =

X

xjik

j∈L̄(k)

As proposed for the well-known capacitated vehicle routing problem [3] (1)–(4) determines
a set of Hamiltonian paths through the sets L̄(k) fulfilling condition R2 . (1) ensures that a
first opponent is defined but prevents that the initial dummy opponent k + has a predecessor.
Similarly, (2) ensures that team k’s Hamilton path through L̄(k) terminates in k − . Constraint
(3) takes care that each meeting of team k has a predecessor as well as a successor and that a
continuous path is achieved (4).
zk+ k = 0 ∀k ∈ L ∧ zk− k = |S F | + |S A | + 1 ∀k ∈ L
zik + 1 ≤ zjk + (1 − xijk ) ∗ M ∀k ∈ L, i, j ∈ L̄(k), i 6= j

(5)
(6)

zik 6= zjk ∀k ∈ L ∀i, j ∈ L̄(k), i 6= j

(8)

zl+ k = zk− l ∀k, l ∈ L, k 6= l

(7)

zik + 1 + N DIST ≤ zjk + (1 − xijk ) ∗ M + eDIST
∀k ∈ L, i, j ∈ L̄
ijk

(9)

F
A
F
uF
∀k ∈ L ∀i ∈ L̄(k)
ik · M ≥ |S | + 1 − zik ∀k ∈ L ∀i ∈ L̄(k) ∧ uik Ṁ ≥ zik − S
F
A
A
uF
i+ k + ui− k ≤ 1 ∀k, i ∈ L, k 6= i ∧ ui+ k + ui− k ≤ 1 ∀k, i ∈ L, k 6= i

xopk + xpqk ≤ 1 +

eH
opqk

· M ∧ xopk + xpqk ≤ 1 +

eA
opqk

· M ∀k ∈ L, o, p, q ∈ L̄(k)

−

(10)
(11)
(12)

The constraint families (5)–(9) ensure the selection a feasible slot for each match. (5)
determines the slot for the dummy meeting that initiates the Hamiltonian path and the slot
for the dummy meeting that terminates the Hamiltonian path associated with team k. Let
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M be a sufficiently large number. In case that team k meets team j immediately after team
i then the meeting of j with k is scheduled at least 1 slot later than the meeting of i with k
(6). Constraint family (7) synchronizes the slots for the meetings scheduled for each pair of two
different teams k and l. At most one meeting per slot is scheduled for team k (8). The binary
is 1 if the required number N DIST of free slots between the
indicator decision variable eDIST
ijk
two consecutive meetings of k remains unsatisfied (9).
In order to meet constraint R3 it is necessary to decide for each meeting {i; k} if it is
scheduled in the fall season S F or in the autumn season S A . We introduce the binary decision
A
variable families uF
ik as well as uik as indicators for the selected half season of a meeting between
F
two teams. (10) enforces uik to be 1 if i and k meet in the fall season and enforces uA
ik to be 1
if i and k meet in the spring season. Either the meeting of both teams at the venue of k or the
meeting of both teams in the venue of i can be assigned into the same half season (11).
In order to fulfill R4 we state the constraint (12). It ensures that at most two consecutive
meetings with the involvement of team k take place in the venue of k (in the venue of k’s
AA
opponent). The binary indicator decision variables eH
opqk (eopqk ) is enforced into the value 1
if the three consecutive meetings {o; k}, {p; k} and {q; k} are all home (all away) matches for
team k.
Z :=
Z̄ :=

X

X

X

X

X

k∈L i,j∈L̄(k)

eDIST
+
ijk

m∈CP k∈Lm i,j∈L̄m (k)

eDIST
+
ijk
X

X

X

A
eH
opqk + eopqk

(13)

A
eH
opqk + eopqk

(14)

k∈L o,p,q∈L̄(k)

X

X

m∈CP k∈Lm o,p,q∈L̄m (k)

The sport league schedule determination problem for a double round robin competition
program is now represented by the mixed-integer-linear program (MILP) consisting of the
constraints (1)-(12) and the objective function (13) to be minimized. This model follows a
significantly different representation logic compared to the modeling approaches proposed in [1].
Assume now, that the competition comprises several leagues collected in the set CP . Let
m ∈ CP and Lm denote the set of the teams forming league m. We can replace L by Lm in the
previously presented constraints (1)–(12) and activate these constraints for all leagues m ∈ CP .
Solving the resulting MILP consisting of the constraints (1)–(12) as well as the objective function
(14) determines feasible schedules for each individual league in the championship but the interleague constraints remain unconsidered. To incorporate the inter-league conditions we extend
the previously described MILP.
zji <> zlk
zji =
X

t∈T

X

s∈S

HOM E
yijs
·t∧

T C(t, c) ·

X X

i∈Lm j∈Lm

X

HOM E
yijs
=1

s∈S

HOM E
yijt
≤ V C(c)

∀i, j, k, l ∈

[

Lm

(15)

m∈CP

+
∀m ∈ CP , i ∈ L̄+
m , j ∈ L̄m

(16)

∀c ∈ C, s ∈ S

(17)

Let s(i, j, k, l) be a binary parameter that is fixed to 1 if and only if the two matches (i, j)
and (k, l) have to be scheduled in different slots in order to allow player substitution by a player
from team k to complete team i. Constraint (15) ensures that matches with the participation
of two teams with a substitution relation are not assigned into the same time slot. This fulfills
condition R6 .
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1

2

3

schedules proposed without consideration of inter-league constraints
slots
4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

1(1)
2(2)
3(3)
4(4)
5(1)
6(2)

—
—
6
—
—
-3

-5
—
—
6
1
-4

—
—
—
—
—
—

—
—
—
—
—
—

—
—
—
—
—
—

—
—
—
—
—
—

— -6 —
— -5 6
— — 5
5 — —
-4 2 -3
— 1 -2

3
4
-1
-2
6
-5

2
-1
4
-3
—
—

-4
3
-2
1
—
—

7(1)
8(2)
9(3)
10(4)
11(1)
12(2)

—
-12
—
—
—
8

—
—
—
—
—
—

—
—
—
11
-10
—

-11
—
—
—
7
—

—
11
—
—
-8
—

—
—
10
-9
—
—

9
—
-7
—
—
—

-8
7
12
—
—
-9

12
9
-8
—
—
-7

10 -12 11 — — — -9
— -11 12 — — — —
-11 — — — 11 — 7
-7 — — — — — —
9
8 -7 12 -9 — —
—
7 -8 -11 — — —

team

—
—
—
12
—
-10

—
-10
—
8
-12
11

—
—
—
—
—
—

—
—
—
—
—
—

—
—
—
—
-6
5

4
—
—
-1
—
—

—
—
—
-5
4
—

— -2 — 6
-4 1 -3 —
— — 2 -5
2 -6 — —
— — — 3
— 4 — -1
—
—
-10
9
—
—

—
—
—
—
—
—

—
10
—
-8
—
—

-3 5 —
-6 — 5
1 -6 -4
— — 3
— -1 -2
2 3 —
8
-7
—
-12
—
10

-10
-9
8
7
—
—

—
—
-12
-11
10
9

1

2

3

schedules proposed after activation of inter-league constraints
slots
4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

1(1)
2(2)
3(3)
4(4)
5(1)
6(2)

—
—
—
6
—
-4

—
6
—
5
-4
-2

-6
—
4
-3
—
1

—
—
5
—
-3
—

3
—
-1
—
—
—

2
-1
—
—
—
—

-4
—
—
1
—
—

—
-3
2
—
—
—

—
—
—
—
6
-5

—
5
—
—
-2
—

—
4
—
-2
—
—

-5
—
6
—
1
-3

—
-4
-5
2
3
—

6 — — -3 — 5
— — — — — —
— -6 — 1 — -4
— -5 — -6 — 3
— 4 -6 — — -1
-1 3 5 4 — —

-2
1
—
—
—
—

4
—
—
-1
—
—

—
-6
—
—
—
2

—
-5
—
—
2
—

—
3
-2
—
—
—

7(1)
8(2)
9(3)
10(4)
11(1)
12(2)

-9
—
7
—
—
—

—
—
12
—
—
-9

12
—
—
—
—
-7

—
-11
—
—
8
—

—
10
—
-8
—
—

—
—
—
11
-10
—

-11
9
-8
—
7
—

-10
-12
—
7
—
8

—
—
11
—
-9
—

—
—
-10
9
12
-11

8
-7
—
—
—
—

—
—
—
-12
—
10

—
12
—
—
—
-8

-12
—
10
-9
—
7

—
-9
8
-11
10
—

-8
7
—
—
—
—

9
—
-7
12
—
-10

—
—
—
—
-12
11

11
-10
—
8
-7
—

team

—
—
—
—
—
—

—
—
-11
—
9
—

—
—
—
—
—
—

10
—
-12
-7
—
9

—
11
—
—
-8
—

Figure 1: Generated schedules: The table entry gives the opponent. If the opponent number is
≤ 0 then the meeting will take place at the opponent’s venue. The number in brackets right of
the team number indicates the team’s club.
To determine the number of home matches of the teams of club c in a slot t we use the
HOM E
binary indicator decision variables yijs
which is 1 if and only if match (i; j) is scheduled
in slot s (16). Constraint (17) then limits the number of matches for each slot to the venue
capacity V C(c) fulfilling R7 .

4

First Computational Experiments

In order to verify the proposed model we have setup an artificial championship with two leagues
(CP = {1; 2}). League 1 is composed by six teams {1; 2; 3; 4; 5; 6} and league 2 is composed
by the other six teams {7; 8; 9; 10; 11; 12}. The teams are delegated by four clubs. Teams 1,
5, 7 and 11 are associated with club 1 while teams 2, 6, 8 and 12 are formed by players from
club 2. Team 3 and 9 are associated with club 3 and team 4 and 10 belong to club 4. We
have the venue capacity vector V C = (1; 1; 1; 1), i.e. each club allows one home match in a
slot. Substitution opportunities must be considered between the following pairs of teams: (1;5),
(5;7), (7;11), (2;6), (6;8), (8;12), (3;9) as well as (4;10). The complete season comprises 24 slots
and the fall round is formed by the first twelve slots. The minimal number of slots between
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two consecutively scheduled matches of a team is N DIST = 0, so that two adjacent slots can
be used for matches in which the same team is involved.
We use CPLEX to solve the resulting model instance. In a first experiment, we do not
consider any inter-league constraints. The solver is granted 15 minutes processing time. After
approx. 3 minutes an optimal solution is found. In a second experiment we activate the two
inter-league constraints. The solver returns an solution after 15 minutes. This solution was not
proven to be optimal. Fig. 1 shows the generated schedules for the championship. In the upper
table, the gray shaded entries contribute to conflicts due to venue capacity excess or disregarded
substitution opportunities. There are neither home-away alternation errors nor regularity errors. The lower table contains the schedules with activated cross-league constraints. Nearly all
matches are re-scheduled and shifted into another slot in order to meet the requirements of the
inter-league constraints. However, seven home-away-alternation errors cannot be eliminated
within 15 minutes computational time (the gray shaded entries contribute to these failures).

5

Conclusions

We have proposed and validated a mathematical optimization model of a complex decision
problem from non-commercial sports management. For the first time, the simultaneous determination of schedules for several round-robin competitions sharing scarce venues is addressed.
Furthermore, it is the first time that substitution options are considered in the schedule determination. The next research steps comprise the conduction of further computational experiments
even with larger championships in order to identify the most critical factors for the simultaneous schedule determination. Due to the quite high complexity of the proposed model we are
going to develop a heuristic approach that is able to handle championships of realistic size. In
this context, we can use comprehensive historized real planning data. Furthermore, additional
regularity measures will be evaluated.
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Abstract
The ranking of sports teams is of significant importance to those who are involved with or interested
in the various professional and amateur leagues that exist around the world. We present a modified
ranking algorithm based on the Perron-Frobenius theorem and the application of this algorithm in the
context of hockey match prediction. To examine the behavior of our approach we implemented the
method for prediction of results of matches for the highest-level ice hockey league in the Czech Republic
from the 2008 through 2015.

1

Introduction

Ranking and selection are related statistical problems with numerous applications and a good
algorithm for ranking has many potential uses. Ranking methods can provide key information
not only for sports fans and betting companies and their customers but also in other different
areas. Although most publications are focused on applications of ranking models in team sports
and lottery markets, e.g. [4], [2], [11], examples from medical research, school effectiveness [6]
or a website’s ranking [7] can be found.
In this paper four different ranking schemes and methods of estimation of probabilities of
winning for home or away team are described. In section 2.1 is formulated the well known
Keener’s ranking model as a linear eigenvalue problem, the first method used for an estimation
of probabilities the last ranking score. The second method is based on a mean of ranking. In
section 2.2 are described two advanced methods based on Keener’s model including time delays.
In section 4 we will test and compare predictive abilities of our models on the set of data
that contains results of regular seasons matches from the 2008/2009 season to 2014/2015 season
of the highest ice hockey league in the Czech Republic.

2

Ranking Models

A number of articles exist in the statistics literature dealing with the ranking of sport teams.
Two common terms associated with sports models are ranking and rating. A ranking of N
teams places them in order of relative importance, with the best team receiving rank one. A
rating of the same teams describes the degree of relative importance of each team. The ratings
carry more information than the ranks, they provide us with the degree of relative importance
and can be used for estimation of expected probabilities of home and away teams winning and
drawing.
Analysts have proposed several different approaches for ranking sports teams, a survey of
basic and advanced ranking models is described in detail for example in [3].
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2.1

Šedivá

Keener’s Ranking Methods

James P. Keener [5] formulated eigenvalue problem and provided ranking existence and uniqueness conditions that are compatible with the Perron-Frobenius theorem; a nonlinear version of
the model is also described. He proposed his ranking model based on dominant eigenvalue of
nonnegative matrix in 1993 [5]. The Keener ranking model makes two fundamental assumptions. His first assumption is that the strength of teams expressed in scores depends on both
the outcome of the interaction and the strength of its opponents. He defines the strength of
teams i to be
N
1 X
aij rj ,
(1)
si =
ni j=1
where aij is non-negative value that depends upon the outcome of the match between i and j,
rj is rating of team j, ni is number of matches played by team i and N is total number of
teams. The matrix A with entries aij is often called a preference matrix. Keener assigns the
value of aij as follows


Sij + 1
,
(2)
aij = h
Sij + Sji + 2
where Sij is the number of points i scored
p against j and h is the strictly increasing nonlinear
function h(x) = 1/2 + 1/2 sgn (x − 1/2) |2x − 1| that minimizes the incentive of the winning
team to “run up” the score.
Keener’s second assumption is that the strength of a team should be proportional to a
team’s rating. In equation form
s = Ar = λr,
(3)
where A is an N × N matrix with aij as components, r is a column vector of N ratings, and s is
a column vector of N strengths. By the Perron–Frobenius Theorem, this eigenvalue-eigenvector
equation will have a unique, up to a scalar multiple, and positive solution, provided that the
matrix A is non-negative and irreducible. More information about linear and also extended
nonlinear Perron–Frobenius theory can be found in e.g.[8].

2.2

Dynamic Ranking Methods

Team strength changes over time, so the Keener model can be used and ranking vector r can be
recalculated several times during the season. The outcome of each match modifies matrix A and
implies changes in the ranking vector. We use a similar approach as [10] and estimated ranking
vector for each time t when some match is played. Let us denote the time t1 of the first date,
t2 of the second date etc. (t1 < t2 < . . . ). The ranking vector depends on stability of matrix
A and it is more variable at the beginning of the season when entries aij that are computed as
a sum of scores are changed more rapidly. For reduction of the unpleasant properties we have
used for estimation of probabilities of home team win, draw and away team win two different
approaches: (a) to calculate expected outcomes of matches at time tk based on ranking at
previous time tk−1 and (b) to calculate expected outcomes of matches at time tk based on the
simple mean ranking from 0 to tk−1 .
The articles [1] and [10] was our inspiration for adding model parameters reflecting time
variability between played matches. One possibility is a direct method that assumed a current
ranking of team as a weighted combination of previous rankings. The weighting function in
time of estimation is wτ = exp (−ατ ), where α is a positive parameter and τ is time delay.
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Estimations of expected outcomes of matches at the time tk is determined on basis of
weighted ranking
r(tk ) = r(t1 ) exp (−α(tk − t1 )) + r(t2 ) exp (−α(tk − t2 )) + · · · + r(tk−1 ) exp (−α(tk − tk−1 )) ,
(4)
where r(t1 ), r(t2 ), . . . , r(tk ) are values of team rankings at times t1 , t2 , . . . , tk and tk − t1 , tk −
t2 , . . . , tk − tk−1 are time delays.
The second method that takes into consideration time difference between matches focuses
on weighting of matrix A. The innovation is that the process of calculation of scores Sij used in
equations (2) is complemented by adaptive coefficient λ. We suppose that each team played with
each other several times in one season; we denote Sij (t) as the cumulative number of points
that team i scored against opponent team j in matches played at times ≤ t. The adaptive
cumulative score is calculated using relationship
Sij (tk ) = Sij (tk−1 ) · exp (−λ(tk − tk−1 )) + sij ,

(5)

where Sij (tk−1 ) is cumulative score at time tk−1 and sij is the count of scored points from time
tk−1 to time tk . The adaptive approach reflects the time factor and the points scored in recent
time are more influential to the strength of the team.

3

Assessing the Probability of Winning

One of the most common applications of ranking models is to predict the probability that team
i will beat team j and to predict the outcome of matches between rivals. Suppose the ranking
i
. This approach
vector r is defined so that probability πij that team i beats team j is πij = ri r+r
j
allows us to estimate the probability of win of home teams and win of away teams. To estimate
the probability of a draw modified rules can be used,
ri
− ϑ1 ,
ri + rj
ri
pA =
− ϑ2 ,
ri + rj

pH =

(6)

pD = ϑ1 + ϑ2 ,
where ri , rj are rankings of home and away teams and ϑ1 , ϑ2 ∈ [0, 1/2) are parameters of model
relevant in situation when strength of teams are similar (ri ≈ rj ) and draw result can be
expected.
The relationship between probabilities and ranking vector can be also derived from the idea
that a team has an actual performance that is a random variable with mean ri resp. rj and
variance σi2 resp. σj2 . Then the probability of a home team win can be estimated as
pH = 1 − F (ri − rj + ϑ1 ; Θ) ,

(7)

A

p = F (ri − rj − ϑ2 ; Θ) ,

pD = 1 − pH + pA ,

where ri , rj are rankings of home and away teams and F (·) is appropriately chosen cumulative
distribution function (e.g. normal cumulative distribution function) with parameters Θ and
parameters ϑ1 , ϑ2 supplement the probability rules so that draw is also included.
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Empirical Application
Data Description

We analyze a time series of 7 years of ice hockey match results from the highest level ice hockey
league in the Czech Republic. In this paper we have used data from websites LiveSport s.r.o. [9]
where data including regular season matches, play off matches, prerelegation matches and
relegation/promotion matches are available. Our models have been calibrated and tested only
for results after 60 min, e.g. a game can end with a tie. Each season 14 teams played Extraliga
and each pair of teams played with each other exactly four times, two games as a home team
and two games as a visiting team. In total, each team played 52 matches in a season. The ten
best teams of the regular season advance to the play off and the remaining four teams play the
pre-relegation where all points from the regular season are counted. Later, the worst team from
the prerelegation competes in the relegation/promotion with the winner of the second-level ice
hockey league in the Czech Republic for the place in the Extraliga. The Extraliga was played by
14 teams in each season but thanks to the possibility of relegation and promotion, the Extraliga
and relegation/promotion were played by 18 different teams in total in mentioned seasons.
For testing of quality of predictive models and ability of betting strategy the data are divided
into two sets. The first set contains regular season matches from the 2008/2009 season to the
2013/2014 season and the second set contains regular season matches from the last season, the
2014/2015 season.

4.2

Specification of Testing Models

The following algorithms were used for estimation of ranking vectors and probabilities of winning
home team, draw and winning away team:
KM-LR the ranking vectors are calculated by Keener’s approach, described in section 2.1, for
each day when at least one match was played, probabilities of winning home team, away
team and draw are estimated using equations (6) (version (a)) or equations (7) (version
(b)), the last available ranking score was used;
KM-MR the algorithm for ranking computation is the same as in the model KM-LR but mean
ranking score is used;
KM-WR the algorithm for ranking computation is the same as in the model KM-MR but
weighted ranking score defined in equations (4) is used;
AKM-LR the algorithm for ranking is based on adaptive computing of matrix A with time
delay factor defined in (5), for each day when at least one match was played, probabilities
of winning home team, away team and draw are estimated using equations (6) (version
(a)) or equations (7) (version (b)), the last available ranking score was used.
The predictive performance of each model was compared to other models, as well as to the
bookmakers by function
C=

M
X

m=1


H
D
D
A
A
δm
ln pH
m + δm ln pm + δm ln pm ,

(8)

H
D
A
where δm is an indicator function, e.g. δm
= 1 if match m ends with home win, and pH
m , pm , pm
are probabilities estimated by each model of home team win, draw and away team win [10].
Function C can be considered as a measure of prediction error of outcomes because for outcomes
with low predicted probability it gives a large negative number whereas for outcomes with high
predicted probability it gives a negative number close to zero.
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Obtained Results

The optimal parameters of models were obtained by maximization of the function C and the
best model according to the criterion C was selected for each season. The values of function
C for the bookmakers and for the selected model for each season are shown in Table 1. The
percentages of correctly estimated matches, e.g. matches for which the real result of the match
corresponded with the highest estimated probability, are shown here too.
Season
2008/2009
2009/2010

Bookmakers
Value of C
-377.8
-380.8

2010/2011

-364.0

KM-LR (a)
KM-WR (a)

-367.2

51.4%

2011/2012

-380.6

AKM (a)

-378.8

47.5%

2012/2013

-377.5

KM-WR (a)

-378.2

49.2%

2013/2014

-359.2

KM-LR (a)
KM-WR (a)

-367.7

51.7%

KM-WR (b)
KM-WR (a)

Model
Value of C
-374.7
-385.1

Corr. est.
51.4%
46.2%

Fitting parameters
Θ1 = 0.253, Θ2 = 0.234
ϑ1 = 0.038, ϑ2 = 0.198
α = 4.010
ϑ1 = 0.000, ϑ2 = 0.180
ϑ1 = 0.000, ϑ2 = 0.179
α = 2.922
ϑ1 = 0.002, ϑ2 = 0.224
λ = 0.237
ϑ1 = 0.009, ϑ2 = 0.212
α = 4.276
ϑ1 = 0.014, ϑ2 = 0.193
ϑ1 = 0.015, ϑ2 = 0.183
α = 4.501

Table 1: Comparison of bookmakers and the selected best model for each season.

The results included in the table show that the most successful algorithm is KM-WR model
that used the calculation of ranking vector by Keener’s methods, computing probabilities as
a ratio of home team ranking and sum of home and away team ranking with modification
involving probability of draw, see equations (6). The estimation of probabilities is based on
weighted historical value of rankings with respect to time delay.

4.4

Model Evaluations: in Sample and out of Sample

The last part of the article deals with an application of testing models for predictions of outcomes
of matches in season 2014/2015. The model KM-WR was selected pursuant the results of
previous experiments. The parameters of the optimal model were fitted by using data from
previous seasons, resp. from seasons 2008/2009-2013/2014. The optimization process of model
KM-WR(a) based on data from 2008 to 2014 that included results of 2 512 matches has given
us parameters ϑ1 = 0.011, ϑ2 = 0.209 and α = 3.455.
The value of function C for the selected model is −364.33 and the percentage of correctly
estimated matches, i.e. when the real result of the match corresponds with the highest estimated
probability was 52.20%. These results are comparable with probabilities derived on bookmakers
bets, in this case the value of function C is −355.19. Average margin of bookmakers for our
data is 7.00% and comparison of probabilities for the season 2014/2015 are shown in Table 2.
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Home win
52.47%
46.94%
49.06%

Draw
16.21%
22.01%
22.00%

Away win
31.32%
31.05%
28.94%

Table 2: Comparison of bookmakers and the KM-WR(a) model from 2008 to 2014.

5

Conclusion

The two basic and two advanced models based on ranking methods were analyzed and were
applied to real data sets. Our results show that extension of model specification with time delay
factors can improve the prediction qualities of models. The use of time delay weighted ranking
score comes to light as an auspicious experiment. For anyone serious about the business of
game prediction more variables must be taken into account, but the estimation of probabilities
of winning home and away teams built on ranking models with respect to time delay between
matches can be used for developing betting strategy.
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Abstract
This paper provides a brief summary of the literature review of statistical modelling
in forecasting association football results and a critique of the methodology used up to
date. When analysing time series data to study the dynamics of team strengths, it is
important to test whether the process is nonstationary and if so, how it violates stationarity.
Additionally, omitting variables in the time series model leads to biased estimators that
will affect predictions for team strengths and consequently, match results. These two issues
have not been investigated in the literature: unit-root testing of the ARIMA process for the
dynamics of team strengths and testing for the existence of trends and structural breaks
in the time series. A model is presented which addresses these issues and its predictive
performance is compared with a benchmark model which does not.

1

Introduction

If a statistical model for predicting football results was able to predict better than the bookmakers’ lines, it should generate positive returns. Therefore there has been an interest from
statisticians to constantly improve predictive models in the literature. Additionally, football is
the most popular sport on the globe and there is an added incentive in investigating a topic
about which some authors are passionate. However, when it comes to generating positive returns against the bookmakers, other issues come into play, such as betting strategies and money
management techniques such as the Kelly criterion [8]. Simply put, the statistical model is only
one of the ingredients involved.
Several authors have proposed modelling team strength dynamics in different ways. However, the dynamic models proposed in the literature have always been simple; typically AR(1).
Thus, investigating the existence of trends and the possibility of higher order autoregressive
processes is important to make sure that there is no omitted variable bias in the coefficients. Additionally, no author has decided to test for unit-root tests of the time series of team strengths.
This is imperative to determine firstly whether the process is stationary and if not, how it
violates stationarity so we can model the time series for forecasting purposes.
This paper addresses two challenges to the literature: i) how to model the dynamics of
the strength parameters and ii) testing for the existence of trends and structural breaks in
the series. Firstly the team strength parameters in the sample are estimated using a rolling
window. Then, an adequate unit root test which accounts for structural breaks is carried out
to investigate whether parameter estimates in the ARIMA modelling change after the transfer
window. This is motivated through the findings in [11].
Firstly, a brief literature review describes how other authors have modelled team strength
dynamics, and then describes developments in unit root tests which account for structural
breaks. In Section 3, I present the proposed methodology. Since this is a work in progress,
results will only be presented at the MathSport International Conference 2015.
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Literature Review
Model Estimation

The first paper that really discussed modelling and forecasting football results was [15], which
showed that football results follows a negative binomial distribution. The double-Poisson model
presented by [13] demonstrated that a double-Poisson model provided a better fit. Maximum
likelihood estimation (MLE) of the log-likelihood function was used to estimate attack and
defence parameters for the teams in the sample, as well as a home advantage parameter. [4]
estimate a pseudolikelihood by enhancing the double-Poisson estimated in [13] by estimating a
dependence parameter. Additionally, they added more weight to recent results in the likelihood
function. [7] also consider MLE by using a Newton-Raphson approach and inflating the probability of observing draws. [14] add flexibility to modelling by using certain copula functions
which allow negative dependence to be captured, applicable to international football.

2.2

Dynamic Models and Unit Root Testing

[21] not only model the strength parameters of each team, but use Brownian motion to allow
the strength to vary between two particular points in time. [10] also allows team strengths to
evolve in a random walk process - a nonstationary model. [2] develop an AR(1) in a state space
model to model strength dynamics. [17] utilises Bayesian dynamic models and allows the attack
and defence parameters to vary stochastically over time, attributing a normal distribution to
them. He estimates what he calls the “evolution” variance σ 2 by maximising the one-step
ahead predictive probability of the model within a football season in the Scottish Premier
League. This is the volatility parameter in the strength dynamics. A higher evolution variace
indicates a higher probability of observing a deviation from last period’s strength value. [11]
on the other hand model a stationary AR(1) process.
Our paper provides a methodology which allows flexibility in the autoregressive process
used to model the dynamics of strength parameters. Firstly it allows for an AR(p) process,
where p is determined after analysing the sample autocorrelation function (SACF) and partial
autocorrelation functions (PACF) of the autoregressive process. If the dynamics follow an AR(p)
where p 6= 1, omitting a variable would lead to a biased estimator of the AR(1) coefficient and
in turn, a biased prediction of the one-step ahead forecast for the parameter.
Additionally, our paper investigates the existence of trends in the autoregressive process.
By observing plots of team strengths over time in several papers (for example:[4], [10], [11]), we
can observe that the data generating process (DGP) does not exhibit the properties attributed
to a stationary process. Nevertheless, the approach to which nonstationary processes are modelled depends on whether a unit root is present in the autoregressive parameter. Essentially,
it becomes a question of whether the time series process is trend stationary (TS) or difference stationary (DS); a topic very much discussed in macroeconomic and financial time series
econometrics. However, this is the first time it is being implemented in a football forecasting
context.
As a result, the literature on unit root testing is quite extensive, and there are several issues
which must be considered before determining what test should be carried out. One of the issues
is structural breaks, where there is a breakdown in the statistical relationship between variables
in a model through a change in the parameter coefficient at some breakpoint t.
Traditional unit root tests such as the Augmented Dicky-Fuller (ADF) test [22], and the
PP test [20] have been criticised for having low power [3]. This means they tend to accept the
null hypothesis of unit root more frequently than they should, leading to an increase in type
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II error (accepting the null hypothesis when it is false). [23] presents Monte Carlo evidence of
size distortions, since by adding more parameters, the critical value on the 5% level increases
and it becomes harder to reject the null hypothesis of a unit root. For more details about these
problems and for test alternatives, refer to [12].

2.3

Unit Root Testing and Structural Breaks

[11] implement an innovative approach to address changes to the strength parameters through
augmenting the variance of the random shocks within the AR(1) process at specific time periods
- transfer windows. They argue that since the autoregressive coefficient is quite close to 1, the
shocks will be sufficiently persistent to model a change in strength of the team. This finding
is one of the main motivations behind this paper. Rather than capturing dynamics through an
enhanced volatility in the shock during the summer transfer window, structural breaks in the
parameter coefficients of an autoregressive equation is considered. This has an impact in unit
root testing. [18] says that if the time series has a structural break, traditional unit root tests
cannot reject the unit root null hypothesis. This is backed by other papers such as [9]. This
could become a problem if the time series has multiple breaks, which arguably the case in this
paper (there should be a break at the end of every season). A good survey of the literature is
made by [5], where several tests are carried out on the [16] macroeconomic dataset. However,
they provide no conclusion as to which is the most adequate unit root test when accounting for
structural breaks. [5] mention there are criticisms of [18] in that the break in trend is known a
priori.
[6] solve two important problems: how to estimate the break point when a break actually
occurs and how the break point estimator behaves when no break occurs. Even though the test
proposed only allows for a single break in trend, [1] allows for two or more. Any more than two
becomes quite problematic. Therefore, given the desirable finite sample properties of [6], this
paper intends to follow the methodology proposed by them to make sure that, if a break point
does exist, it can be estimated correctly. This test can then be used across the sample for a
single team several times.

3
3.1

Proposed Methodology
The Model

Match results are available from the www.football-data.co.uk website for the past 22 seasons
of the top 4 divisions in UK football, although for the purpose of this paper, only some seasons
from the Premiership will be used. This is directly available in the website for download as a
csv file.
This paper uses very similar notation found throughout the literature. The final score of a
football match between the home team i and away team j at time t is defined to be (Xit , Yjt ),
for i, j = 1, . . . , N teams and t = 1, . . . , T . Thus
P (Xit , Yjt ) = τ(λ,µ) (x, y)

λx exp(−λ) µy exp(−µ)
x!
y!

(1)

λ = αi βj γ

(2)

µ = αj βi

(3)
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The expected means of λ and µ at time t depend on the attack parameters αit and αjt , the
defence parameters βit and βjt of the home and away teams respectively as well as the home
advantage γ. The τ function, like in [4]

1 − λµρ if x = y = 0





if x = 0, y = 1

1 + λρ
[τ(λ,µ) (x, y) =

1 + µρ



1−ρ




1

if x = 1, y = 0 ]
if x = y = 1

(4)

otherwise

Since (Xit , Yjt ) follow a bivariate Poisson, the expected means must be non-negative, and
this applies for the covariance term as well. This is the case in league football, as [13], [4], and
[7] all find a positive correlation between goals.
In order to estimate these parameters, the constraint on the attack parameters is set
n

−1

n
X

αi = 1

(5)

i=1

The likelihood is downweighted in the same way as [4] in order to give more weight to recent
match results
Lt =

J
Y

[τ(λ,µ) (x, y)

i,t=1

λx exp(−λ) µy exp(−µ) ψ(t−tk )
]
x!
y!

(6)

where tk represents the match played at time tk < t, number of matches in the sample is
J = N2T , and the same downweighted exponential function
ψ(t) = exp(−ξt)

(7)

This would generally require estimation of the ξ parameter. In order to speed estimation it
makes sense to fix the parameter ξ = 0.0065, which is the estimate in [4], so a similar result is
expected.
By MLE, we can obtain estimates for αi and βi for all teams at time t. In vector form, this
can be denoted as α = (α1 , α2 , . . . , αN )0 .The same applies for β.
In order to construct a time series to study the dynamics of the strength parameters, a
rolling window is required. Then the different vectors can be stacked together in a matrix to
generate a panel dataset for αit and βit




α1,1 α1,2 · · · α1,T
β1,1 β1,2 · · · β1,T
 α2,1 α2,2 · · · α2,T 
 β2,1 β2,2 · · · β2,T 




Ai,t =  .
,
B
=

 ..
.
.
..
.. 
i,t
..
..
..
.. 
 ..
 .
.
.
.
. 
αN,1

αN,2

···

αN,T

βN,1

βN,2

···

βN,T

The next step requires building an autoregressive time series model for αit and βit in order
to carry out the appropriate unit root test.
A time series process for αt would be generated by
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(8)

ut = φT ut−1 + t , t = 2, . . . , T

(9)
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where DTt (τ0 ) = (t > [τ0 T ])(t − [τ0 T ]) with [τ0 T ] being the potential trend break point with
associated break fraction τ0 .
The details on how the test works is given in Sections 2, 3 and 4 of [6]. Suffice to say that
it is an extension of the QD de-trended ADF-type unit root test in [19].

3.2

Forecasting

After building the model and obtaining estimates, the next step involves analysing its forecasting power. Both in-sample and out-of-sample forecasting will be carried out and the percentage
of successful predictions for the outcomes (win-draw-loss) reported. Given the parameter estimates, we can easily obtain α̂it+1 and β̂it+1 to predict the outcome of match J + 1. Another
measure of forecasting would be to see if the model can produce positive returns by implementing a betting strategy, but that is beyond the scope of this paper.

4

Closing Remarks

This is a novel application of unit root testing outside of the field of macro and financial
econometrics. Motivated by findings in [11], unit root testing with a possible break in trend
is carried out. If a structural break exists, it will open up the research into why they exist,
whether they are deterministic in order to attempt to predict growth patterns in team strength
dynamics.
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Abstract
The ordinal methods are widely used to establish rankings in sports competitions because sporting results are on an ordinal scale. However, these methods assume that the
decision maker is highly rational and provide a full ranking. This paper analyses the case
in which the decision maker is weakly rational. In this case, the decision maker respects the
transitivity of preferences but not indifference. It also shows how to adapt the Condorcet
method to deal with this situation, using the results of the 2014 Formula 1 Constructors
World Championship.

1

Introduction

A tournament is composed of a set of various games, or rounds, the results of which are
aggregated to establish the final result of the competition, according to the description given
by Haigh [2]. In some cases there is a complete aggregation, in others, each result indicates the
next games to be held. In either of the two cases, if each game or round is interpreted as a
criterion, or a decision maker, the final result of the championship is a multi-criteria problem,
normally ordinal, and the decision-maker is considered to be strongly rational.
The aim of this research is to study a case in which we cannot assume the decision maker to
be strongly rational. We shall remember that the difference between a strongly rational decision
maker and a weakly rational one is that while both respect transitivity for the preference
relation, the weakly rational decision maker does not have the obligation of respecting the
property of transitivity in relation to indifference [3].
This article presents a variation of the Condorcet method with weakly rational decision
makers. One of the situations in which this occurs is when each alternative is evaluated not by
itself, but by some components called sub-alternatives. In order to illustrate this situation, a
comparison will be made of the teams which participated in the 2014 Formula 1 Constructors
World Championship.

2

The Condorcet Method

The Condorcet method requires each decision maker to rank all of the alternatives according to
their preferences. Then it must be checked which alternative out of each pair of alternatives is
preferred by the majority of the decision makers. In this case, we can say that this alternative is
preferable in relation to the other. Graphs can be drawn representing these preference relations,
in which the arc belongs to the graph if, and only if, the number of decision makers who preferred
u to v is greater or equal to those who preferred v to u.
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The representation of the preference relations by means of a graph greatly facilitates determining the dominant and dominated alternatives (when they exist). When only one dominant
alternative exists, that is the one chosen. The Condorcet method has the great disadvantage
of leading to situations of intransitivity, leading to the well-known Condorcet paradox. This
occurs when A is preferable to B, (A P B), B is preferable C (B P C) and C is preferable A
(C P A), a situation known as the Condorcet Triplet. This means that the Condorcet method
does not always lead to a pre-ranking in the set of alternatives. However, there are situations
in which cycles of intransitivity do not occur. In these situations, the Condorcet method can
be used without any problems.
When the alternatives present sub-alternatives, the evaluation is made through the components of the alternative. Thus, if a group of people is an alternative, the evaluation of the
alternative is performed by the evaluation of each of the individuals in the group, who together
form the sub-alternatives. The existence of relations of preference and indifference between
alternatives are formalized only considering, for simplicitys sake, the existence of two subalternatives for each alternative. Let A and B be two alternatives, each with sub-alternatives
A1 and A2 and B1 and B2, respectively, such that A1 P A2 and B1 P B2.
Definition 1: A P B, if and only if A1 P B1 and A2 P B2.
Definition 2: A I B, if and only if A1 I B1 and A2 I B2, or if A1 P B1 and B2 P A2, or if
B1 P A1 and A2 P B2; where I represents the indifference relation.
It is easy to see that the relation A P B is transitive. However, this does not occur in the
indifference relation. To illustrate this situation, there is the example with three alternatives
(A, B and C), with two sub-alternatives each. For a particular decision maker, the ranking
occurred as presented in Table 1.
Position Sub-alternative
1
A1
2
B1
3
B2
4
C1
5
C2
6
A2
Table 1: Ranking of the sub-alternatives.
In this table it can be seen that A1 P B1, and B2 P A2. By Definition 2 it must be that A I B.
Similarly comparing A and C we can see that A I C. However, B1 P C1 and B2 P C2, which
by Definition 1 indicates that B P C, in other words, ∼(B I C), which demonstrates that the
indifference was not transitive. This means that, considering the evaluation of the alternatives
by means of the sub-alternatives, the decision maker was weakly rational.
This is a situation which occurs in championships in which the ranking of the teams is based
on the ranking of the individuals who belong to those teams, as we will see in the next sections.

3

The Formula 1 World Championship

The Formula 1 Drivers World Championship determines that the champion driver of the season
is the driver who achieves the highest number of points at the end of all the seasons races.
The rank of the other drivers in the championship is determined by the total number of points
achieved. In the first championship the 3 worst results of the 7 races held would be discarded.
The scoring was as follows: 8 points for first place; 6 for second place; 4 for third; 3 for fourth;
190

Formula 1 Constructors Championship

Soares de Mello, Mourão, Meza and Junior

2 for fifth place and one point for the driver who registered the fastest lap in the race. The
scoring system over time can be seen in Haigh[2].
The first Constructors World Championship was won by the Vanwall team in 1958. In the
majority of the seasons until 1979, only the results of the best driver in the team counted towards
the scoring of the championship. In the following year, there was an alteration to the rule and
the points were obtained by the sum of the results of both drivers in each team, a change which
has lasted until today. Only on ten occasions has the world champion constructors team not
had one of their drivers win the title of world champion. Thus, as in the case of the drivers
championship, the winning team in the constructors championship is the team which obtains
the greatest number of points, adding together the number of points obtained by their two
drivers in each race of the championship. It should be noted that the sum of points can cause
similar distortions to those pointed out by Soares de Mello [4] for the drivers championship.
These distortions can be aggravated by the fact that, currently, a small team (STR-Renault)
is, in practice, a branch of one of the larger teams (Red Bull Racing-Renault). In order to
mitigate these distortions an adaptation of the Condorcet method for the team championship
will be shown.
It should be observed that, as each team (alternative) has two drivers (sub-alternatives),
this championship is characterized by the fact that each decision maker (race) can only be
weakly rational.

4

Analysis of the 2014 Championship

The aim of this study was to obtain a ranking for the constructors championship independent
of irrelevant alternatives. As each team has two drivers in each race, it is characterised as
an evaluation of alternatives with sub-alternatives and is therefore weakly rational. Thus, the
analysis by the Condorcet method proposed in this article has small differences in relation to
the original method.
To construct the Condorcet matrix, the alternatives are compared two by two to establish
the preferences of the decision maker. In order to evaluate the preference between the teams
which participate in the Formula 1 constructors championship, it is necessary to compare the
sub-alternatives of each of them, as each team participates in the championship with two
drivers. Table 2, presents the comparison between the Sauber-Ferrari and Williams-Renault
teams in the 2013 Formula 1 World Championship. In this table, the first column presents
each of the championship races. Columns 2 to 5 present the positions of each of the drivers
of these teams at the end of each of the races. For the purposes of the construction of the
matrix, when comparing two teams, it was considered that in the case of any driver abandoning
a race, the driver who completed most laps would have a better classification than a driver
who completed fewer laps. In addition, a driver who abandoned a race would outrank another
who did not classify for the starting grid, and this driver in turn was better than one who
did not participate in the practice days. It is worth pointing out that that FIA (Fédération
Internationale de l’Automobile) already uses the same criteria to present the results of each
race.
Basically, the best placed driver in the first team is compared with the best placed driver
in the second team, and the worst placed driver in the first team is compared with the worst
placed driver in the second team. It is considered to be a victory for one team over another
when the first is preferable over the other according to Definition 1. Similarly, the two teams
are considered tied when one is indifferent to the other according to Definition 2.
Using a practical example, Table 2 shows the results of the 2013 Malaysia Grand Prix. In
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this race Nico Hülkenberg of Sauber-Ferrari finished in eighth place, while the best WilliamsRenault driver (Valtteri Bottas) finished in 11th place. Esteban Gutierrez of Sauber-Ferrari
also finished ahead of Pastor Maldonado, the Williams-Renault driver. In this case, the first
team is preferred in relation to the second. It is important to remember that there is no predetermined first or second driver; this denomination is made according to the position in which
the driver finishes in each race separately.
In the 2013 Canada Grand Prix, the inverse occurred. This time the best placed driver
from the Sauber-Ferrari team was Esteban Gutierrez, who finished in 20th place, while Valtteri
Bottas of the Williams-Renault team finished in 14th place. Both Valtteri Bottas and Pastor
Maldonado finished in positions in front of the drivers from the Sauber-Ferrari team, therefore,
the Williams-Renault team is preferred.
A third situation occurred in the race in the 2013 British Grand Prix. Nico Hülkenberg,
the driver from the Sauber-Ferrari team, finished in front of the drivers from the WilliamsRenault team, however, Esteban Gutierrez, also from the Sauber-Ferrari team, finished behind
the drivers from the Williams-Renault team. In this case, no team is preferred, characterizing
a tie between the alternatives. It is worthwhile pointing out that there will always be a tie
between the alternatives when one driver from a team wins the race and the other driver does
not leave the grid, in relation to any other team in which the two drivers complete at least one
lap of the race: a team will be preferred in one sub-alternative but not preferred in the other.
Team
Driver
Race
Australia
Malaysia
China
Bahrain
Spain
Monaco
Canada
England
Germany
Hungary
Belgium
Italy
Singapore
Korea
Japan
India
Abu Dhabi
USA
Brazil
Total
Table 2:

Sauber-Ferrari
Nico
Esteban
Hülkenberg Gutierrez
22
13
8
12
10
22
12
18
15
11
11
13
21
20
10
14
10
14
11
21
13
14
5
13
9
12
4
11
6
7
19
15
14
13
6
13
8
12

Williams-Renault
Pastor
Valtteri
Maldonado Bottas
21
14
19
11
14
13
11
14
14
16
20
12
16
14
11
12
15
16
10
20
17
15
14
15
11
13
13
12
16
17
12
16
11
15
17
8
16
21

Winning Alternative
Sauber- WilliamsFerrari Renault

Tie
1

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

1
1
1
11
4
4
Comparison between the Sauber-Ferrari and Williams-Renault teams.

After comparing the sub-alternatives in all the races, the victories of each of the alternatives and the ties are added up. The alternative which has the greater total is the preferred
alternative. This same procedure was applied to the 2014 Formula 1 Constructors World Championship, the final adjacency matrix is shown in Table 3. The final rankings of all the races
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0
0
0
0
0
1

0
0
0
0
1

1
1
1
1
1
1
0
1
0
1

1
1
1
1
1
1
1
1
0
1

Lotus

Marussia

1
1
1
1
1

1
1
1
1
1
1
0
0
0
1

Red Bull

0
0
0
0
0
0
1

1
1
1
1

Sauber

Williams

Ferrari
1
0
0
0
0
0
0
1

1
0
0

Caterham

1
1
0
0
0
0
0
0
1

1
0

Toro Rosso

1
0
0
0
0
0
0
0
0
0
0

Force India

Mercedes
McLaren
Ferrari
Williams
Force India
Toro Rosso
Sauber
Marussia
Lotus
Caterham
Red Bull

McLaren

Mercedes

were obtained from the site http://www.f1.com.

1
1
1
1
1
1
1
1
1

1
0
0
0
0
0
0
0
0
0

1

Table 3: Adjacency Matrix of the Condorcet graph for the 2014 Constructors Championship.
In order to extract a ranking from the matrix one begins by performing a descending distillation [1]. In order to do this, one observes if there is any team which outranks all the others,
in other words, if there is any row on which the only zero is on the main diagonal. This team
is removed and the procedure is repeated.
The ranking obtained by the modified Condorcet method compared with the official ranking
is shown in Table 4.
Team
Mercedes
Red Bull
Williams
Ferrari
McLaren
Force India
Toro Rosso
Lotus
Sauber
Marussia
Caterham

Official
Ranking
1
2
3
4
5
6
7
8
10
9
11

Condorcet
Ranking
1
2
3
4
5
6
7
8
9
10
11

Difference
0
0
0
0
0
0
0
0
−1
1
0

Table 4 : Final results for 2014 (official and Condorcet)

5

Conclusions

In this article it has been shown that, due to the formal analogy between the Formula 1 World
Championship and a multi-decision maker selection process, there is no regulation which can
be considered fair.
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The comparison of the official result and that obtained by the Condorcet method shows
very similar results, with variations only between the Sauber and Marussia teams.
Using the results of the 2014 championship, it was possible to rank all the teams through
the Condorcet method, as there was no cycle of intransitivity among the alternatives. When
these intransitive cycles arise, the solution that it supplies is less sensitive to the irrelevant
alternatives than the official method.
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Abstract
There are 13 international team sports having official rating systems which can then be compared
match by match with subsequent world championship/world cup results to evaluate predictability and
thus competitive balance. Greater predictability implies less competitive balance. In recent consecutive
competitions, men changed predictability by +15% in rugby union, +8% in football, +7% in basketball,
+6% in rugby league, +3% and +6% in ice hockey, -3% in ODI cricket, -3% in curling and -3% in
volleyball. Women changed predictability by +3% in volleyball, -1% in curling, 0% and -3% in netball,
-9% and -0% in ice hockey and -13% in football. The predictability of women minus men was +8% in
volleyball, +3% in basketball, 0% in handball, 0% in rugby sevens, -2% in ice hockey, -4% in water polo,
-4% in field hockey and -7% in curling. Top male athletes appear drawn to (are more predictable for)
the major revenue-producing sports while the top female athletes appear drawn to indoor sports. The
top three rating systems in terms of predictability were the three self-adjustive systems which adjust
ratings by comparing the actual match result with the expected match outcome. The predictability
of David Kendix system was 89% in netball, 80% in ODI cricket and 76% in T20 cricket, an average
of 84%. The IRB system was 84% accurate in rugby union while the FIFA womens Elo system for
football was 82% accurate.

1

Introduction

The term competitive balance invokes both the abstract and the concrete. In the abstract,
competitive balance suggests that teams and individuals are reasonably equal in skill (each
competitor has a reasonable chance of winning). When applied to a professional sports league,
concrete economic considerations come into play. If the less skilled teams can win a few matches
and remain competitive through most of the matches lost, then supporters will continue to pay
for tickets and maintain team viability financially. If the top teams win most of their matches
but are challenged throughout match duration, then supporters of both teams will remain at the
venue, enhancing concession sales. TV viewers will continue to watch, so that advertisers and
sponsors will be rewarded for their support and the TV networks will receive fees to compensate
for the cost of transmission.
A normalized metric is needed to evaluate competitive balance and to evaluate various
strategies for increasing balance, making competition less predictable. For a given season of a
professional league of sports teams, the standard deviation of actual wins, SDW can be divided
by the ideal standard deviation SDI that would result if each team had a probability of 0.5 to
win each match. From the binomial distribution, SDI would be 0.5n1/2 if n games are played
by each team. The ratio is one if teams are of equal skill and more than one when the wins are
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more widely spread and the matches are more predictable, indicating less-than-ideal balance
[1, 2, 3, 4]. Various methods can be applied to try to make teams more balanced, hopefully
lowering that ratio, such as salary caps and a reverse drafting of new players [1, 2].
Over a span of seasons, the literature does not seem to have a standard of comparison. The
SD of the wins achieved by a team or teams over several seasons is suggested [2]; but there
is no obvious value for that statistic, implying balance. The Hirfindahl-Hirchman Index, HHI
is also used, the sum of the squares of the number of wins by each champion divided by the
number of years [2]. If each champion wins once, the ratio is 1. If some teams win more often,
the ratio is larger than one, implying lack of balance. That Index is normalized but does not
take into account what the other teams have done. We suggest that the correlation coefficient
of two vectors of wins lagged by one season would be a scaled statistic that ought to be used.
Values near zero imply balance and value near one imply predictability and lack of balance.
There is very little in the literature regarding competitive balance in international sports,
given the lack of an obvious standard of equality. The HHI could be used, given the obvious
flaw just noted. We suggest a simple standard to gauge competitive balance in international
team sports. When a sport has a recognized rating system, the fraction of matches won by the
higher ranked team in the next world championship provides a logically-scaled statistic A value
near 50% implies balance while a value nearer to 100% implies predictability. A typical world
championship has a group phase wherein a collection of teams plays a round-robin where ties
may happen followed by a knockout phase where ties are not allowed. To use a common scale
for all sports, only matches resulting in a win are tabulated. Four studies will be covered in
this paper.
• Changes in the predictability of men and women are calculated for sports where more than
one competition can be evaluated. See Section 3.
• The relative predictability of men and women are calculated for sports where the same
rating system if used for men and women. See Section 3.
• The relative predictability of the group phase is compared to that of the knockout phase
for each sport. See Section 4.
• The relative predictability of the rating systems are compared. See Section 5.

2

Sports, Data Base and Rating Systems

[6] contains a comprehensive survey of 159 recognized international sports, 99 of which were
governed by federations publishing official rating systems (we now have identified 105 such
systems). The interest here is for true team sports requiring cooperative behavior, such as
football, basketball and rugby. There are 18 officially recognized team sports having official
rating systems, five of which lack a world championship. The remaining 13 sports are the
focus of this study. Nine sports involve both men and women: basketball, curling, field hockey,
football (which has two different rating systems), handball, ice hockey, rugby sevens, volleyball
and water polo. Three sports are for men only: cricket (ODI and T20), rugby league and rugby
union. One sport is for women only: netball.
A rating is a numerical value given to a team. A ranking is the ordinal position based
on the rating. There are three types of rating systems, subjective (not involved here), point
accumulation (simply called Accumulative) and self adjustive (simply called Adjustive). An
Accumulative system creates a non-decreasing running sum (an accumulation) of points over
some window, using non decreasing fI .
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Rating = fI (result points, importance, ageing)
The result points depend mostly on order of finish in a competition and not on opponent or
score.
In contrast, the ratings for an Adjustive system increase, decrease or remain the same
depending on the difference between the actual result of a match and an expected result,
based on rating difference and possibly home advantage. An Adjustive system depends on
more information than does an Accumulative system. The value of K below depends on the
importance of the match.
New Rating = Old Rating + K[Actual − Expected]
The data base includes archived and contemporarily-gathered data for 22 competitions involving
1261 games for the 12 mens sports and for 17 competitions involving 822 games for the 10
womens sports. That is twice as much data for men and three times as much for women than
[7]. Nine rating systems are Accumulative and four are Adjustive. Thus, there are 13 sports
and 13 rating systems, but not on a one-to-one basis. Football has two different Adjustive
systems while one adjustive system is used for both netball and cricket.

3

Changes in the Predictability of Men and Women

Table 1 (for men) and Table 2 (for women) show changes in predictability where more than one
competition was evaluated.
Sport
Rugby Union
Football
Basketball
Rugby League
Ice Hockey

1st Year 2nd Year 1st Year % 2nd Year % % Change
2007
2011
77
92
+ 15
2010
2014
72
80
+8
2010
2014
69
76
+7
2008
2013
72
78
+6
2010
2011
68
71
+3
2011
2014
71
77
+6
ODI Cricket
ICC
2007
2011
81
78
−3
Curling
WCF
2011
2012
70
67
−3
Volleyball
FIVB
2010
2014
70
67
−3
Table 1: Percent Changes in Predictability for Men (Ties are not Counted)
Sport
Volleyball
Curling
Netball

Federation
IRB
FIFA
FIBA
RLIF
IIHF

Federation
FIVB
WCF
IFNA

1st Year 2nd Year 1st Year % 2nd Year % % Change
2010
2014
75
78
+3
2012
2014
62
61
−1
2010
2011
90
90
0
2011
2014
990
87
−3
Ice Hockey
IIHF
2011
2012
76
67
−9
2012
2013
67
67
0
Football
FIFA
2007
2011
89
76
− 13
Table 2: Percent Changes in Predictability for Women (Ties are not Counted)
Generally, men become more predictable, rising 15% in rugby union to a remarkable 92%.
Men increased in rugby union, football, basketball, rugby league and ice hockey, all highly paying sports with significant TV exposure. Women generally decreased in predictability. They
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increased only in volleyball. They had a modest decrease in curling (a sport with low predictability) and a modest decrease in netball (a sport that had 90% to 87% predictability).
Women had a significant decrease in football by 13%, an encouraging figure, indicating much
more competitive balance.

Sport
Federation Years (M)
Years (W)
P(M) (%)
Volleyball
FIVB
2010, 14
2010, 14
69
FIBA
2010, 14
2014
72
Basketball
Handball
IHF
2015
2013
73
Rugby Sevens
IRB
2013
2013
80
Ice Hockey
IIHF
2010, 11, 14 2011, 12, 13
72
Water Polo
FINA
2014
2014
83
FIH
2014
2014
79
Field Hockey
Curling
WCF
2011, 12
2012, 14
69

P(W) %
77
75
73
80
70
79
75
62

P(W)−P(M)
+8
+3
0
0
−2
−4
−4
−7

Table 3: Percent Predictability of Women Minus Men (Ties Not Included, P = Percent Correct)
Table 3 compares men and women in the eight sports contested by both genders and having a
common rating system. For Table 3, women were more predictable than men for volleyball and
basketball and were even in handball. If we include netball as a predictable sport for women
(although not contested by men) women of the top nations appear to be most successful in
indoor sports requiring a high degree of team interaction with social crowd interaction. Those
characteristics are apparently attractive to top female athletes. Women were equally predictable
with men in rugby sevens and somewhat less predictable in the other four sports.

4

Relative Predictability of the Group and Knockout
Phases

Football appears twice due to two rating different systems. We would expect the knockout
phase to be less predictable than the group phase in that the remaining teams ought to be
more balanced in skill, having eliminated the underperforming teams. While that is generally
true, the notable counter examples provide insight into the strategy employed by top nations
in some sports.
As expected, the group phase in handball (by 35%) and in ice hockey (by 21%) are more
predictable. Five sports were 10-16% more predictable in the group phase while three sports
were between 8-9% more predictable. The situations for water polo, football and rugby league
are remarkable. Water polo teams were only 4% less predictable in the knockout phase. For
football, men were 11% more predictable in the knockout phase while women were as predictable. Rugby league teams were 11% more predictable in the knockout phase. It appears
that the better teams know they are good enough to advance; hence, they play only well enough
to do so in the group phase. They may eschew winning for tying or even losing tactically.
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Sport
Games (Comp) Overall Group Knockout G−K
Handball
165(2)
73%
84%
49%
35%
Ice Hockey
239(6)
72%
76%
55%
21%
124(3)
89%
94%
78%
16%
Netball
Rugby Sevens 98(2)
80%
85%
72%
13%
76(2)
77%
80%
69%
11%
Field Hockey
Cricket
130(3)
79%
80%
69%
11%
386(4)
73%
74%
64%
10%
Volleyball
Rugby Union
96(2)
84%
84%
75%
9%
Basketball
196(3)
73%
75%
67%
8%
Curling
287(4)
65%
66%
58%
8%
Water Polo
48(2)
81%
83%
79%
4%
64(2)
82%
82%
82%
0%
Football (W)
Football (M)
128(2)
76%
73%
84%
−11%
76%
72%
85%
−13%
Rugby League 46(2)
Table 4: Percent Predictability of the Group Phase versus the Knockout Phase

5

Comparison of the Rating Systems
Sport
Netball
Cricket (ODI)
Cricket (T20)
Kendix (Total)

Games (WCs)
124(3)
96(2)
34(1)
254(6)

Rugby Union
Football (W)
Water Polo
Rugby Sevens
Field Hockey
Football (M)

96(2)
64(2)
48(2)
98(2)
76(2)
128(2)

System (Years)
Adj
Adj
Adj

Predictability
89%
80%
76%
84%

Adj
84%
Adj
82%
Acc(4)
81%
Acc(1) [Current yr]
80%
Acc(4)
77%
Adj Points Avg (4)
76%
[Includes opponent]
Rugby League
46(2)
Acc(5)
76%
[Includes opponent]
Handball
165(2)
Acc(4)
73%
Basketball
196(3)
Acc(8)
73%
Volleyball
386(4)
Acc(4)
73%
Ice Hockey
239(6)
Acc(4)
72%
Curling
287(4)
Acc(6)
65%
Table 5: Relative Accuracy of the 13 Rating Systems
In Table 5 for the 13 rating systems, as for rating systems in sports in general, predictability
depends on the information content of each system and on the competitive balance of the sport.
The table is divided into three parts: the bottom five systems, the next higher five and top
three. The bottom five systems are accumulative, covering 4-8 years and are for sports contested
indoors. The curling system is the least predictive. The other four systems are within one
percent.
Four of the five sports in the middle panel are contested outdoors. The mens football system
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and the rugby league system employ points based on the ranking of the opponent. The football
points average system would create the same rank as for point accumulation if teams play about
the same number of games [5]. The rugby sevens system employs points gained only for the
season leading up to the world cup. Those three systems use more and better information than
the bottom five and are more accurate. The field hockey and water polo accumulative systems
are likely more predictive then the bottom five due to less competitive balance.
The bottom 10 systems are accumulative or effectively accumulative. The top three systems
are adjustive, following Equation (2). These three are summarized in Table 6, David Kendix
developed the system used by both netball and cricket. The top three systems are equal best
in this survey. All three include importance. Two systems use home advantage and score. Two
systems find the expected probability to win based on a linear measure of rating difference
while one uses the Elo exponential equation. The netball and cricket federations chose not to
include home advantage and score.
Sport (Feder.)
Cricket (ICC)
Netball (IFNA)
(David Kendix)

Actual (1-0 scale)
(1, .5, 0) for (W, T, L)

Expected (1-0 scale)
.5 + .5 (d/50)
(limited .1 to.9)

K
50/n
Importance

Also

Rugby (IRB)

(1, .5, 0) for (W, T, L)

.5 + .5 (d/10)
(limited .1 to
.9)
√
1/(1 + 10−d/[ 2σd ] ))

Importance
Score Diff
Importance

Home Adv.

Football
(FIFA, W)
Elo System

1-0 based on goals
scored ad hoc table

Home Adv.

Table 6: Details of the Three Best Systems, all Adjustive

6

Conclusions

In recent consecutive competitions, men increased predictability (especially in rugby union)
while women became less predicable (especially in football) exhibiting more competitive balance.
Top male athletes appear drawn to (are more predictable for) the major revenue-producing
sports while the top female athletes appear drawn to indoor sports. In world group phases, the
top-rated nations appear to be playing strategically in water polo, football and rugby league,
accepting ties and even losses to advance. The top three rating systems in terms of predictability
were the three self-adjustive systems which adjust ratings by comparing the actual match result
with the expected match outcome. These top three were David Kendix system (used in netball,
ODI cricket and T20 cricket), the IRB system in rugby union and the FIFA womens Elo system
used in football.
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Abstract
In this paper, we investigate how accurately the final league tables of domestic football leagues can
be predicted, both before the start of the season and during the course of the season. To this end, we
perform an extensive empirical evaluation that compares two flavors of the well-established Elo-ratings
and the recently introduced pi-ratings. We validate the different approaches using a large volume of
historical match results from several European football leagues. We assess how well each ranking system
performs on this task, investigate what is the most natural metric to measure the quality of a predicted
final league table, and the minimum number of matches that needs to be played in order to yield useful
predictions. We find that the proportion of correctly predicted relative positions is a natural metric
to assess the quality of the predicted final league tables and that the traditional Elo-rating system
performs well in most settings we considered.

1

Introduction

The prediction of football matches has received significant attention over the past few decades.
Predicting the outcomes of individual football matches is a very challenging task due to the
low number of goals scored [1]. Despite this fact, the ever-growing interest in football betting
makes this an active area of research. Initially, the focus was on purely statistical models
(e.g., [3, 6, 7, 8, 9]) but in recent years it has somewhat shifted to predictive ranking systems
(e.g., [2, 5]). In contrast to the large body of work in the area of predicting individual match
outcomes, the related task of predicting final league tables has remained almost unexplored to
date. However, the latter task is of much more interest to managers and directors who want to
develop a successful long-term vision for their clubs.
In this paper, we investigate how accurately the final league tables of domestic football
leagues can be predicted, both before the start of the season and during the course of the season.
We focus our study on different flavors of two popular predictive ranking systems, namely the
recently introduced pi-ratings [2] and the well-established Elo-ratings [5]. We validate the
different systems on a large volume of historical match results covering over twenty seasons
of the most important European football leagues. Besides assessing how well each predictive
system performs on this task, we also investigate what is the most natural metric to measure
the quality of a predicted final league table, and the minimum number of matches that needs
to be played in order to yield useful predictions.
An experimental evaluation on four seasons in seven different leagues shows that the proportion of correctly predicted relative positions and the mean squared error in terms of positions
are natural metrics to assess the quality of the predicted final league tables. Furthermore, the
evaluation shows that the traditional Elo-rating system performs well in most settings. The
pi-rating model performs reasonably well in many settings but excels when only match results
from previous seasons are available.
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Predictive Models

We consider multiple variants of both the widely used Elo-ratings [4, 5] and the more recent
pi-ratings [2]. While these ranking systems are very similar in spirit, they differ in several
important aspects. We now discuss the specifics of both ranking systems.

2.1

Elo Ratings

The Elo system uses a single number or rating to represent the strength of a team at a particular
point in time. This rating increases or decreases based on the outcomes of matches. After each
match, rating points are transferred from the losing team to the winning team. The number
of transferred rating points depends on the difference between the ratings of the teams prior
to the match. More rating points are transferred when a low-ranked team wins against a highranked team than when a high-ranked team beats a low-ranked team. Hence, the Elo system
is self-correcting in the sense that underrated teams will gain rating points until their rating
reflects their true strength, while overrated teams will lose rating points.
More formally, the rating of a team is computed as follows after each match:
Rnew = Rcur + I × G × (Ract − Rexp )

(1)

In this equation, Rcur and Rnew denote the rating of a team before and after a match, respectively. The parameter I is a positive number that denotes the importance of the match, and
higher numbers correspond to more important matches. The parameter G is a positive number
that denotes the importance of the goal difference and a bigger goal difference corresponds to
an higher number. This parameter is typically defined as a function of the goal difference:


if GD ≤ 1
1
(2)
G = 1.5
if GD = 2

 (GD+11)
if GD ≥ 3
8

The parameters Ract and Rexp represent the actual and expected outcome of the match,
respectively. The parameter Ract takes one of three possible values: 1 for a win, 0.5 for a draw,
and 0 for a loss. The parameter Rexp takes a value between 0 and 1 and is computed as follows:
1

Rexp =
1 + 10

Raway −Rhome
400



(3)

In this equation, Rhome and Raway denote the ratings of the home and away team.

2.2

Probabilistic Intelligence Ratings

The Probabilistic Intelligence system uses two numbers or pi-ratings to represent the strength
of a team at a particular point in time. These numbers represent the expected goal difference
against an average opponent in a league both at home and on the road. Similar to the Elo
system, the ratings increase or decrease based on the outcomes of matches. After each match,
the ratings of the teams involved are adjusted based on the goal difference. The key idea
is that the system updates the ratings to reduce the discrepancy between the predicted and
observed goal differences. The convergence speed depends on two learning rates, which denote
how important recent results are for assessing the current ability of a team.
More formally, the ratings of a team are computed as follows after each match:
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Rα,H = Cα,H + ψH (e) × λ

(4)

Rα,A = Cα,A + (Rα,H − Cα,H ) × γ

(5)

Rβ,A = Cβ,A + ψA (e) × λ

(6)

Rβ,H = Cβ,H + (Rβ,A − Cβ,A ) × γ

(7)

In these equations, Cα,H and Cα,A are the current home and away ratings for team α, Cβ,H
and Cβ,A are the current home and away ratings for team β. Rα,H , Rα,A , Rβ,H , and Rβ,A are
the respective revised ratings. Furthermore, λ and γ are learning rates, and ψ(e) is a function of
the difference between the observed and predicted goal difference, which is computed as follows:
ψ(e) = 3 × log10 (1 + e)

(8)

Due to space limitations, we refer to [2] for the technical details and a concrete example.

3

Experimental Evaluation

This section presents the experimental evaluation. We first present the dataset, the methodology and the predictive models before discussing the experimental results.

3.1

Dataset

In our experimental evaluation, we use a large dataset of historical football match results.1
The dataset contains match results for eleven European football leagues including the English,
German, Spanish, Italian and French top divisions. The dataset dates back to the 1993/1994
season for most leagues and contains nearly 150,000 match results. Due to space limitations,
we restrict the evaluation to the four seasons from 2010 through 2014 and the following seven
leagues: Belgium, England, France, Germany, Italy, The Netherlands, and Spain.

3.2

Methodology

To evaluate each of the models, we split the match results for each league in two sets: a training
set and a test set. We use the training set to learn the parameters of the model and the test
set to assess the performance of the model. We predict the outcomes of the matches in the test
set in an iterative way. We use the model learned on the training set to predict the outcomes
of the matches on the first match day. We then update the parameters of the model using
the expected outcomes and predict the outcomes of the matches on the second match day. We
repeat this procedure until all matches have been predicted.
To account for the fact that performances tend to vary throughout a season, we employ
a probabilistic approach to predict match outcomes. For the Elo-rating models, we predict a
match outcome by first computing the probability distribution over the possible outcomes and
then sampling an outcome from this distribution. For the pi-rating model, we sample a match

1 http://www.football-data.co.uk/data.php
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outcome from a normal distribution whose mean is the expected outcome. We repeat each
experiment 10,000 times and report the average results across all runs.
In each league, we predict the outcomes for the 2013/2014 season and use the match results
from the earlier seasons to learn the parameters of the models.

3.3

Models

We compare the following four models in our experimental evaluation:
• Random model (RM): This model predicts a random outcome for each match.

• Elo-rating model (EM): This is a traditional implementation of the Elo-rating system
(see Section 2.1), which represents each team by a single rating. We account for the homefield advantage by increasing the rating of the home team with an empirically determined
number of rating points.
• Split Elo-rating model (SEM): This is a modified implementation of the Elo-rating
system, which represents each team by two ratings. The first rating represents the strength
at home, while the second rating represents the strength on the road.
• Pi-rating model (PM): This is a traditional implementation of the pi-rating system
(see Section 2.2), which represents each team by two ratings.
We have not rigorously tuned the parameters. For each model, we used reasonable parameter
values that work well on our large volume of training matches.

3.4

Results

In our evaluation, we investigate what is the most natural metric to assess a predicted league
table (Q1), how well each model performs on predicting the final league table (Q2), and what
proportion of the matches needs to be played in order to yield useful predictions (Q3).
Q1: What is the most natural metric to assess a predicted league table?
We investigated the following four metrics to assess the models:
• Proportion of correct absolute positions: This is the ratio between the number of
correctly predicted absolute positions and the total number of positions in the league table.
• Proportion of correct relative positions: This is the ratio between the number of
correctly predicted relative positions and the total number of relative positions in the
league table. This metric compares the relative positions between any two teams.
• Mean squared error in terms of positions: This is the mean squared error between
the actual positions and the predicted positions for each team.
• Mean squared error in terms of points: This is the mean squared error between the
actual number of points and the predicted number of points for each team.
We found that the proportion of correctly predicted relative positions and the mean squared
error in terms of positions are the two most natural metrics to assess a predicted league table.
Predicting the absolute position for a team is hard because it depends on the positions of all
other teams in the league. Furthermore, both the Elo-rating models and the Pi-rating model
have difficulties to predict draws, which often leads to an higher variance on the predicted
number of points than on the actual number of points for each team.
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Figure 1: Learning curves for the proportion of correctly predicted relative positions and the
mean squared error in terms of positions, where we vary the size of the training set.
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Figure 2: Learning curves for the proportion of correctly predicted relative positions and the
mean squared error in terms of positions, where we vary the amount of played matches.
Q2: How well does each model perform on predicting the final league table?
Figure 1 shows learning curves for the proportion of correctly predicted relative positions and
the mean squared error in terms of positions, where we vary the size of the training set from one
season to three seasons. For the former metric, the PM performs best in 18 of the 21 settings
and the SEM in the remaining three settings. For the latter metric, the EM performs best in
17 of the 21 settings, the PM in three settings, and the SEM in one setting.
Q3: What proportion of the matches needs to be played to yield useful predictions?
Figure 2 shows learning curves for the proportion of correctly predicted relative positions and
the mean squared error in terms of positions, where we vary the number of matches played in the
final season. For example, 25% means that the model is trained on the results for the 2012/2013
season as well as the results for the first quarter of the 2013/2014 season. Unsurprisingly, the
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predicted final league tables become more accurate as more matches have been played. For the
former metric, the EM performs best in 15 of the 21 settings and both the SEM and PM in
three settings. For the latter metric, the EM performs best in 18 of the 21 settings and the
SEM in the remaining three settings.

4

Conclusions

This paper investigates whether popular predictive rankings are capable of accurately predicting the final league tables in football leagues. The experimental evaluation shows that the
proportion of correctly predicted relative positions and the mean squared error in terms of
positions are the most natural metrics to assess predicted league tables. Furthermore, the evaluation shows that the traditional Elo-rating system performs particularly well in most settings
we considered. While the Pi-rating model performs reasonably well in many settings as well, it
excels when only match results from previous seasons are available.
The suggested directions for future research include devising more sophisticated metrics to
assess the predicted final league tables (e.g., assigning weights to positions such that positions
qualifying for European football become more important) and comparing to more advanced
predictive ranking systems (e.g., systems that also consider performance data).
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Abstract
Technology has revolutionised tennis, especially the Hawk-Eye system which is now
an integral part of professional tennis tournaments with the line-call challenge system.
While such technologies are highly accurate, they are also equipment-intensive, costly
and require substantial expertise to install on a court. Our aim is to investigate the
feasibility of constructing a low-cost alternative from commodity hardware components
and to investigate what compromise can be achieved between cost, accuracy and speed.
The system that we implement is composed of four high frame rate, high definition grey
scale cameras and a GPU-enabled desktop computer - a highly portable system that can
be installed on court in minutes. The current system provides accurate spatio-temporal
information about the players, the ball and their position relative to the court lines, and
is able to replicate results in a 3D virtual environment.

1

Introduction

The integration of technology in sports has represented a new era in how matches are broadcast; the data that is collected from them and therefore the analysis that can be achieved. The
state-of-the-art technology involved in officiating and collecting data in sports is the Hawk-Eye
system [5]. Hawk-Eye is used in many sports and has become an integral part in professional
tennis matches by the introduction of new rules regulating the line-call challenges. This system
is extremely accurate but also highly sophisticated, comprising between 8 to 10 high speed cameras (more than 1000fps) and an extremely powerful computer. The fact that this technology is
equipment-intensive, costly and requires expertise to install on a court restricts its availability
to high profile venues of major tournaments. Alternatives exist but are similarly costly and
equipment-intensive. Our aim is to develop a low-cost alternative from commodity hardware
components able to replicate the events that occur on the court in a 3D virtual environment in
real-time. Therefore, the specific hardware components have been selected based on our careful
examination about the compromise that can be achieved between cost, accuracy and speed.
The system that we propose is composed of four high frame rate, high definition greyscale
cameras and a GPU-enabled desktop computer.

2
2.1

System Architecture
Hardware

The principal constraints when choosing the hardware equipment for this project are cost
minimisation and portability. The system configuration is shown in Figure 1 and is described
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in detail in this section. A clear image of the ball from at least two cameras is required at
all times so that its 3D position can be inferred. To guarantee this, it was decided that the
minimum number of cameras required is four, one at each corner of the court. The camera
model chosen is the Basler Ace acA 1300-60gm, these are high resolution (1280 x 1024 pixels)
and high frame rate (60 fps) monochrome cameras, therefore minimising motion blur. We
have complemented them with low distortion Kowa LMVZ4411 lenses, which have dimensions
matching the area to be captured (the standard tennis court dimensions). The cameras are
connected to a four-port Gigabit Ethernet card through Gigabit Ethernet cables that have a
dual function: deliver the camera capture at high speed to the computer and provide Power
over Ethernet to the cameras, reducing cabling requirements. The computer used for processing
is an HP Z620 Desktop Workstation with a fast 400GB PCI-E SSD and a GTX 980 nVidia
graphics card. The system is unobtrusive and highly portable.

Figure 1: Configuration of the Detection System Hardware

2.2

Software

The software architecture is composed of three main layers as shown in Figure 2:
1. Frame capture: The Pylon Camera Software Suite was used to interface with the cameras
and set properties such as exposure. An external 60 Hz signal generator was built to
produce synchronized frame capture signals for the four cameras.
2. Frame processing: The computer vision part of the project is implemented in C++ using
the OpenCV library [1]. It is organized as a multithreaded application in which player
and ball are detected independently in each frame before the information is combined to
obtain a 3D position.
3. Display: The data obtained from the frame processing module is fed into the data display
module. This presents a 3D virtual environment in which the player and ball position
are presented. It is a user-friendly display designed in UNITY, facilitating cross-platform
portability.

3
3.1

Detection and tracking
Player Detection

The player detection process comprises two main tasks: background reconstruction and player
detection itself. Figure 3 shows the intermediate images in detecting the player. For the
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Figure 2: Software design

background reconstruction, the frame is divided in blocks. A block is incorporated to the
background if the percentage of pixels that do not change over two frames is above a certain
threshold. Blocks that do not satisfy this condition are discarded. After applying this process
to a few frames, a complete background image is obtained for each of the cameras. Once this
is complete, player detection can take place by selecting the foreground pixels within a region
of interest (ROI), corresponding to the area in which the player can be located. For the frames
in which the prior player position is unknown, the ROI for each player corresponds to their
half court; detection is performed on these two areas separately. For the frames in which the
prior positions are known, detection is performed only in areas within a given distance d of
the player, d is defined according to the scale of the image and maximum speed of a player’s
movement. Once the collection of foreground pixels within the appropriate ROI is obtained,
the center of mass is calculated using the moments of the shape and this is stored as the player
position.

3.2

Ball Detection

The detection of the ball in a given frame n starts with the isolation of the pixels representing
motion. These are stored in a matrix that will be referenced here as a motion matrix. The
motion matrix is filled by computing the absolute pixel intensity difference between frames n−1
and frame n (backward difference). This is further refined by identifying bright points from the
absolute difference of frames n + 1 and n − 1 (central difference) and setting these pixels to zero
in the backward difference, thus eliminating the ball ghost from frame n − 1. Next, contours of
ball candidates are detected on the motion matrix using the OpenCV implementation [4]. To
select the best candidate, a score is assigned to each potential ball according to its semblance
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(a) Frame
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Figure 3: Player detection at the first iteration (a to d) and at a later stage (e to h)

to an ellipse [3]. Sequences of ball candidates which form possible trajectories are identified
based on the method described in [2]. From these trajectory candidates, good trajectories are
then selected using the following criteria: a quadratic fit of the points must have a negative
first coefficient, the trajectory must comprise a large number of ball candidates (at least 8),
and its ball candidates must fit an ellipse well on average. These good trajectories are then
used to compute a best guess of the ball position in each frame. Ball detection is performed in
parallel for the four cameras and the results are integrated by the next module to obtain the
3D position of the tennis ball.

3.3

3D Ball Position

Finding the 3D coordinates of a point, given its known position in images taken from two
different views is a process known as triangulation. As shown in Figure 4, a given point y in
a 2D image corresponds to a line Ry in 3D space. The 3D coordinates of that point are given
by the intersection of the lines (Ry and Ry0 in Figure 4) corresponding to the two 2D points
(y and y0) in the images taken from different cameras. However, noise in 2D coordinates (if we
detect x and x0 instead of y and y0) generally means these lines (Rx and Rx0 ) do not intersect.
Finding the 3D coordinate thus becomes a challenging problem for which different techniques
can be applied. We have employed the mid-point method, in which the 3D point a is the value
that minimizes the equation:
d(Rx , a)2 + d(Rx0 , a)2 with d(R, a) the euclidean distance between R and a

4

Results

As described, the ball and player are detected in each camera independently before the 3D
coordinates are obtained via triangulation. Visual inspection of the 2D detection of the player
and ball showed good accuracy across a large number of videos. Figure 5 shows the detailed
analysis of the 2D results comparing our data to the ground truth for circa 5000 frames.
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(a) Player detection results

(b) Ball detection results

Figure 5: Analysis of the results for the player and ball detection in 2D

4.1

Player Detection

The player detection results in a 2D coordinate that represents the estimated center of mass of
the player. The ground truth player data is stored as a rectangle surrounding the player. Note
that each camera detects only the closest player, therefore there is a two to one camera to player
ratio. The detected center of mass was within the ground truth bounding box for 100% of the
analyzed frames. Figure 5a shows a fine grained analysis for each camera, depicting a curve
representing the cumulative percentage of frames with a center-to-center error smaller than the
x coordinate. This error represents the euclidean distance between the center of the ground
truth bounding box and the detected center of mass difference. This distance is then represented
as the percentage of the bounding box dimension to reflect that a given error distance of x pixels
represents a larger error if the bounding box of the player is smaller. In general, errors are of
the order of 15 pixels. This is a good result since the center of the bounding box does not
correspond exactly to the center of mass of the player for many positions.

4.2

Ball Detection

The ball detection also produces a 2D coordinate, however the ball itself has a diameter of
up to 10 pixels depending on the proximity to the camera. The objective is to determine the
ball’s center. Figure 5b shows the error in ball detection as the euclidean distance between the
detected point and the ground truth for every frame in which a ball candidate was obtained. The
ground truth data was obtained by manually annotating the same sequence of videos. Every
curve in Figure 5b represents frames captured by a different camera, and it can be observed
the error is less than 5 pixels for more than 75% of the frames.
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(a) 3D Player detection results

(b) 3D Ball detection results

Figure 6: Analysis of the results for the player and ball detection in 3D

4.3

3D data

The results for the 2D can be accurately analyzed because ground truth data exists. However
this is not the case for 3D data. As a first step, the 3D results have been visually inspected
ensuring that the representation of the data in the 3D environment and the videos are consistent.
Then we have also compared the ball 3D location obtained from the 2D ground-truth data to our
3D ball location estimates. It is important to note that the 3D data is produced for every single
frame, while 2D data isn’t. In fact, 3D data integrates data from all cameras and estimates the
values for frames in which the ball was not detected. The same analysis was run for the player
3D location. Figure 6b shows the accuracy of our 3D results.

4.4

Running time analysis

The running time of the algorithm is 59.404 ± 0.595 fps, this is almost three times faster than
when the code is run without using parallel threads (20.328 ± 0.083 fps) and does not include
the I/O time since we run the experiments after buffering the frames.

5

Conclusion

We have designed a system able to collect 3D spatio-temporal data from a tennis match in realtime from commodity hardware. It is a low-cost alternative that has proven accurate results. In
addition to this, its design is modular, with the capability of incorporating improvements both
in terms of speed and accuracy. From the previously described results it would be interesting
to investigate other triangulation methods and further increase the accuracy of the system.
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Abstract
In the contribution the time to the first goal in a football (soccer) match is analyzed, in
the framework of competing risks scheme. Potential random times to the first goals scored
by both teams are modelled by exponential distributions with parameters depending on
attack and defence strengths of teams. Mutual dependence of these two times is described
with the aid of a conveniently chosen copula ensuring the model identifiability. As a real
example the data from the 2014 World Championship are analyzed. It is shown that the
correlation is, as a rule, negative, and is absolutely larger in more competitive matches.
Possible extensions of the approach are discussed, too.

1

Introduction

A basic probability model for final score of a football (soccer) match, presented for instance
already in [3], consist of two conditionally independent Poisson random variables. It means that
they are dependent just through shared parameters or covariates. More flexible models are obtained by generalizations, for instance the distribution of number of scored goals can be inflated
to cover certain more frequent results. Another generalization can consist in considering a time
development of model parameters as well as covariates during the match (see for instance [6]),
in such a way a model based on counting process scheme is obtained. The present contribution
concerns yet another direction of basic model improvement, namely to models considering an
explicit form of dependence of both teams scoring distributions. Thus, in [2] a special case of
bivariate Poisson distribution was employed. In the same context, McHale and Scarf [4] have
described the dependence with the aid of a copula model. Interesting is the comparison of
conclusions of both approaches. While the correlation in the former model is non-negative (by
definition), the latter concludes that the correlation is negative and is absolutely larger in more
competitive matches. It has to be also said that the use of copula in the discrete distribution
models is not easy technically (and then computationally), because marginal distribution functions are as a rule expressed by sums of point probabilities, not having a reasonably closed
form.
In the present contribution we analyze continuous distribution of time to the first scored
goal in a match. Consequently, we deal with the scheme of competing risks. On the one hand
the use of copula for two-dimensional continuous distribution can lead to a ’nice’ closed form of
the model, on the other hand it is well known that in the competing risks setting the model may
be non-identifiable. A proof and an example of this phenomenon is given in [5], some instances
of identifiable (or not) models are treated in [1] – in these classical studies the notion of copula
has not been used yet. Therefore we are facing the problem of reasonable copula selection.
Fortunately, it is known (cf. [7]), that the selection of copula type is not so crucial, that the
finding proper value of its parameter (connected with correlation) is much more important.
Potential times to the first goal scored by each team are modelled by exponential distribution
following from the basic Poisson model proposed in [3]. The parameters again consist of attack
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and defence parameters of both teams. Further, for joint survival function we use a copula
derived from Tsiatis’ [5] example, its form is convenient for work with exponential distribution.
Such a combination of marginal and simultaneous distributions has already been analyzed in
[1] and proved to be identifiable. From this fact the consistency of estimates follows.
The outline of the paper is the following: The next section recalls the scheme of competing
risks and the problem of possible non-identifiability. Then the copula model and corresponding
likelihood is formulated. Section 4 then contains a real example, namely the analysis of data
from the 2014 Football World Championship (in Brazil). The results are quite comparable with
conclusions in [4], namely that estimated correlation is, as a rule, negative, and is absolutely
large in more competitive matches, i.e. the matches of teams with good defence and comparable
attack abilities.

2

Competing Risks Scheme

Let us assume that certain event (e. g. a failure of a device) can be caused by K reasons.
Therefore we consider K (possibly dependent) random variables - survival times Tj , j = 1, ..., K,
sometimes plus variable C of random right censoring (C is then independent of all Tj ). Let
F K (t1 , ..., tK ) = P (T1 > t1 , ..., TK > tK ) be the joint survival function of {Tj }. However,
instead the ’net’ survivals Tj we observe just ’crude’ data (sometimes called also ’the identified
minimum’) Z = min(T1 , ..., TK , C) and the indicator δ = j if Z = Tj , δ = 0 if Z = C.
Such data lead to direct estimation of the distribution of Z = min(T1 , ..., TK ), for instance
its survival function S(t) = P (Z > t) = F K (t, ..., t). Further, we can estimate cause–specific
hazard functions for events j = 1, 2, . . . , K:
P (t ≤ Z < t + d, δ = j | Z ≥ t)
,
d→0
d

h∗j (t) = lim

and the cumulative incidence functions
Fj∗ (t)

= P (Z ≤ t, δ = j) =

Z

0

t

S(s) · h∗j (s) ds.

As both components, i.e. S and h∗j , are estimable consistently by standard survival analysis
methods, there also exist consistent estimates of Fj∗ .

2.1

Problem of Non-Identifiability

However, in general, from data (Zi , δi ), i = 1, . . . , N it is not possible to identify neither
marginal nor joint distribution of {Tj }. A. Tsiatis [5] has shown that for arbitrary joint model
we can find a model with independent components having the same incidences, i.e. we cannot
distinguish the models. Namely, this ’independent’ model is given by cause-specific hazard functions h∗j (t). In other words, even if the model is parametrized and the MLE yields consistent
estimates, in general we do not know parameters of which model are estimated. The situation
can be better in the case of a regression model, because the covariates provide an additional
information, especially when their structure is rich enough. On the other hand, as a consequence of the Tsiatis [5] result, in competing risks models without regressors it is necessary to
make certain functional form assumptions about both marginal and joint distribution in order
to identify them. Several such cases are studied in [1] and in some other papers.
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Competing Risks and Copula

In the sequel we shall consider just 2 random variables S, T and data Zi = min(Si , Ti , Ci ), δi =
1, 2, 0. The notion of copula offers a way how to model multivariate distributions, we prefer
here to use it for modelling the joint survival function F2 (s, t) of S, T :
F2 (s, t) = C(FS (s), FT (t), θ),

(1)

FS , FT are marginal survival functions of S, T, C(u, v, θ) is a copula, i.e. a two-dimensional
distribution function on [0, 1]2 , with uniformly on [0, 1] distributed marginals U, V . θ is a
copula parameter, which is, as a rule, uniquely connected with correlation of U, V , hence also
with correlation of S, T . It is seen that the use of copula allows to model the dependence
structure separately from the analysis of marginal distributions. From another point of view,
the identifiability of the copula (and its parameter) and marginals can be considered as two
separate steps.
Zheng and Klein [7] proved that when the copula is known, the marginal distributions are
estimable consistently (and then the joint distribution, too, from (1)), even in non-parametric
(so that quite general) setting. However, in general, also the knowledge of θ is needed. They
also discussed importance of proper selection of copula form. As it has already been said, the
knowledge (or a good estimate) of parameter θ is much more crucial for correct model of joint
distribution. As a consequence, because the knowledge of copula type is still an unrealistic
supposition, we can try to use certain sufficiently flexible class of copulas, as approximation,
and concentrate to reliable estimation of its parameter.

3.1

Copula Based on Tsiatis’ Example

Let us return to the example of Tsiatis [5], considering just K = 2 random variables S, T with
exponential distribution and the following marginal and joint survival functions,
F S (s) = e−λs , F T (t) = e−µt , F 2 (s, t) = e−λs−µt−γst .
Hence, S(t) = F 2 (t, t) = exp(−λt − µt − γt2 ). Corresponding cause-specific hazard rates and
their integrals are
h∗S (t) = (λ + γt), h∗T (t) = (µ + γt), HS∗ (t) = (λt +

γ
γ 2
t ), HT∗ (t) = (µt + t2 ).
2
2

It follows that S ∗ (t) = exp(−HS∗ (t) + HT∗ (t)) is the same as S(t) above, which means that
independent random variables with marginal survival functions
γ

2

γ 2

GS (s) = e−λs− 2 s , GT (t) = e−µt− 2 t

yield the same competing risk scheme. Notice, however, that ’true’ marginal distributions are
exponential while derived independent distributions are not. It gives a chance that, when the
type of marginals is assumed, they (and parameter γ, too) can be estimated, uniquely. Tsiatis’
example actually uses the following copula:
C(u, v) = u · v · exp(−θ · ln u · ln v)

(2)

with θ ≥ 0, corresponding correlation ρ(U, V ) ≤ 0, θ = 0 means independence of U, V . The
parameters are connected in the following way: γ = θ · λ · µ. Figure 1 shows the dependence of
correlation on parameters.
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Figure 1: Dependence of ρ(U, V ) on parameter θ and ρ(S, T ) on γ, when S ∼ Exp(λ), T ∼
Exp(µ).
It is easy to show that the case of competing risks with two exponential marginal distributions tied together by copula (2) is identifiable. It actually has been proven already by Basu and
Ghosh [1] – though authors did not use a notion of copula yet. It is also easy to verify that the
case fulfils the regularity conditions and therefore yields unique ML estimates of parameters.
The likelihood function has the following form:
L=

N
Y

(λ + γZi )[δi =1] · (µ + γZi )[δi =2] · S(Zi ),

i=1

where again Zi = min(Si , Ti , Ci ), δi = 1, 2, 0.

3.2

Other Two-Dimensional Exponential Distributions

The identifiability results obtained above need not hold for other selection of copula type. For
instance, let us consider the Gumbel copula
C(u, v) = exp{−[(− ln u)θ + (− ln v)θ ]1/θ },
with θ ≥ 1. Here ρ(U, V ) ≥ 0, θ = 1 corresponds to independence. Let again S ∼ Exp(λ),
T ∼ Exp(µ), then
F2 (s, t) = exp{−[(λs)θ + (µt)θ ]1/θ }, i.e. S(z) = exp{−[λθ + µθ ]1/θ · z},
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It is easy to check that the corresponding competing risks model is ’over-parametrized’, determined by any couple of parameters only, i.e. we cannot estimate λ, µ, θ uniquely.
Another often used model for bivariate exponential distribution is the Marshall–Olkin model:
Let X1 , X2 , X3 be independent exponential random variables with parameters λ1 , λ2 , λ3 , respectively, set S = min(X1 , X3 ) and T = min(X2 , X3 ). Then marginal distributions of S, T are also
exponential, with parameters λ1 + λ3 , λ2 + λ3 , resp., their correlation equals λ3 /(λ1 + λ2 + λ3 ).
However, as P (S = T ) = λ3 /(λ1 + λ2 + λ3 ), too, the joint distribution of S, T is not of continuous type and, therefore, is not convenient for our purposes. Let us note that this distribution
is closely connected with bivariate Poisson model used for instance in [2].

4

Application to Time of the First Goal

We shall now use the competing risk model derived in Part 3.1 to modelling the time to first
scored goal during a football (soccer) match. Marginal variables are the ’latent’ times of 1-st
goal of each time, however only the incidence of one of them is observed. Or, in the case
of draw 0:0, we have censoring by a fixed value 90 minutes (or 120 minutes in the case of
prolonged match). Except statistical estimation of model parameters, we are interested in the
main question: How dependent are these ’latent’ times to 1-st goal of both teams?
In our rather small study we shall use the data from the Football World Championship 2014
in Brazil. 32 participating teams played together 64 matches, some of them just 3 matches
in a group. In order to improve this proportion (matches to team), we considered just 11
’teams’: 8 teams passing to quarterfinal, then ’team’ No 9 - aggregated data of 8 teams losing
in eight-final matches, No 10 - teams taking 3-rd places in groups, No 11 - teams ending 4-th
in groups. Let us recall also the final order of the championship: 1. Germany, 2. Argentina, 3.
The Netherlands, 4. Brazil.
As regards marginal models, the source was the standard model of Maher [3]. More specifically, each team (i) was characterized by its attack parameter ai and defense parameter bi .
The sequence of scoring in a match between teams i and j is then described by two Poisson
processes with intensities ai · bj , aj · bi , respectively. Consequently, the time to the 1-st goal
followed from two competing exponential random variables
Sij ∼ Exp(ai · bj ) , Tij ∼ Exp(aj · bi ).
Further, it was assumed that their mutual dependence can be expressed via ’Tsiatis’ model
described in Part 3.1.
Thus, we were facing the problem of the maximum likelihood estimation (MLE) of 23
parameters, ai , bi of 11 teams and γ characterizing the dependence. It was assumed that γ was
the same for all couples of teams, i.e. in all matches. The results of the MLE of teams parameters
are displayed in Table 1. For computational convenience, we estimated αi = ln ai , βi = ln bi .
Finally, the MLE of parameter γ was 0.605, with half-width of approximate 95% confidence
interval 0.143.
It is possible to say that our result is comparable with the findings of McHale and Scarf
[4]. Inspection of the graph on Figure 1 indicates that in the match of teams with very good
defense (as for instance Germany and Argentina) the first goal really matters, correlation is
large (absolutely), while in a opposite case of weaker defense and sufficiently good attack ability
(here for instance Columbia and - rather surprisingly - Brazil) the correlation is smaller (but
still negative).
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Team
Brazil
Netherlands
Columbia
Costa Rica
France
Argentina
Germany
Belgium
No 9
No 10
No 11

Volf

alpha
0.8408
0.3580
0.8542
-0.9342
-0.2146
0.4830
0.6888
-0.7982
-0.1707
0.1572
-1.3428

(1.1756)
(1.2784)
(1.0408)
(2.3540)
(1.5123)
(0.9885)
(0.9692)
(2.1896)
(0.6335)
(0.6805)
(1.6872)

beta
0.6683
-0.9680
-0.2337
-1.6044
-0.8994
-4.6885
-5.0360
-0.2884
-0.3715
0.4176
0.4444

(1.1519)
(2.1790)
(2.0061)
(3.6409)
(2.1512)
(13.4755)
(17.2193)
(1.5620)
(0.6572)
(0.6815)
(0.5148)

a
b
2.3181 1.9509
1.4305 0.3799
2.3496 0.7916
0.3929 0.2010
0.8068 0.4068
1.6209 0.0092
1.9913 0.0065∗
0.4501 0.7495
0.8431 0.6897
1.1702 1.5183
0.2611 1.5596

Table 1: Results: Estimated parameters αi = ln ai , βi = ln bi (with half-widths of approximate 95% conf. intervals in brackets), then ai , bi

5

Conclusion

We have studied the dependence of random variables – latent times of scoring the first goal in a
football matches, with the aid of the competing risk model. Achieved results lead to conclusion
that the correlation is, as a rule, negative, and is absolutely larger in more competitive matches.
The approach can be extended to the analysis of times to next goals, further generalization can
consider different copula parameters for certain groups of matches and/or teams. Further, in a
more general models the intensities can also depend on other factors and on match development
(see also [6] for an overview of models).
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