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ABSTRACT 

Within contemporary professional team sport organisations, operational decisions are 

increasingly becoming informed by objective data. Within the elite competition of Australian 

Rules football, the Australian Football League (AFL), an abundance of player and team 

performance data is collected and reported. However, the extent to which this data has been 

used in the team sport notational literature to inform organisational decision-making is limited. 

This thesis utilises a particular algorithmic player rating system, the ‘AFL Player Ratings’, and 

the subcategories used to construct this metric. Each study of this thesis models various 

applications of player performance data and presents it in a format for the purpose of providing 

organisational decision support to AFL clubs. The first study of this thesis establishes the 

validity of the AFL Player Ratings system. The second study identifies how performance 

profiles created from the proportion of rating points in each AFL Player Rating subcategory 

can be used to classify players into a priori determined player role categories. Additionally, it 

determines a level of similarity between the playing styles of each individual player competing 

within the AFL. The third study developed two separate models to objectively benchmark 

player performance, and to identify stages of peak performance and specific breakpoints 

longitudinally. The final study of the thesis investigated the relationship between subjective 

ratings of performance and basic player performance indicators, in order to gain an 

understanding of the extent to which human decisions are related to measurable aspects of a 

player’s performance. It also looked to compare subjective and objective ratings of player 

performance. Each of these studies address a different use of the data operationally, and provide 

a framework for clubs competing in the AFL. It outlines how objective player performance 

data can be modelled to inform various aspects of team and player individuality, value and 

potential, with a specific focus on supporting team selection, player drafting and recruitment.
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Figure 2.3 The categories and subcategories used to outline player match 

performance in the AFL Player Ratings. 

2.8 Conclusion
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CHAPTER THREE – STUDY I 

Chapter Overview 

Chapter Three is the first of four studies undertaken in this thesis. The study looks to assess the 

validity of the AFL Player Ratings metric, and serves to outline the suitability of the this metric 

for use as an objective measure of player performance prior to its use in the remaining studies 

of this thesis.  

This chapter contains an abstract (section 3.1), introduction (section 3.2), methods (section 

3.3), results (section 3.4)  discussion (section 3.5) and conclusion (section 3.6) sections. 

The content of this chapter was published in the International Journal of Sports Science and 

Coaching (McIntosh, Kovalchik & Robertson, 2018b). 
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Validation of the Australian Football League Player Ratings 

3.1 Abstract 

This study investigated the validity of the official Australian Football League Player Ratings 

system. It also aimed to determine the extent to which the distribution of points across the 13 

rating subcategories could explain Australian Football League match outcome. Ratings were 

obtained for each player from Australian Football League matches played during the 2013-

2016 seasons, along with the corresponding match outcome (Win/Loss and score margin). The 

values for each of the 13 subcategories that comprise the ratings were also obtained for the 

2016 season. Total team rating scores were derived as an objective team outcome for each 

match. Percentage agreement and Pearson correlational analyses revealed that winning teams 

displayed a higher total team rating in 94.2% of matches and an association of r = 0.96 (95% 

confidence interval = 0.95-0.96) between match score margin and total team rating differential, 

respectively. A Partial Decision Tree (PART) analysis resulted in seven rules capable of 

determining the extent to which relative contributions of rating subcategories explain Win/Loss 

at an accuracy of 79.3%. These models support the validity of the Australian Football League 

Player Ratings system and its use as a pertinent system for objective player analyses in the 

Australian Football League. 

3.2 Introduction 

Performance analysis is used within sporting organisations to support decision-making 

processes relating to an individual or team’s performance (Hughes & Bartlett, 2002; Travassos 

et al., 2013). In many professional sports, various rating systems have been proposed with the 
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aim of encapsulating player or team performance on a quantitative scale (McHale et al., 2012; 

Radovanović et al., 2013; Stefani & Pollard, 2007; Szczepański, 2008). In individual sports, 

the match result can be used as an objective outcome to directly compare against performance 

(McHale et al., 2012). Similarly, in team sports such as baseball, individual performance has 

been objectively quantified as a result of direct player actions (Chao-Chien, 2014; Streib et al., 

2012). However, rating individuals within invasion team sports such as Australian Rules 

football (AF) and football is more complex (Gerrard, 2007). This is in part due to the absence 

of objectively quantifiable outcomes that emanate directly from player actions, but also the 

dynamic nature, varied individual roles and complex interactions which exist between 

individuals in these sports (Robertson, Back, et al., 2015; Travassos et al., 2013). 

Within the elite competitions of many invasion team-based sports, an increase in the collection 

and reporting of performance data has led to the existence of more detailed and comprehensive 

performance rating systems (Hutchins, 2016). This has in turn resulted in those responsible for 

making organisational decisions become more reliant on performance data to make inferences 

about player performance and support their decision-making processes (Hutchins, 2016). 

McHale et al. (2012) developed a player performance index which is used within the top two 

tiers of English football. This system rates the performance of individual players on a 

quantitative scale, based on their contributions to weighted subindices. Similarly in basketball, 

the player efficiency rating is a broadly used objective rating system which measures a player’s 

temporally adjusted productivity based on positive and negative actions and their outcomes 

(Radovanović et al., 2013). 

Australian Rules football is an invasion team sport played on an oval field between two 

opposing teams consisting of 22 players each (18 on the field and 4 interchange). The ball is 
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moved about the field by kicking, handballing or running with the ball, with scoring achieved 

by kicking the ball between large goal posts located at either end of the field. Within the elite 

competition of AF, the Australian Football League (AFL), various subjective rating systems 

have been proposed that quantify an individual’s match performance. However, these are 

susceptible to biases, such as personal views and emotional reflection, which are known to 

accompany such subjective analyses (Ayres, 2008; Norman, 1993). For instance, the AFL 

Coaches Association awards a champion player each year. Votes for this are cast following 

each match by the senior coaches from both competing teams on the most influential players 

from their respective match. 

From an objective perspective, Heasman et al. (2008) created a player impact rating by 

attributing numerical values to performance actions relative to their perceived worth, weighting 

these values according to match situation and then adjusting relative to a players time on 

ground. Following the release of the novel Moneyball (Lewis, 2004), Stewart et al. (2007) 

determined whether similar statistical methods could be applied to the AFL. Using data from 

five seasons, they created an 11-variable player ranking model by identifying the most 

important performance actions and then including those with the strongest statistical 

relationship to team winning margin. The ‘AFL Player Rankings’, which is produced by 

statistics provider Champion Data Pty Ltd and is the system used by the fantasy competition 

SuperCoach (www.supercoach.heraldsun.com.au), takes a similar approach to that of Stewart 

et al. (2007) however extends their model to include over 100 variables (Herald Sun, 2016). 

To date, there has been no external research to evaluate the validity of these systems. 

Recently, a new alternative to the abovementioned systems has been proposed; the ‘AFL Player 

Ratings’ (http://www.afl.com.au/stats/player-ratings/ratings-hub). Produced by Champion 
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Data, it is an objective system based on the principle of field equity, where a player’s actions 

are quantified relative to how much their actions increase or decrease their team’s expected 

value of the next score (Jackson, 2009). For example, when a player obtains the ball in a 

contested situation a long distance away from (Ballı & Korukoğlu, 2014) their attacking goal, 

the expected value of next score is likely to be low (or negative, meaning in the given situation, 

the opposition is more likely to score). Conversely, if a player receives the ball uncontested, 

with minimal pressure and is close to their own goal, the expected value of the next score will 

be high. This expected value is based on contextual information relating to each possession 

(i.e., pressure from opponents, field position, time of the match) and is determined by the 

outcomes from every possession collected from all AFL matches preceding back to the 2004 

season (Jackson, 2009). Furthermore, the rating points awarded to (or taken from) a player for 

each action falls into to one or more categories which describe the nature of the action. These 

categories are defined in Table 3.1. The primary aim of this study was to determine the 

construct validity of the AFL Player Ratings system, using data collected from the 2013–2016 

AFL seasons. The secondary aim was to determine the extent to which the distribution of points 

recorded by teams across the 13 rating subcategories could be used to explain AFL match 

outcome. This study incorporated two phases; the first phase focuses on the derived total team 

ratings, whilst the second phase considers the 13 player rating subcategories. 
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Table 3.1 Definitions of the 13 AFL Player Ratings subcategories used in this study. 

Category Subcategory Description 

Ball Winning Stoppage Points from possessions won pre-clearance 
at stoppages. 

Mid Chain Points from possessions excluding those 
won at stoppages or as intercepts. 

Intercepts Points from intercept possessions. 

Ball Use Run and Handball Points from handballs, and ball carrying 
between the possession and handball. 

Field Kicks Points from field kicks. 

Shots at Goal Points from shots at goal. 

Kick-ins Points from kick-ins. 

Hitouts Hitouts Points from hitouts to advantage and points 
lost from hitouts to opposition. Neutral 
hitouts gain zero points. 

Defence Spoils Points from spoils. 

Pressure Points from pressure - including tackles 
and smothers. 

Negatives Frees Against Points lost from frees against. 

50 metre Penalties Points lost from 50 metre penalties against. 

Debits Points lost from dropped marks, no 
pressure errors and missed tackles. 

3.3 Methods 

3.3.1 Phase one: Construct validity of the AFL Player Ratings system 

Individual ratings data were obtained from Champion Data Pty Ltd, for all 827 matches played 

throughout the 2013–2016 AFL seasons. This included 22 matches from each team during the 

regular season rounds, as well as 9 matches played throughout the finals series each season. 

One match was abandoned prior to play during the 2015 season. Match result was obtained for 
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each match and expressed as (a) outcome (Win/Loss) and (b) margin (points score differential). 

Prior to data collection, the study was approved by the relevant human research ethics 

committee.  

Total team ratings were derived for each match by accumulating the 22 individual player 

ratings from the same match. The total team rating was derived with the aim of providing an 

objective independent variable to be modelled against outcome and margin. This was 

completed for each of the AFL teams (n = 18), for each match played throughout the four 

seasons. Prior to statistical analysis, the four drawn matches that occurred throughout the 2013–

2016 seasons were removed from the analyses. 

For the remaining 823 matches, a percentage agreement analysis was used to construct a model 

explaining outcome as a function of higher total team ratings. Descriptive statistics (mean ± 

standard deviation) of the total team ratings were also collected across the four seasons to gauge 

the consistency of the system across seasons. In order to gauge the strength of total team rating 

differential as a continuous variable, a Pearson’s correlation analysis was employed to 

determine the extent of its relationship with margin. This analysis was undertaken using the 

Hmisc package (Harrell Jr, 2017) in the R statistical computing software version 3.3.2 (R Core 

Team, 2016). Correlations were obtained considering the entire dataset, as well as separately 

within team and across the whole competition for individual seasons, allowing for assessment 

of both inter-team and inter-season variations, respectively. 
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3.3.2 Phase two: Relationships between the distribution of AFL Player Ratings subcategories 

and match result 

To address the secondary aim, data from each subcategory of each individual’s player ratings 

were obtained from Champion Data Pty Ltd. These analyses were limited to the 207 matches 

played throughout the 2016 AFL season due to data availability. 

Descriptive statistics (mean ± standard deviation) for all 13 subcategories were obtained across 

the season. In order to determine the relationship of each subcategory with match result, the 

total team ratings (as calculated in phase one) were broken down into separate contributions 

from each subcategory for each match. In order to allow for repeat observations across all teams 

and each round throughout the season, the data were then descriptively converted from its 

absolute format into a relative format (Ofoghi, Zeleznikow, MacMahon & Raab, 2013). For 

example, if a team’s match rating was 250 points, of which 30 points were attributed by the 

subcategory field kicks, then the team’s relative contribution of field kicks for this particular 

match would be analysed as 12%. 

To determine the extent to which the separate contributions from each subcategory related to 

outcome, a rule induction analysis was undertaken using the RWeka package (Hornik, Buchta 

& Zeileis, 2009). A PART algorithm (Frank & Witten, 1998) was used to generate a list of 

rules capable of explaining outcome. For this analysis, overall classification accuracy (%) and 

10-fold cross-validation accuracy were used as the two model performance measures. A

number of parameters were trialled in the model development, with best performance based on 

the abovementioned measures obtained using a minimum of 20 instances in order for a node to 

split and minimum confidence set to 0.5. 
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3.4 Results 

3.4.1 Phase one: Construct validity of the AFL Player Ratings system 

Results from the percentage agreement analysis found that winning teams had a higher total 

team rating in 94.2% of matches (775 of 823 instances), with winning teams averaging 232.1 

± 27.2 rating points across the four seasons and losing teams averaging 192.1 ± 25.5. The 

density of total team ratings difference for winning teams is outlined in Figure 3.1, and the 

distribution of total team ratings for winning and losing teams across the four seasons is shown 

in Figure 3.2.  

Figure 3.1 Density plot displaying the distribution of differentials in total team ratings 

for winning teams across the 2013-2016 seasons. 
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Figure 3.2 Density plot displaying the distribution of total team ratings across the 

2013-2016 seasons. 

The Pearson’s correlation analysis indicated a strong association (r = 0.96, 95% confidence 

interval (CI) = 0.95–0.96) across the 18 teams in the competition, between margin and total 

team rating. The association for each of the 18 teams varied from r = 0.92 to r = 0.97 (95% CI 

= 0.89–0.96 and 0.95–0.98, respectively), and across the four seasons from r = 0.95 to r = 0.96 

(95% CI = 0.94–0.95 and 0.96–0.97, respectively). The scatterplot shown in Figure 3.3 displays 

the linear association between margin and total team rating, indicating a homoscedastic 

distribution. 
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Figure 3.3  Scatterplot displaying the homoscedasticity of the distribution between 

margin and total team rating differentials across the 2013-2016 seasons. 

3.4.2 Phase two: Relationships between the distribution of AFL Player Ratings subcategories 

and match result 

Descriptive statistics relating to each of the subcategories and how their contributions 

differentiate between wins and losses are outlined in Figure 3.4. Results show that on average, 

winning teams had a higher contribution of team rating points in only the four subcategories 

which relate to ball use (run and handball, field kicks, shots at goal and kick-ins). The final 

PART model revealed seven rules explaining outcome at an accuracy of 79.3% (314 of 396 
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matches). The class accuracy rates in the data for each outcome were 70.2% for wins and 88.4% 

for losses. Results from the cross-validation revealed a decrease in classification accuracy of 

6.1%, with an overall classification of 73.2% retained. The seven rules included in the model 

are presented in Table 3.2. The percentage values represent the contribution from each 

subcategory to team total rating. 

Figure 3.4 Histogram displaying the descriptive statistics (mean ± standard deviation) 

of the relative contribution to team total rating from each of the 

subcategories across the 2016 season. 
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Table 3.2 PART model explaining outcome from the relative contributions of each 

subcategory to team total rating. 

Rule Outcome 
Correctly 
classified 

Incorrectly 
classified 

Rule 1 Intercepts > 27.1% AND Frees Against 
> -9.6% AND Shots at Goal > 4.2%
AND Pressure > 11.6%

Loss 60 19 

Rule 2 Shots at Goal ≤  4.3% Loss 87 14 

Rule 3 Frees Against > -9.4% AND Spoils ≤ 
4.9% AND  Shots at Goal > 10.8% 

Win 62 10 

Rule 4 Spoils ≤  4.9% Win 62 4 

Rule 5 Field Kicks < 15.2% Loss 39 17 

Rule 6 Pressure > 12.9% Loss 48 9 

Rule 7 Else Win 38 9 

3.5 Discussion 

The primary aim of this study was to determine the construct validity of the AFL Player Ratings 

system. Phase one focused specifically on the ability of the AFL Player Ratings system to relate 

to match result when expressed in both a binomial (outcome) and continuous manner (margin). 

The findings revealed that the AFL Player Ratings system is strongly associated with match 

result irrespective of how it is expressed, suggesting that the system has good validity for 

assessing combined player performance in AF. The findings of the correlational analysis 

support the findings of the percentage agreement, highlighting that in the very low proportion 

of matches where agreement was not reached, both the margin and team total rating differential 

were both very small. The strength of these associations emphasise how incorporating 
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considerations about the equity of a player’s actions is a viable method of quantifying 

aggregated player performance. 

Phase two focused on determining the extent to which the distribution of points across the 13 

rating subcategories could be used to explain outcome. Descriptive statistics revealed that only 

those subcategories relating to ball use had a higher average contribution to team rating points 

by winning sides. This is likely a result of the ball use subcategories being the only four 

subcategories in which rating points can be both awarded and deducted. Therefore, 

contributions of points within these subcategories are further impacted by whether actions 

increase or decrease their team’s expected value of the next score. Of the 13 subcategories 

included in the analysis, 6 are outlined in the PART model. Specifically, the model indicates a 

positive relationship between larger contributions of shots at goal and field kicks with 

successful outcome. This is unsurprising due to the function of scoring on match result, and 

the known relationship between maintaining ball possession and match result in AF 

(O’Shaughnessy, 2006), respectively. Additionally, the positive relationship seen in these two 

subcategories is again likely associated with the ability to both gain and lose rating points in 

these subcategories. Conversely, the model indicates an inverse relationship between larger 

contributions of pressure, spoils and intercepts with match outcome. Although points are 

awarded to players for actions in these subcategories, having above-average relative 

contributions in these subcategories reflects lower contributions in other subcategories, 

specifically those relating to ball use. 

The absence of the remaining seven subcategories from the model is likely to be multifaceted. 

Specifically, for run and handball, kick-ins, hitouts, 50 metre penalties and debits, a 

comparatively low overall contribution to team total ratings as well as small variation in mean 



73 

values between wins and losses may have contributed to their absence. For stoppages and mid 

chain, despite a relatively higher overall contribution to team total ratings, their absence is 

potentially due to small variations to mean values between wins and losses. 

As this study takes a specific focus on objective performance, an assumption was made that 

the sum of a team’s parts (individual contributions) combine to create the result, therefore 

utilising successful team performance as an objective dependent variable. As such, this study 

focused on how the AFL Player Ratings reflect team results to provide a validation of the 

metrics construct. Heasman et al. (2008) took a similar approach in the validation of their player 

impact model, finding their team impact scores were higher in winning teams in 86.4% of 

matches (19 of 22 instances), and had a strong correlation with margin (r = 0.85). In 

comparison, the findings of both the percentage agreement and Pearson’s correlation models 

in this study had stronger relationships with respect to match outcome and margin, respectively. 

A larger sample size was also used. Stewart et al. (2007) also considered score margin to 

identify which player statistics are most important in terms of their contribution to match 

outcome. Their findings indicate that kicks travelling more than 40 metre and kicks that go 

directly to an opposition player have large positive and negative coefficients, respectively. 

Thus reiterating the findings of phase two in this study, indicating that actions relating to ball 

use have the largest impact on match outcome. It is not known as to whether the AFL Player 

Ratings displays higher construct validity comparative to popular fantasy football metrics; 

however, future research may look to determine this. Though adopting a team approach for this 

validation was necessary, future research should look to assess the contribution of individual 

player ratings on team performance. Specifically, it may be of interest to consider whether the 

distribution of performances across the 22 players in each team has an effect on team 

performance. 
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In team sports, the analysis of objective performance data relating to discrete player actions 

(i.e., kicks/handballs, whilst factoring in contextual information such as pressure from 

opponents, field position, time of the match, etc.) can be a viable strategic resource. Specifically 

within AFL teams, objective rating systems can be used for various aspects of organisational 

decision support. For example, each AFL club has approximately 45 players on their roster 

(maximum 47) and is constrained in their ability to recruit players by a salary cap. Furthermore, 

only 22 of these players are selected to play each round. This in turn puts a greater emphasis 

on decisions made with respect to player contracting and the development of players within 

their roster, as well as weekly player selection, respectively. Applications of the AFL Player 

Ratings could be made in order to gain a greater understanding of what makes an individual 

player unique, what areas they lack in and also to forecast the level of performance expected 

from players in the future. 

Despite the strength of the PART model produced in phase two of this study, its generalisability 

is unknown, as it was limited to the 2016 AFL season due to the data availability. In order to 

test the generalisability of this model, an external validation should be undertaken when data 

become available for subsequent AFL seasons, to assess whether longitudinal variations exist. 

3.6 Conclusion 

The results from this study support the validity of the AFL Player Ratings system and its ability 

to objectively assess combined player performance in AF. By utilising objective outcomes as 

dependent variables, a more thorough understanding of how equity is used as a quantifiable 

measure to relate to successful performance can be achieved. To further refine the 
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generalisability of the model produced in phase two, subsequent seasons of data could be added 

once they become available. Future work should focus on the continual development of 

improving the ratings system as new technologies become available, as well as the 

interpretation and application of the AFL Player Ratings system for objective performance 

analysis and operational decision-making. 
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CHAPTER FOUR – STUDY II 

Chapter Overview 

Chapter Four is the second of the studies contained in this thesis. The study looked to identify 

whether the performance profiles created from the proportion of rating points in each AFL 

Player Rating subcategory could be used to classify players into a priori determined player role 

categories. Additionally, it looked to determine the level of similarity between the playing 

styles of each individual player competing within the AFL. An application was developed from 

the two models in this study to visually represent the similarity of players within the squad of 

a single AFL club. 

This chapter contains an abstract (section 4.1), introduction (section 4.2), methods (section 

4.3), results (section 4.4)  discussion (section 4.5) and conclusion (section 4.6) sections. 

The content of this chapter was published in the International Journal of Performance Analysis 

in Sport (McIntosh, Kovalchik & Robertson, 2018a). 
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Examination of player role in the Australian Football League using match 

performance data 

4.1 Abstract 

This study developed multiple methods to determine player role in Australian Rules football 

utilising objective match performance data. Specifically, Australian Football League (AFL) 

Player Ratings from the 2016 AFL season were used to classify players into seven a priori 

determined playing roles, as well as determine levels of individual player similarity. Mean 

values for the 11 AFL Player Ratings categories were calculated for each individual player, 

and a performance profile created based on the relative contribution of points from each 

category to that players overall rating total. A decision tree model incorporated five of the 11 

categories to classify player role at an accuracy of 74.3% (95% confidence interval = 70.5-

77.9% across 10-fold cross-validation). Role classification was most accurate for key forwards, 

midfielders and general defenders, whilst the midfield-forward role was most difficult to define 

objectively. A Euclidean distance measure was used to determine the most similar pairs of 

individual players within the AFL, as well as from an intra-club perspective. An application 

was also developed to visually represent the similarity of players within the squad of a single 

AFL club. Sporting organisations may apply the methods provided here to support decisions 

regarding player selection and recruitment. 

4.2 Introduction 

Professional sporting organisations utilise objective performance data to assist with decision 

support processes (Kuper, 2012; Wright et al., 2013). The use of objective data for such 
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purposes can help to improve performance outcomes and reduce the financial costs of 

identifying individuals who possess attributes of perceived relevance (Ofoghi, Zeleznikow, 

MacMahon & Raab, 2013; Pion et al., 2016).  

Within team sports, organisations regularly face decisions regarding player identification and 

selection. At a macro level this relates to player recruitment, such as which players to draft, the 

length of contracts offered and the level of financial remuneration offered in order to meet any 

total player payment restrictions (i.e., league salary cap). On a micro level, such decisions relate 

to weekly player selection, including identifying optimal team line-ups and replacing injured 

players. Each of these decisions typically involves a level of consideration about the specific 

attributes in which each player can bring to the team/club list (Tavana et al., 2013; Trninić et 

al., 2008). Through the analysis of objective player performance data, objective models can be 

created to support these decision-making processes (Ofoghi, Zeleznikow, MacMahon & Raab, 

2013).  

Examples of decision support applications in sport include Boon and Sierksma (2003), who 

developed a linear optimisation model to determine player line-ups in volleyball, including 

both starting and rally positions relative to the individuals on the court. Maymin (2017) 

developed a random forest projection model that outperformed human decisions relating to the 

draft, free agency and trades, in the National Basketball Association. Pion et al. (2016) 

developed models to reduce the risk of overlooking high-potential gymnasts based on findings 

from a multidimensional talent identification assessment. In the Australian Rules football (AF) 

notational literature, Robertson, Woods, et al. (2015) used a rule induction algorithm to explain 

player selection level (i.e., drafted and non-drafted), relative to their physical performance and 

anthropometric attributes. Similarly, Woods et al. (2015) used a multivariate analysis of 
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variance and logistic regression to determine the relationships between playing status (i.e., elite 

and sub-elite) and physical/anthropometric parameters.  

The Australian Football League (AFL) is the elite competition of AF. Comparative to many 

other team sports, play is less structured, with players not constrained by an offside rule (i.e., 

football and rugby), nor to certain field zones (i.e., netball). This allows players to potentially 

perform a variety of roles across the entire field of play. Despite this, individuals are still 

typically classified by their playing position (Ractliffe, 2017). For example, Dawson, 

Hopkinson, Appleby, Stewart and Roberts (2004) determined differences in movement patterns 

across playing positions. Similarly, Stares, Dawson, Heasman and Rogalski (2015), utilised 

playing position to identify the specific differences in physical demands of a match.  

There has also been research in AF investigating player role and similarity. Alternatively to 

this study, the majority of this research has typically used physical characteristics and technical 

skill indicators to determine playing role. Examples include, Barake, Mitchell, Stavros and 

Stewart (2016) who used a multinomial logistic regression to classify players based on their 

ground location, anthropometric characteristics and performance indicators, such as 

possessions, tackles and spoils. Sargent and Bedford (2010) grouped players into positional 

categories based on Mahalanobis distances from positional centroids using 13 game related 

performance variables. In elite junior AF, Woods, Veale, et al. (2018) used a linear discriminant 

analysis, a random forest, and a PART decision list to determine whether technical skill 

indicators categorised a player’s role. Jackson (2016b) used vector angles to determine the 

similarity between individual players based on contextual performance data relating to each 

player’s most common match involvements.  
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Inferences can be made about a player’s performance and value by assessing the outcomes 

which result from their actions. Although differing individuals may be categorised as playing 

the same position, they may nonetheless offer different qualities to their team. Specifically, a 

defender may be desirable for recruitment or selection by some teams because they rarely allow 

their direct opponent to score. However, the same player’s ability to distribute the ball 

effectively or accelerate and carry the ball out of defensive areas may also be valued. In this 

study, the player role classifications used by Champion Data (Champion Data Pty Ltd., 

Melbourne, Australia) are considered. These role classifications are determined based on the 

relative amount of time a player spends in certain regions of the ground (Jackson, 2016b), and 

are used to determine whether profiles created by a players actions can accurately describe 

player role.  

The AFL Player Ratings were designed in order for the value of individual player actions to be 

objectively measured based on the principle of field equity. In this metric, points are awarded 

to (or deducted from) a player relative to how much their actions increase or decrease their 

team’s expected value of the next score, based on contextual information relating to each 

possession (Jackson, 2009; McIntosh et al., 2018b). For example, when a player obtains the 

ball in an uncontested situation close to their attacking goal, the expected value of next score 

is likely to be high. Alternatively, when a player receives the ball under pressure and is close 

to their opponent’s goal, the expected value of the next score will be low. Each of these actions 

fall into to one or more of the 11 AFL Player Ratings categories, which describe the nature of 

the action. In this study, player performance profiles were developed based on the proportion 

of rating points in each of these AFL Player Rating categories. Such profiles have been created 

using comprehensive in-game skill indicator sets in the wider team sport literature (James, 
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Mellalieu & Jones, 2005; Liu, Gómez, Gonçalves & Sampaio, 2016; O’Donoghue, Mayes, 

Edwards & Garland, 2008). 

This study aimed to identify whether the abovementioned performance profiles could classify 

players into a priori determined player role categories (classified by Champion Data). 

Secondly, the profiles were then utilised to create a dissimilarity matrix to identity the closeness 

of playing styles between each individual player within the AFL. 

4.3 Methods 

4.3.1 Data 

AFL Player Ratings data were acquired from Champion Data, for all 207 games played during 

the 2016 AFL season. The totals for each of the 11 categories that comprise a player’s match 

rating were collected and compiled. These categories are defined in Table 4.1. A profile for 

each player (n = 656) was compiled by obtaining their average rating points from each category 

across the full season. The relative (percentage) amount of points each category contributed to 

that player’s total of rating averages was then calculated. Table 4.2 outlines two of these created 

player profiles; the examples chosen outline how two players with similar average rating scores 

can have considerably different contributions from the 11 different categories. Additionally, 

classifications of player role were collected for each player, based on Champions Data’s final 

assessment at the end of the 2016 AFL season. These player role classifications are defined in 

Table 4.3. Players were required to play a minimum of four matches to be included in the 
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analyses, reducing the sample to n = 560. This was done to ensure there was sufficient data to 

give a representative summary of their typical performance. 

Table 4.1 Champion data definitions of the 11 AFL Player Rating categories. 

Category Type Category Description 

Ball Winning Stoppage Points from possessions won pre-clearance at stoppages. 

Mid Chain Points from possessions excluding those won at stoppages 
or as intercepts. 

Intercepts Points from intercept possessions. 

Ball Use Run and 
Handball 

Points from handballs, and ball carrying between the 
possession and handball. 

Field Kicks Points from field kicks. 

Shots at Goal Points from shots at goal. 

Kick Ins Points from kick ins. 

Hitouts Hitouts Points from hitouts to advantage and points lost from 
hitouts to opposition. Neutral hitouts gain zero points. 

Defence Spoils Points from spoils. 

Pressure Points from pressure - including tackles and smothers. 

Negatives Negatives Points lost from frees against, 50 metre penalties against, 
dropped marks, no pressure errors and missed tackles. 
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Table 4.3 Descriptions of the seven player roles used in this study. 

Player Roles Description 

General Defender Plays a role on opposition small-medium forwards and usually 
helps create play from the backline 

Key Defender Plays on opposition key forwards with the primary role of 
nullifying his opponent 

General Forward Plays predominantly in the forward half of the ground but 
with more freedom than a key forward 

Key Forward Plays predominantly as a tall marking target in the forward 
line 

Midfielder Spends the majority of time playing on the ball or on the wing 

Midfield-Forward Splits time equally between the forward line and the midfield. 
Often lines up on the half-forward flank but plays a 
significant amount of time in the midfield 

Ruck Has the primary role of competing for hit-outs at a stoppage 

4.3.2 Statistical analysis 

Descriptive statistics (mean and standard deviation) of the AFL Player Rating categories were 

calculated for each of the a priori defined player role classifications (n = 7). These indicators 

were then visualised using a basic bar plot to show the distribution of the data. A recursive 

partitioning and regression tree model (Breiman et al., 1984) was used to classify players into 

their a priori determined player role classifications based on the relative contributions outlined 

in their performance profiles. This analysis was undertaken using the rpart package (Therneau, 

Atkinson & Ripley, 2015) in the R statistical computing software version 3.3.2 (R Core Team, 

2016). A required minimum of 75 cases were needed for a node to split, and the complexity 

parameter was set at 0.005 in order to include all player roles in the model. These measures 
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were undertaken in order to avoid overfitting and to produce a more parsimonious model. 

Results of the model were averaged across 10-fold cross-validation and displayed using a tree 

visualisation and a confusion matrix.  

The performance profile of each player was then analysed using Euclidian distances to model 

the level of dissimilarity between individual players. This analysis was undertaken using the 

stats package (R Core Team, 2016). The Euclidian distances were outputted as a matrix 

providing a measure of the dissimilarity between each individual player. Results of the model 

were expressed as the dissimilarity measures for the five most similar pairs of individuals from 

within the whole AFL, as well as those most similar to a specific player. A secondary matrix 

was created using only the players from one AFL club list. A network plot was created from 

this secondary matrix to create a practical decision support application, whereby each player is 

connected to their three most similar players at a length relative to each pairs level of similarity. 

Additionally, each player’s role classification, as determined by the classification tree model, 

and average absolute AFL Player Rating over the 2016 season is highlighted. 

4.4 Results 

Descriptive statistics for each of the a priori player role classifications are presented in Figure 

4.1. The overall classification accuracy of the model was reported at 74.3% (95% confidence 

interval = 70.5–77.9) for the 10-fold cross-validation. The final model is presented in Figure 

4.2 and shows that intercepts, spoils, mid chain, hitouts and stoppages all contributed to the 

model; with the fractions indicating the absolute classification rate at the node (i.e., in actual 

numbers of players). A confusion matrix outlining the absolute true and false positive 
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classifications, as well as the overall classification rate for each player role is outlined in Table 

4.4. 

Figure 4.3 displays how the nodes from the tree output can be visualised. The relative 

contributions to three of the four categories from the right-hand branch of the classification tree 

are plotted with respect to a player’s a priori player role classification. The x- and y-axis 

intercept lines represent the levels at which nodes one and three split from the classification 

tree model (intercepts and mid chain, respectively). With respect to the other player roles, both 

key and general defenders acquire a considerable proportion of their rating points from 

intercepts (averaging 47.1% and 54.5% of rating points, respectively, compared to 13.6–21.7% 

for all others). Similar patterns are seen for both key and general forwards with rating points 

from mid chain (49.1% and 32.2%, respectively, compared to 4.2–21.2% for all others), and 

for midfielders, rucks and midfield-forwards with respect to rating points from stoppages 

(30.3%, 27.8 and 24.9%, respectively, compared to 2.7–10.8% for all others).  
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Figure 4.2 Classification tree model explaining player role classification rates for the 

560 players who played four or more games during the 2016 AFL season. 

Fractions indicate the absolute classification rate at the node. “Gen Def”, 

General Defender; “Gen Fwd”, General Forward; “Key Def”, Key 

Defender; Key Fwd”, Key Forward; “Mid”, Midfielder; “Mid-Fwd”, 

Midfield-Forward. 
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Table 4.4 Confusion matrix for the classification tree model. 

Gen 
Def 

Gen 
Fwd 

Key 
Def 

Key 
Fwd 

Mid 
Mid-
Fwd 

Ruck 
Total 
(560) 

Classification 
rate 

Gen Def 100 0 10 0 11 1 0 122 0.820 

Gen Fwd 1 62 0 15 6 10 0 94 0.660 

Key Def 16 0 52 0 0 0 1 69 0.754 

Key Fwd 2 1 0 55 0 0 0 58 0.948 

Mid 11 0 0 4 112 5 2 134 0.836 

Mid-Fwd 2 4 0 8 21 13 0 48 0.271 

Ruck 2 0 0 11 0 0 22 35 0.629 

“Gen Def”, General Defender; “Gen Fwd”, General Forward; “Key Def”, Key Defender;       

“Key Fwd”, Key Forward; “Mid”, Midfielder; “Mid-Fwd”, Midfield-Forward. 

From the dissimilarity matrix, those individual player’s with the most similar playing roles can 

be identified. Table 4.5 outlines the top five most similar player combinations and their level 

of dissimilarity. Table 4.6 highlights the players most similar to a specific player and their level 

of dissimilarity.  

By filtering the players included in the model, the dissimilarity within specific groups can be 

highlighted. For example, Figure 4.4 outlines the level of dissimilarity through a network plot 

visualisation of one AFL club list. This figure shows that the three key forwards, along with 

two general forwards form a separate network to the remainder of the squad. Additionally, the 

general defenders form a link between the key defenders and the midfielders, whilst the 

remaining general forwards, and the only ruckman and midfield-forward, form links with the 

network of midfielders. 
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Figure 4.3 Scatterplot displaying the relationship between Intercept, Mid Chain and 

Stoppage categories, expressed as relative contribution to overall rating. 

Each point represents a single player. Players are grouped based on their 

a priori player role classification. 
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Table 4.5 Dissimilarity measures of the five most similar pairs of playing roles during 

the 2016 AFL season. 

Player 1 Player 2 

Dissimilarity  Name Role Club Name Role Club 

0.0299 
Aliir 
Aliir 

Gen 
Def 

Sydney 
Swans 

Martin 
Gleeson 

Gen Def Essendon 

0.0443 
Jack 

Viney 
Mid Melbourne 

Brad 
Crouch 

Mid 
Adelaide 
Crows 

0.0500 
Cyril 
Rioli 

Gen 
Fwd 

Hawthorn 
Steve 

Johnson 
Gen 
Fwd 

GWS Giants 

0.0502 
Zach 

Merrett 
Mid Essendon 

David 
Zaharakis 

Mid Essendon 

0.0520 
Chad 

Wingard 
Gen 
Fwd 

Port Adelaide 
Jesse 
White 

Key 
Fwd 

Collingwood 

Table 4.6 Dissimilarity measures of individuals with the five most similar playing 

roles to that of Patrick Dangerfield (Midfielder, Geelong Cats), during the 

2016 AFL season. 

Dissimilarity Name Role Club 

0.1009 Jarryd Lyons Mid Adelaide Crows 

0.1042 Dylan Shiel Mid GWS Giants 

0.1054 Shane Edwards Mid Richmond 

0.1010 Shaun Grigg Mid Richmond 

0.1111 Ryan Bastinac Mid Brisbane Lions 
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Figure 4.4 Network plot of the Adelaide Crows squad for the 2016 season. Each player 

is connected with their three most similar players in the squad, as 

determined by the Euclidean distances. Players are coloured based on their 

role classification. Size is a measure of each player’s average absolute AFL 

Player Rating. 
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4.5 Discussion 

This study aimed to identify the extent to which performance profiles could be used to both 

classify players into a priori determined player role categories, and determine the level of 

similarity between the playing styles of each individual player competing within the AFL. Two 

separate analyses were used to develop models addressing these aims. Modelling player role 

through multiple approaches (supervised and unsupervised, respectively) enables an 

understanding of player identification relative to that of both generalisable playing roles, as 

well as relative to other individual players. For the analyses, relative instead of absolute values 

were used to avoid a scenario whereby high-scoring players were intuitively clustered together, 

thus limiting the practical utility of the exercise. The relative proportion of ratings points 

acquired from each of the AFL Player Rating categories provides more context to player roles 

and player similarity within the AFL and could be used for team and squad selection.  

The classification tree model (Figure 4.2) revealed the relative category contribution levels 

most indicative of player role classification. Notably, it displays that each of the categories 

relating to ball winning (stoppages, mid chain and intercepts) are included in the model, whilst 

none relating to ball use (run and handball, field kicks, shots at goal and kick ins) are included; 

thus indicating the importance of how a player wins the balls on player role classification. The 

model results also reflect what is seen in the scatterplot visualisation (Figure 4.3) and the 

descriptive statistics (Figure 4.1), but provide further detail into the distinction between the 

classifications of each of the seven player role categories. Specifically, key defenders typically 

acquire more ratings points from spoils than general defenders; this is consistent with findings 

previously found in elite junior AF (Woods, Veale, et al., 2018). It also highlights that hitouts 

are a defining category for rucks, which is expected as rating points from this category are 
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almost exclusively acquired by ruckman (as defined by the player role description of a ruck in 

Table 4.1). Furthermore, stoppages are the defining category for determining the classification 

between midfield-forwards, general forwards and key forwards. Although, both general and 

key forwards are not noted for winning points from this category, the distinction is likely due 

to stoppages (like intercepts) being a category in which negative points are not attributed to, 

producing lower intra-role variability. This is evident by the lower relative standard deviations 

seen for stoppages in Figure 4.1.  

With respect to the other player roles, the classification matrix (shown in Table 4.4) outlined 

that midfield-forwards had a relatively low classification rate. This is perhaps unsurprising as 

the midfield-forward classification is a dynamic role used to classify players who split their 

time between the forward line and the midfield (description outlined in Table 4.1). Champion 

Data’s distinction of players who are classified as a midfield-forward, as opposed to a 

midfielder or a general forward, is dictated by the relative time spent in certain regions of the 

ground. The low classification rate in midfield-forwards and to a lesser extent rucks, begs the 

question as to whether introducing further player roles may improve classification accuracy. 

For example, almost all of the misclassified ruckman were classified as key forwards (11 of 

13). Previous research has eluded that key forwards often share a proportion of the ruckman’s 

main responsibility in competing for hitouts at stoppages (Veale, Pearce & Carlson, 2007). A 

classification could be introduced to identify those who play a role which encompasses the 

main actions performed by both a key forward and a ruck.  

The Euclidean distance measures provide practical objective support for decisions regarding 

player selection and recruitment in an applied setting. The outline of players most similar to 

one another within a specific AFL club’s playing list highlighted that players with completely 
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different absolute ratings could be identified as similar in the way they perform. This 

application may be ideal for supporting week-to-week match selection when looking to replace 

an injured player. Similarly, it may be used to support list management decisions to identify 

whether specific gaps will arise on their clubs playing list, or whether there are already suitable 

replacements, in the case of long-term injuries or retirement of players. In contrast, including 

all prospective players in the model, and identifying those most similar to a specific individual 

could be used for list management purposes, when looking to identify players similar to that of 

an already listed or overly expensive, thus unattainable player. Both the methodology and 

findings of this unsupervised model provide practical alternates to that of similar models in AF 

(Jackson, 2016b).  

Although the AFL Player Ratings metric has not been extended for use outside of the AFL, the 

findings of this study reflect notions alluded to in other research suggesting that the use of more 

tailored technical skill indicators could be utilised in order to objectively recognise unique 

player attributes, and to classify playing roles (Woods, Veale, et al., 2018). Until a point when 

this data becomes available for AFL feeder competitions (i.e., national under 18 

championships, and second-tier state leagues), AFL organisations should look to report on, and 

analyse, similar specific performance indicators, in order to improve their ability to identify 

player roles and provide decision support.  

A limitation of this study should also be noted. Champion Data’s player classifications are 

determined relative to a set of fixed criteria, and can change throughout the course of the 

season. In this study, the a priori classifications used for player roles were based on each 

player’s classification at the conclusion of the season. Thus, there is no way to account for a 

player’s within season role variations. This includes players who may have changed their role 
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completely part may through the season, as well as those who frequently split their game time 

between the roles of two of the a priori player role classifications. Although this may have 

reduced the overall classification rate, it may shape the performance profile of these individuals 

within the unsupervised model to highlight their ability to play multiple roles. In order to 

improve the accuracy of the player role classifications, and to determine the extent to which 

individual classifications vary across the season, future work may look to classify each 

individual’s role based on that which they played during each individual match, rather than 

across a full season. Furthermore, future research could also focus on the development of 

additional player role classifications to more accurately identify groups of players whose roles 

do not fit the current classifications. 

4.6 Conclusion 

The models developed in this study provide evidence that player role can be determined using 

performance data relating to player actions. Firstly, the supervised model found the role 

classifications of key forwards, midfielders and general defenders the easiest to objectively 

classify, whilst the dynamic midfield-forward role more difficult to define. Specifically, the 

model outlined the importance of how a player wins the ball on player role classification. 

Secondly, the unsupervised model highlighted that using relative proportions of ratings can be 

used to highlight similarity in performance for players with completely different absolute 

ratings. Finally, the models produced in this study provide AFL organisations with objective 

applications that could be used to support decisions regarding player roles. 
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CHAPTER FIVE – STUDY III 

Chapter Overview 

Chapter Five is the third of the studies contained in this thesis. The study looks to develop two 

separate models to objectively benchmark AFL player performance, and to identify stages of 

peak performance and specific breakpoints longitudinally. It achieves this aim by considering 

a player’s age, experience, positional role, and both draft type and round in which they were 

selected.  

This chapter contains an abstract (section 5.1), introduction (section 5.2), methods 

(section 5.3), results (section 5.4)  discussion (section 5.5) and conclusion (section 5.6) 

sections. The content of this chapter was published in Frontiers in Psychology, within the 

Research Topic: Performance Analysis in Sport (McIntosh, Kovalchik & 

Robertson, 2019b). Additionally, preliminary work relating to the study was presented at the 

World Congress of Performance Analysis of Sport XII. 
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This study aimed to develop a model to objectively benchmark professional Australian
Rules football (AF) player performance based on age, experience, positional role and
both draft type and round in the Australian Football League (AFL). The secondary
aims were to identify the stage of peak performance and specific breakpoints in AF
player performance longitudinally. AFL Player Ratings data were obtained for all players
(n = 1052) from the 1034 matches played during the 2013–2017 seasons, along
with data pertaining to the abovementioned player characteristics. Two separate linear
mixed models revealed that all factors influenced player performance, with age and
experience the strongest in each model, respectively. Post hoc Tukey tests indicated
that performance was affected by age at each level up until the age of 21 (effect ranging
from 0.98 to 3.70 rating points), and by experience at the levels 1–20 and 21–40
matches in comparison to all higher levels of experience (effect ranging from 1.01 to 3.77
rating points). Two segmented models indicated that a point of marginal gains exists
within longitudinal performance progression between the age levels 22 and 23, and
the experience levels 41–60 and 61–80 matches. Professional sporting organisations
may apply the methods provided here to support decisions regarding player recruitment
and development.

Keywords: decision support, performance analysis, data visualisation, player evaluation, team sport

INTRODUCTION

Identifying when peak performance typically occurs in athletes is an important consideration
within professional team sport organisations. Specifically, at what point in an athletes career are
they likely to reach their peak. Such information can be used to inform contracting as well as the
make-up of team rosters. The identification of peak performance can be measured longitudinally
on various time series including the age of an athlete, amount of years within a professional
program and their match’s experience (Torgler and Schmidt, 2007). Additionally, various type
of peaks have been investigated within the notational team sport literature, including when an
athlete is at their physiological peak (Reilly et al., 2000), when they reach their peak market value
(Kalén et al., 2019), as well as when their on-field performance is at its peak (Fair, 2008; Bradbury,
2009; Dendir, 2016). Although peak performance has been well documented longitudinally for
age in individual sporting events (Schulz and Curnow, 1988; Allen and Hopkins, 2015; Longo
et al., 2016), its identification within team sports may be more complex. This complexity primarily

Frontiers in Psychology | www.frontiersin.org 1 May 2019 | Volume 10 | Article 1283
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arises due to the difficulty objectively outlining individual
performances given that there are no quantifiable outcomes
which occur directly from player actions in most team sports
(Travassos et al., 2013; Robertson et al., 2015). Additionally,
there is an increased importance of specific skill demands
required in team based sports, including non-physical abilities
such as experience and strategic knowledge (Bradbury, 2009),
as well as the complexity of accounting for differences
individual playing roles.

Despite this, individualised assessment of match performance
in professional team sports is commonplace. This includes
both subjective assessments of performance, as made by team
coaches, management and within the media, as well as objective
assessments made through data-driven techniques (Carling et al.,
2008; Bonney et al., 2019). Although subjective assessments are
often made by those in influential decision making positions
(i.e., coaches), there has been a change within professional
sport organisations toward supporting decisions with objective
assessments (Maymin, 2017). Concurrently, there has been
an increasing amount of data-driven techniques proposed in
literature regarding assessing individual player performance in
team sport on a quantitative scale. Some examples include
Radovanović et al. (2013) who developed a player efficiency
rating, which objectively measures a player’s productivity in
basketball based on player actions such as points, assists,
rebounds, steals and turnovers, and their outcomes. Similarly,
McHale et al. (2012) developed a player performance index to
rate the performance of players in the top two leagues of English
soccer on a quantitative scale including items such as match
contributions, winning performance, match appearances, goals
scored, assists, and clean sheets.

Australian Rules football (AF) is a dynamic invasion team
sport played between two opposing teams consisting of 22
players each (18 on the field and four interchange). In the elite
competition of AF, the Australian Football League (AFL), players
can be drafted to a professional club and begin playing as early as
the age of 18, with various players managing to continue playing
into their middle-to-late thirties. There has been a substantial
amount of research developed in AF to identify the physical
and technical characteristics of individual players with respect
to match performance (Young et al., 2005; Veale et al., 2008;
Mooney et al., 2011; Tangalos et al., 2015; Woods et al., 2016).
However, to our knowledge there has been no research examining
longitudinal player performance in professional AF. However,
various studies exist in the wider notational sport literature which
investigate longitudinal player performance, predominantly on
identifying the age at which peak performance occurs. Examples
include Dendir (2016), who used mixed effects models, and
identified that the peak age of performance in the top four
professional soccer leagues varied between 25 and 27, depending
on position. Kalén et al. (2019) similarly looked to identify the
peak age of performance in professional soccer. Using a one-
way ANOVA and linear regression they found that a significant
longitudinal shift in peak age has occurred from 24.9 years in
1992–1993 to 26.5 years in 2007–2018. Using a random effects
model Bradbury (2009) investigated peak performance of skills
in baseball, finding that overall performance peaks around the

age of 29. Specifically, athletic skills such as hitting and running
peak earlier, whilst skills based on experience and knowledge
such as drawing walks, peak later. Fair (2008) also examined the
estimated age effects in baseball. Using a non-linear fixed effects
regression, they found that the peak age and begin of decline in
performance occurred around the age of 26 years for pitchers, and
28 years for batters.

In the abovementioned studies, both Dendir (2016) and Fair
(2008) emphasise that considerations or assumptions must be
made about other factors when assessing longitudinal player
performance. Notably, a player’s position and their level of
experience. In addition to these factors, another consideration is
the position at which players are selected in their respective draft.
Studies such as O’Shaughnessy (2010) have looked to develop
a valuation system for the AFL National Draft, indicating that
earlier selections are valued more highly on the basis that clubs
can select the best available player in the pool.

In addition to identifying peak player performance, longi-
tudinal research has also looked to identify whether specific
changes in trends occur within a time series. Within sport
performance, this research has consisted of identifying longi-
tudinal changes in trends of physical performance (Fransen et al.,
2017; Towlson et al., 2018), game related statistics (Lorenzo et al.,
2019), and gameplay (Wolfson et al., 2015; Woods et al., 2017),
as well as whether external factors such as a player’s contract
status effect performance (Gómez et al., 2019). Though this type
of model has not been applied to player performance in team
sports, the use of this procedure would allow for the construction
of a model to identify whether a breakpoint in longitudinal player
performance exists.

The ability to benchmark player performance longitudinally
is inherently valuable to many sports, and could be used to
support organisational decisions regarding player contracting,
recruitment and development (Kalén et al., 2019). In the
AFL, there is a large emphasis on decisions relating to player
contracting and recruitment as clubs are confined in their ability
to remunerate players by a salary cap. Decisions relating to
player development are also vital, as clubs do not have the
opportunity to attain additional players within season. As such,
the ability to inform these decisions based on comparisons of
player performance against model-expected performance, or the
ability to forecast future performance is advantageous. Further,
a greater understanding of when performance progression is at
its maximum, or conversely when progression is expected to
deteriorate, could have important implications for the type of skill
development implemented for specific individuals.

There are various player performance measures which are
produced commercially within the AFL. The “AFL Player
Rankings” is produced by statistics provider Champion Data
Pty Ltd., measures player performance by awarding players a
fixed value for specific performance actions. The values for these
actions were determined relative to their observed relationship to
teamwinningmargin (Herald Sun, 2016). Alternatively, the “AFL
Player Ratings”, which is also produced by statistics provider
Champion Data Pty Ltd., measures player performance based on
the principle of field equity. In this metric, points are awarded
to (or deducted from) a player based on contextual information
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relating to each possession, relative to how much their actions
increase or decrease their team’s expected value of scoring next
(Jackson, 2009; McIntosh et al., 2018).

The primary aim of this study was to develop a model
to objectively benchmark AFL player performance whilst
considering their age, experience, positional role and both draft
type and round in which they were selected. The secondary
aims were to identify the stage of peak performance and specific
breakpoints in player performance longitudinally. To achieve
these, this study will consider the player characteristics andmodel
types outlined in the abovementioned literature.

MATERIALS AND METHODS

Data
The AFL Player Ratings were utilised as the objective measure of
player performance in this study due to its validity and its equity-
based nature (Jackson, 2009;McIntosh et al., 2018). In this metric,
a player’s overall match performance is measured by the overall
change in equity that is created by that player’s actions during
the course of a match (Jackson, 2009). The change in equity is
determined by expected value of their team scoring next. These
expected values are based on contextual information relating
to possessions (i.e., field position, pressure from opponents,
possession outcome) collected from all AFL matches preceding
back to the 2004 season (Jackson, 2009).

These AFL Player Ratings were obtained fromChampionData
Pty Ltd. for all 1034 matches played throughout the 2013–2017
AFL seasons. This included 22 matches played by each team
during the regular season rounds, as well as a total of nine
matches played throughout the finals series each season. One
match was abandoned prior to play during the 2015 season.
The AFL Player Ratings data were expressed as a mean season
rating for each player across each of the five seasons. The sample
included a mean of 3.15 seasons per player (±1.55 SD) among
1052 unique players, giving a total sample size of n = 3317.

Data pertaining to player characteristics were also collected
in order to assess their relationship with performance. Age
(determined by the players age at 31st December of the
previous year), experience (determined by the number of
AFL matches played, independent of seasons, and taken at
the conclusion of each season), positional role classification
(determined by Champion Data’s classification at the conclusion
of each season; classifications outlined in Appendix Table A1)
and the characteristics of the draft (draft types outlined in
Appendix Table A2) in which each player was first selected by
an AFL club were all collected as descriptive variables. Prior to
data collection, the study was approved by the relevant human
research ethics committee.

Data Analysis
For modelling purposes, various aspects of the data required
transformation. All characteristics were considered as categorical
variables. Categorisation levels for age and experience were
determined by evaluating the change in Akaike’s Information
Criterion for differing amounts of categories (Akaike, 1987).

Sixteen categories for both characteristics were chosen by
identifying the minimum number of categories at which the
point gains in Akaike’s Information Criterion became minimal
(<10). This allowed for discretisation that balanced model fit
and complexity (Bozdogan, 1987). Age was expressed as integer
categories (18, 19, 20, . . ., 33+), where due to the limited sample
size of players aged 33–40 years, data were combined into one
category. Experience was expressed in intervals of 20 matches
(1–20, 21–40, 41–60, . . ., 301+), where all players with 301
or more matches experience were similarly combined into one
category due to the limited sample size. Categorisation levels for
draft selection were arbitrarily expressed over ten levels relative
to the type and round in which they were first selected by an
AFL club (five levels for National Draft rounds 1 to 5+, four
levels for Rookie Draft rounds 1 to 4+, and one category for
the Preseason Draft). Due to the limited sample size of players
drafted after round five of the national draft, after round four of
the rookie draft, and in total from the preseason draft, data were
combined into one category for each draft type. Positional role
classification was expressed across the seven levels as determined
by Champion Data (general defender, key defender, general
forward, key forward, midfielder, midfield-forward, and ruck).

Further, as part of the entry concessions given to newly
established clubs, the Gold Coast Suns and the Greater Western
Sydney Giants, 45 players from the dataset were drafted to AFL
clubs prior to the 2011, 2012, and 2013 AFL seasons via non-
traditional draft methods. Considering the circumstances of these
concessions, all players drafted via methods of zone selection,
as an underage recruit, through the AFL mini-draft, as an AFL
initiative or were pre-listed by an AFL club (n = 42), were
considered as first round selections within the national draft.
Further, those drafted after being overlooked in the prior year’s
national draft (n = 3) were considered as first round selections
within the rookie draft.

Statistical Analysis
Descriptive statistics for age and experience, and how they relate
to AFL Player Ratings [mean ± 95% confidence intervals (CI)]
were obtained. The number of matches played per season and
proportion of players were also collected and plotted across
age and experience. Prior to undertaking the main analyses,
Spearman’s correlation analyses were employed to determine
the extent of collinearity between each of the four player
characteristics. This analysis was undertaken using the Hmisc
package (Harrell, 2017) in the R statistical computing software
version 3.3.2. (R Core Team, 2016). This analysis revealed a
strong association between age and experience (r = 0.83), whilst
all remaining associations were weak (r < 0.15). As a result,
separate models were created throughout the further analyses,
utilising age and experience as the independent variables in each.

To determine the extent to which these characteristics affect
performance, linear mixed models were applied using the lme4
package (Bates et al., 2015). Two separate models were created,
each incorporating either age or experience, with all other factors
included in both. This particular approachwas used to control the
variability created by the repeated measures data on each player.
Specifically, the factors of interest (age, experience, positional
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FIGURE 1 | Violin plot outlining the density of the average AFL Player Ratings (±95% CI) for (A) age and (B) experience, respectively. The number of observations in
each group are outlined.

FIGURE 2 | Violin plot outlining the density of the average AFL Player Ratings (±95% CI) for (A) draft and (B) positional role, respectively. The number of
observations in each group are outlined.
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role, and draft selection) were treated as fixed effects, and player
as a random effect in both models. Each model took the form of:

PRps = β0 + β1Xps + β2Yps + β3Zp+ ∝p +εps

where PRps is the AFL Player Rating average of player p
in season s (s = 2013–2017). β0, β1, β2, and β3 are fixed
coefficients, andX,Y, and Z are observed covariates. Inmodel (1),
Xps and Yps represent the player’s age and positional role for
the corresponding season, respectively, whilst Zp represents
the category outlining the player’s draft selection, which stays
consistent between seasons. The parameter∝p is a player random
effect, which makes the intercept of the model specific to each
player and allows for individualised performance projections.
The player random effect is treated as constant across seasons
and each effect is a draw from a normal distribution with equal
variance for all players. The parameter εps denotes the player-
season residual error. Model (2) takes the exact same form as

model (1), however, Xps instead represents a player’s experience
for the corresponding season.

Based on the fixed effects estimates, benchmark levels of
performance were plotted (∝p = 0) for age and experience,
respectively, where means and 90% prediction intervals (PI)
are averaged over the levels of positional role and draft for
both. A post hoc Tukey test was performed to adjust for
multiple comparisons, and to determine whether performance
was different within each level of age and experience, and thus
identifying a hypothesised breakpoint in performance. To further
assess whether a breakpoint exists in each of the linear mixed
models, a segmented model (or “piecewise linear model”) was
fit to the data to estimate if a change in the trend of the
data occurs. This analysis was undertaken using the segmented
package (Muggeo, 2008). As a result of the post hoc Tukey tests,
we specified the levels 22 for age, and 41–60 for experience as
the hypothesised break points. Within this analysis, these points
are used as starting points for which the model uses to estimate

FIGURE 3 | Proportion of players in the dataset by (A) age and (B) experience.

FIGURE 4 | Boxplot outlining the distribution of matches played per season by players in each level of (A) age and (B) experience.
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TABLE 1 | Model (1) fixed effect regression coefficients outlining the estimated
difference in rating points from the reference level of each factor.

Regression coefficients (±SE)

(Intercept) 7.11 (0.23)

Age 19 0.98 (0.20)

Age 20 1.93 (0.21)

Age 21 2.62 (0.21)

Age 22 3.06 (0.22)

Age 23 3.32 (0.22)

Age 24 3.39 (0.23)

Age 25 3.69 (0.24)

Age 26 3.70 (0.25)

Age 27 3.68 (0.26)

Age 28 3.31 (0.27)

Age 29 3.18 (0.29)

Age 30 2.80 (0.32)

Age 31 2.48 (0.37)

Age 32 2.56 (0.44)

Age 33+ 2.46 (0.47)

Positional role Gen Def −1.25 (0.17)

Positional role Gen Fwd −1.13 (0.17)

Positional role Key Def −1.128 (0.23)

Positional role Key Fwd −1.79 (0.23)

Positional role Mid Fwd −0.79 (0.19)

Positional role Ruck −0.38 (0.29)

Draft National 2 −0.78 (0.23)

Draft National 3 −0.74 (0.25)

Draft National 4 −0.94 (0.32)

Draft National 5+ −1.21 (0.47)

Draft Rookie 1 −1.47 (0.32)

Draft Rookie 2 −1.62 (0.33)

Draft Rookie 3 −1.56 (0.39)

Draft Rookie 4 + −1.75 (0.38)

Draft Preseason −1.03 (0.57)

Reference level for each factor were: age 18, positional role midfield,
Draft National 1.

breakpoints. A level of significance was accepted at p < 0.01
in all analyses.

RESULTS

Descriptive statistics are outlined in Figures 1, 2 for age and
experience, and positional role and draft, respectively. Figure 3A
highlights that the proportion of players competing in the AFL
is at its highest at ages 20–22, and then declines with each
consecutive age level thereafter. Further, Figure 3B highlights
that the proportion of players is highest in the least experienced
group (20 matches or less), and similarly declines with each
consecutive category level of experience thereafter. On the
contrary, Figure 4 indicates that the average number of matches
played per season increases with both age and experience.

Results of the linear mixed models revealed that all factors
affected levels of performance in both models at p < 0.01.
Model (1) produced a root mean square error of 1.77 and

TABLE 2 | Model (2) fixed effect regression coefficients, outlining the estimated
difference in rating points from the reference level of each factor.

Regression coefficients (±SE)

(Intercept) 7.43 (0.18)

Experience 21–40 1.31 (0.14)

Experience 41–60 2.32 (0.16)

Experience 61–80 2.79 (0.18)

Experience 81–100 3.19 (0.18)

Experience 101–120 3.38 (0.20)

Experience 121–140 3.48 (0.22)

Experience 141–160 3.39 (0.23)

Experience 161–180 3.77 (0.25)

Experience 181–200 3.43 (0.27)

Experience 201–220 3.53 (0.29)

Experience 221–240 3.32 (0.33)

Experience 241–260 3.02 (0.36

Experience 261–280 3.74 (0.43)

Experience 281–300 2.46 (0.47)

Experience 301+ 3.02 (0.52)

Position Gen Def −1.17 (0.16)

Position Gen Fwd −1.24 (0.16)

Position Key Def −1.07 (0.21)

Position Key Fwd −1.49 (0.22)

Position Mid Fwd −0.74 (0.19)

Position Ruck −0.12 (0.26)

Draft National 2 −0.54 (0.20)

Draft National 3 −0.30 (0.23)

Draft National 4 −0.27 (0.29)

Draft National 5+ −0.75 (0.42)

Draft Rookie 1 −0.89 (0.29)

Draft Rookie 2 −0.85 (0.30)

Draft Rookie 3 −0.46 (0.35)

Draft Rookie 4 + −0.71 (0.34)

Draft Preseason −0.49 (0.51)

Reference level for each factor were: experience 1–20, positional role midfield,
Draft National 1.

Chi-square values of 356.9 for age, 98.7 for positional role and
57.1 for draft. Comparatively, model (2) produced a root mean
square error of 1.82 rating points and Chi-square values of 523.5
for experience, 100.4 for positional role and 21.7 for draft. The
values indicate that age and experience had the largest influence
on performance in each of the models, respectively, followed by
positional role. Tables 1, 2 outline the fixed effect coefficients (β0,
β1, β2, and β3) for each factor level of the characteristics in each
of the respective models.

Results of the post hoc Tukey test indicated that performance
was affected by age at various age levels up until the age of 21
(mean differences ranged from 0.98 to 3.70 player rating points).
However, no two levels above the age of 21 were seen to exhibit
different levels of performance. For experience, differences were
seen at the levels of 1–20 matches and 21–40 matches in
comparison to all higher levels of experience (mean differences
ranged from 1.01 to 3.77 player rating points), and for various
experience levels in comparison to 41–60matches. No differences
were seen between any levels above this for experience.
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FIGURE 5 | Benchmark levels of AFL Player Ratings (±90% PI) by (A) age and (B) experience, based on the fixed effects estimates. Blue x-axis intercept lines
represent the level at which the breakpoint in performance occurs for both age and experience, respectively. Red regression lines represent the multiple linear fits of
the segmented models.

The segmentedmodels identified a breakpoint in performance
for both age and experience. The results indicate that a
breakpoint in age occurs between the age levels 22 and 23, where
performance is seen to increase linearly 0.75 rating points per
age level prior to this breakpoint, and decline linearly 0.09 rating
points per age level thereafter. The breakpoint identified for
experience occurs between the levels 41–60 and 61–80, where
performance is seen to increase linearly 1.24 rating points per
level of experience prior to this breakpoint, and then continue to
increase linearly 0.04 rating points per experience level thereafter.
Figure 5 displays the benchmark levels of performance for both
age and experience, where player specific random effects (PSRE)
are removed. X-axis intercept lines and regression lines were
added to Figure 5 to represent the level at which the identified
breakpoint in performance occurs, and the change in the trend of
player performance, respectively, for both age and experience.

By applying the PSRE and the fixed effect estimates from
the linear mixed models, various applications can be created to
benchmark player performance. For example, Figure 6 visualises
the actual past performance and future player specific expectation
of performance (fit and 90% PI) for a specific player, as compared
to their fixed effect estimate of performance using model (1). This
application indicates the player’s performance has been below
the benchmark level of performance since 2014, but within the
90% PI, and is expected to remain fairly consistent in the three
forecasted seasons. Figure 7 outlines how model (1) could be
used for player comparison, indicating that the player in blue is
likely to perform better in each of the forecasted seasons. Further,
Figure 8 visualises the actual past performance and future player
specific expectation of performance (fit only) for a specific player,
using both the models based on age (blue) and experience (red).

Additionally, the PSRE provide a measure of player ranking,
which adjusts for the individual fixed effects characteristics.
Table 3 outlines the top five players in each positional roles,

as determined by the average of the PSRE across the two linear
mixed models. Player positional role was determined by the
category in which they were categorised the most frequently over
the five seasons.

DISCUSSION

The primary aim of this study was to develop a model to
objectively benchmark player performance whilst considering

FIGURE 6 | Benchmark levels of AFL Player Ratings for a specific player using
the age linear mixed model. Black lines represents actual performance to
2017 and player specific expectation (±90% PI) of performance from 2018.
Red ribbon represents fixed effects estimates based on characteristics of
same player.
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FIGURE 7 | Benchmark levels of AFL Player Ratings for two specific players
using the age linear mixed model. Red line represents actual performance
prior to 2017. Red and blue lines indicate player specific expectations (±90%
PI) of performance from 2018 for each player. Black x-axis intercept line
indicates point of comparison.

FIGURE 8 | Benchmark levels of AFL Player Ratings for a specific player using
the both the age (blue) and experience (red) linear mixed models. Black line
represents actual performance to 2017. Blue and red points indicate
expectation of performance from 2018 using each the age and experience
models, respectively. Similarly, each ribbon represents fixed effects estimates
based on characteristics of same player in each model.

their age, experience, positional role, and both draft type and
round in which they were selected. It also aimed to identify
the stage of peak performance and specific breakpoints in
player performance longitudinally. Separate linear mixed model
analyses were implemented to benchmark performance based on
the multifactorial fixed effects estimates. Segmented models were
fit to these fixed effect estimates to determine if and where a
change in the linear trend of performance progression occurs.

Visual inspection of the descriptive statistics in Figures 1A,B
indicate that performance continues to improve throughout
an AFL players career (as indicated by the gradual increase
in average AFL Player Ratings for both age and experience,
respectively). However, it must be noted that this type of
analysis is susceptible to selection biases (Brander et al., 2014).
Specifically, previous research has identified that these biases
can be bought upon as a result of better-performing players
typically having longer careers than other players (Bradbury,
2009; Dendir, 2016). Figures 3, 4 highlight this bias on the basis
that player selection is a subjective identification of each clubs
best performers. Specifically, Figure 3 outlines the proportion of
players in the dataset, and indicates that there are less players
across the sample in older and more experienced categories,
respectively; however, Figure 4 shows that these older and more
experienced players on average play more games per season. The
substantially smaller interquartile ranges and presence of outliers
in Figure 4B, as opposed to Figure 4A, indicates that despite
showing similar increasing trends between the two distributions,
there is less variance in matches played per season with respect
to experience. However, this is somewhat expected due to the
compounding nature of matches played per season, to total
career matches. Visual inspection of the descriptive statistics in
Figures 2A,B also indicates that performance differences are seen
between varying levels of both draft and position, respectively.
These findings align with previous literature investigating
longitudinal player performance, and supports the use of a mixed
model approach to account for fixed and PSRE (Bradbury, 2009;
Dendir, 2016).

Each of the two linear mixed models provide context when
looking to benchmark player performance longitudinally in
AF. In addition to identifying a universal benchmark trend of
performance longitudinally, the models produced in this study
allow player specific values to be obtained, by adjusting each
of the fixed effects relative to the player’s characteristics in
each model. These player specific benchmarks allow for both
retrospective assessment of a players past performance against
expected performance, as well as to forecast player performance
relative to expected characteristics (assumptions must be made
with regards to positional role and experience to forecast).
Applications of these models have the potential to be beneficial
in supporting the decision making processes within professional
AF organisations. Decisions relating to player recruitment
and contracting could be objectively informed by gaining an
understanding of the past and future potential performance of
players, which the club maybe looking to recruit, resign or
remove from their current playing squad. Though the examples
provided in this study feature 90% PI, clubs/organisations
wanting to be more aggressive with their predictions regarding
expected performance could adapt the current models to include
lower PI. Figure 6 provides a specific example of how this can
be visualised. It outlines an actual player’s past performance
(2014–2017) and expected future performance (2018–2021), and
compares this to the benchmark level of performance based
on the characteristics for that player. Alternatively, Figure 7
outlines an actual player’s past performance (2014–2017) and
expected future performance (2018–2021), and compares this to
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TABLE 3 | Top five players in each positional role, as determined by the average of the player specific random effects (PSRE) in each of the linear mixed models.

Player Model 1 PSRE Model 2 PSRE Player Model 1 PSRE Model 2 PSRE

General defender General forward

Zac Williams 4.09 3.14 Brent Harvey 6.18 4.74

Adam Saad 3.30 3.22 Chad Wingard 4.31 3.26

Shaun Burgoyne 3.68 2.84 Eddie Betts 4.19 3.19

Brandon White 3.04 2.57 Luke Breust 4.32 3.02

Daniel Rich 2.97 2.57 Cyril Rioli 3.43 3.00

Key defender Key forward

Jeremy McGovern 4.44 4.11 Lance Franklin 5.21 4.51

Alex Rance 3.59 2.99 Jarryd Roughead 4.23 3.66

Tom McDonald 2.87 2.16 Justin Westhoff 4.22 3.10

Harris Andrews 3.04 1.87 Josh J. Kennedy 3.73 3.02

Josh Gibson 2.94 1.51 Jack Gunston 3.68 2.99

Midfielder Midfield-forward

Gary Ablett 8.29 6.96 Robbie Gray 4.75 3.76

Patrick Dangerfield 6.96 6.30 Dayne Zorko 3.71 3.88

Nat Fyfe 6.61 5.77 Sam Menegola 3.30 4.11

Scott Pendlebury 6.09 5.60 Christian Petracca 3.53 3.42

Marcus Bontempelli 5.44 4.49 Luke Dahlhaus 3.82 2.72

Ruck

Todd Goldstein 4.70 3.68

Nic Naitanui 4.29 3.57

Sam Jacobs 3.60 2.19

Aaron Sandilands 3.95 1.83

Shane Mumford 3.52 1.94

Player positional role determined by the category in which they were categorised the most frequently over the five seasons.

the expected future performance (2018–2021) of a player who is
yet to be drafted.

Though the identified breakpoints found in each model differ
marginally to the findings of the post hoc Tukey test, both
analyses indicate that there is a distinct change in the trend
of player performance occurring in each model, occurring at
around the age 22, and experience level 41–60, respectively.
Specifically, they indicate that this change in the trend represents
a point of marginal gains within each of the model, such that
once these levels are reached the benchmark level of player
performance is expected to somewhat plateau. This indication
of marginal performance gains beyond these respective levels
could have useful implications for both player development
and player recruiting/contracting within professional AF. For
example, clubs may look to persist with selection of players
who are yet to reach these points of marginal gains (as opposed
to older/more experienced players of similar ability), knowing
that match opportunities are potentially more detrimental to
development of the younger/less experienced players. In regards
to player recruiting and contracting, clubs could look to use
these breakpoints as an indication of whether the performance
of current players and/or potential recruits is likely to continue

to improve, or whether their performance has reached a point
of marginal gains. Though only one breakpoint was identified
for each model in this study, clubs/organisations wanting
to further explore the longitudinal performance trends could
adapt the current methodology to identify whether multiple
breakpoints exist.

Despite minor differences, both the models measured longitu-
dinally on each age and experience might be used for different
operational purposes based on the preferences of the organi-
sation. For example, due to the reliance of match opportunity
for the model based experience, applications of this model
may be more suited to benchmark the performance of players
who have experienced long-term injuries or are mature aged
recruits. Conversely, for those who have had sufficient match
opportunities, the models based on age may be more suitable
due to the more progressive nature of age as an independent
variable. Figure 8 visualises this difference in the models through
benchmarking the expected performance of a specific older age,
but lowly experienced individual, using both models.

In addition to providing benchmark levels of performance,
the models produced in this study also provide an indication
of the point at which peak performance occurs longitudinally.
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Specifically, the findings imply that on average players reach
their peak around the age of 22, or 60 matches experience.
In comparison to previous literature, this point at which the
average player reaches their peak age is younger than what has
been identified in other dynamic team sports such as soccer
(Dendir, 2016). Though this peak is identified earlier, there
was no substantial drop-off in performance noted in this study,
indicating that that peak performance in AF may be better
outlined by a peak range. There is no literature available to make
these comparisons in relation to a player’s match experience.

The PSRE outlined in each of the mixed models could also be
used to rank players across the 2013–2017 seasons. Specifically,
this type of ranking would be more generalisable than other
ranking measures that do not adjust for fixed effects such as
those used in our model. Thus it allows comparisons to be
made between players across different ages, levels of experience,
positional roles and draft selections. Table 3 outlined the top five
players in each positional role. The table indicated that despite
accounting for position, the top three midfielders still exhibited
higher PSRE than any other players. As an indication of the face
validity for these random effects to be used to rank players, each
of these three outlined individuals have won the AFL’s award for
the fairest and best player for one of the five seasons included in
the dataset (Gary Ablett in 2013, Nat Fyfe in 2015 and Patrick
Dangerfield in 2016).

Some limitations of this study should also be noted. Though
mixed model approaches have been supported in previous
literature to account for the fixed and random effects associated
with longitudinal player performance; there is also an inherent
understanding that the decline in performance after peak is often
underestimated as a result of athlete drop out. For example,
only the most successful athletes continue to get renewed play-
ing contracts, and are subsequently selected to play at the elite
level. Thus meaning that there is likely some level of perfor-
mance deterioration that goes unnoticed by the model beyond
certain ages/levels of experience. Another limitation is that the
methodology could include additional metrics, such as time
on ground or spatiotemporal data, potentially allowing for fur-
ther explanation of the results. Future work in dynamic team
sports should focus on the continual development of improving
objective player performance rating models, as well as decision
support applications to assist with operational decision-making

in professional sporting organisations. In AF specifically, the
development of these objective player performance rating
models could look to include further positioning dynamics,
similar to that in other team sports (Gonçalves et al., 2017;
Memmert et al., 2017).

CONCLUSION

This study produced two types of models benchmarking
player performance in the AFL. The first method utilised
two separate linear mixed models to identify the effect of
individual characteristics on player performance. Each of these
models could be used to identify how a player’s performance
compares to individualised benchmarks, or to forecast future
potential performance. The second method utilised segmented
models, finding a point of marginal gains within longitudinal
performance of both age and experience. The implementation
of these methodologies may provide valuable knowledge for
professional AFL organisations. Implications of their use could
assist with organisational decisions relating to player recruitment,
contracting and development. Future work should focus on the
refinement of the models produced in this study as additional
seasons of data become available.
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APPENDICES

TABLE A1 | Descriptions of the seven positional roles used in this study.

Positional roles Description

General defender Plays a role on opposition small-medium forwards and usually helps create play from the backline

Key defender Plays on opposition key forwards with the primary role of nullifying his opponent

General forward Plays predominantly in the forward half of the ground but with more freedom than a key forward

Key forward Plays predominantly as a tall marking target in the forward line

Midfielder Spends the majority of time playing on the ball or on the wing

Midfielder-forward Splits time equally between the forward line and the midfield. Often lines up on the half-forward flank
but plays a significant amount of time in the midfield

Ruck Has the primary role of competing for hit-outs at a stoppage

TABLE A2 | Descriptions of the three annual draft methods to enter an AFL list.

Draft type Club participation Trading of picks Further description

National draft Compulsory draft. Each club
must exercise a minimum of
three selections

Picks can be traded
between clubs

Players selected by a club become ineligible to be included on the primary list
of any other club for a period of two seasons. For the most part this draft
consists of players finishing secondary school, who have been competing in
elite junior feeder competitions

Preseason draft Non-compulsory draft Picks cannot be traded
between clubs

Players selected by a club become ineligible to be included on the primary list
of any other club for a period of two seasons. For the most part this draft
consists of players who missed out on selection in the National Draft

Rookie draft Non-compulsory draft Picks cannot be traded
between clubs

Players selected become part of the clubs rookie list, and cannot compete
within the AFL until being promoted to the clubs primary list. For the most part
this draft consists of players who missed out on selection in the National Draft
or older players from second tier competitions

In all three drafts, clubs select players in the reverse order to which they finished on the final premiership ladder in the previous AFL season. To be eligible for selection, a
player must be 18 years of age before the 31st of December following the national draft selection meeting.
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Multifactorial benchmarking of longitudinal player performance in the 

Australian Football League 

5.1 Abstract 

This study aimed to develop a model to objectively benchmark professional Australian Rules 

football (AF) player performance based on age, experience, positional role and both draft type 

and round in the Australian Football League (AFL). The secondary aims were to identify the 

stage of peak performance and specific breakpoints in AF player performance longitudinally. 

AFL Player Ratings data were obtained for all players (n = 1052) from the 1034 matches played 

during the 2013–2017 seasons, along with data pertaining to the abovementioned player 

characteristics. Two separate linear mixed models revealed that all factors influenced player 

performance, with age and experience the strongest in each model, respectively. Post hoc 

Tukey tests indicated that performance was affected by age at each level up until the age of 21 

(effect ranging from 0.98 to 3.70 rating points), and by experience at the levels 1–20 and 21–

40 matches in comparison to all higher levels of experience (effect ranging from 1.01 to 3.77 

rating points). Two segmented models indicated that a point of marginal gains exists within 

longitudinal performance progression between the age levels 22 and 23, and the experience 

levels 41–60 and 61–80 matches. Professional sporting organisations may apply the methods 

provided here to support decisions regarding player recruitment and development. 

5.2 Introduction 

Identifying when peak performance typically occurs in athletes is an important consideration 

within professional team sport organisations. Specifically, at what point in an athletes career 
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are they likely to reach their peak. Such information can be used to inform contracting as well 

as the make-up of team rosters. The identification of peak performance can be measured 

longitudinally on various time series including the age of an athlete, amount of years within a 

professional program and their match’s experience (Torgler & Schmidt, 2007). Additionally, 

various type of peaks have been investigated within the notational team sport literature, 

including when an athlete is at their physiological peak (Reilly, Bangsbo & Franks, 2000), 

when they reach their peak market value (Kalén et al., 2019), as well as when their on-field 

performance is at its peak (Bradbury, 2009; Dendir, 2016; Fair, 2008). Although peak 

performance has been well documented longitudinally for age in individual sporting events 

(Allen & Hopkins, 2015; Longo, Siffredi, Cardey, Aquilino & Lentini, 2016; Schulz & 

Curnow, 1988), its identification within team sports may be more complex. This complexity 

primarily arises due to the difficulty objectively outlining individual performances given that 

there are no quantifiable outcome which occur directly from player actions in most team sports 

(Robertson, Back, et al., 2015; Travassos et al., 2013). Additionally, there is an increased 

importance of specific skill demands required in team-based sports, including non-physical 

abilities such as experience and strategic knowledge (Bradbury, 2009), as well as the 

complexity of accounting for differences individual playing roles. 

Despite this, individualised assessment of match performance in professional team sports is 

commonplace.  This includes both subjective assessments of performance, as made by team 

coaches, management and within the media, as well as objective assessments made through 

data-driven techniques (Bonney, Berry, Ball & Larkin, 2019; Carling et al., 2008). Although 

subjective assessments are often made by those in influential decision-making positions (i.e., 

coaches), there has been a change within professional sport organisations toward supporting 

decisions with objective assessments (Maymin, 2017).  Concurrently, there has been an 
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increasing amount of data-driven techniques proposed in literature regarding assessing 

individual player performance in team sport on a quantitative scale. Some examples include 

Radovanović et al. (2013) who developed a player efficiency rating, which objectively 

measures a player’s productivity in basketball based on player actions such as points, assists, 

rebounds, steals and turnovers, and their outcomes. Similarly, McHale et al. (2012) developed 

a player performance index to rate the performance of players in the top two leagues of English 

soccer on a quantitative scale including items such as match contributions, winning 

performance, match appearances, goals scored, assists, and clean sheets. 

Australian Rules football (AF) is a dynamic invasion team sport played between two opposing 

teams consisting of 22 players each (18 on the field and four interchange). In the elite 

competition of AF, the Australian Football League (AFL), players can be drafted to a 

professional club and begin playing as early as the age of 18, with various players managing to 

continue playing into their middle-to-late thirties. There has been a substantial amount of 

research developed in AF to identify the physical and technical characteristics of individual 

players with respect to match performance (Mooney et al., 2011; Tangalos et al., 2015; Veale, 

Pearce, Koehn & Carlson, 2008; Woods, Joyce & Robertson, 2016; Young et al., 2005). 

However, to our knowledge there has been no research examining longitudinal player 

performance in professional AF. However, various studies exist in the wider notational sport 

literature which investigate longitudinal player performance, predominantly on identifying the 

age at which peak performance occurs. Examples include Dendir (2016), who used mixed 

effects models, and identified that the peak age of performance in the top four professional 

soccer leagues varied between 25 and 27, depending on position. Kalén et al. (2019) similarly 

looked to identify the peak age of performance in professional soccer. Using a one- way 

ANOVA and linear regression they found that a significant longitudinal shift in peak age has 
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occurred from 24.9 years in 1992–1993 to 26.5 years in 2007–2018. Using a random effects 

model Bradbury (2009) investigated peak performance of skills in baseball, finding that overall 

performance peaks around the age of 29. Specifically, athletic skills such as hitting and running 

peak earlier, whilst skills based on experience and knowledge such as drawing walks, peak 

later. Fair (2008) also examined the estimated age effects in baseball. Using a non-linear fixed 

effects regression, they found that the peak age and begin of decline in performance occurred 

around the age of 26 years for pitchers, and 28 years for batters. 

In the abovementioned studies, both Dendir (2016) and Fair (2008) emphasise that 

considerations or assumptions must be made about other factors when assessing longitudinal 

player performance. Notably, a player’s position and their level of experience. In addition to 

these factors, another consideration is the position at which players are selected in their 

respective draft. Studies such as O’Shaughnessy (2010) have looked to develop a valuation 

system for the AFL National Draft, indicating that earlier selections are valued more highly on 

the basis that clubs can select the best available player in the pool. 

In addition to identifying peak player performance, longitudinal research has also looked to 

identify whether specific changes in trends occur within a time series. Within sport 

performance, this research has consisted of identifying longitudinal changes in trends of 

physical performance (Fransen et al., 2017; Towlson, Cobley, Parkin & Lovell, 2018), game 

related statistics (Lorenzo, Lorenzo, Conte & Giménez, 2019), and gameplay (Wolfson, 

Koopmeiners & DiLernia, 2015; Woods, Robertson, et al., 2017), as well as whether external 

factors such as a player’s contract status effect performance (Gómez, Lago, Gómez & Furley, 

2019). Though this type of model has not been applied to player performance in team sports, 
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the use of this procedure would allow for the construction of a model to identify whether a 

breakpoint in longitudinal player performance exists. 

The ability to benchmark player performance longitudinally is inherently valuable to many 

sports, and could be used to support organisational decisions regarding player contracting, 

recruitment and development (Kalén et al., 2019). In the AFL, there is a large emphasis on 

decisions relating to player contracting and recruitment as clubs are confined in their ability to 

remunerate players by a salary cap. Decisions relating to player development are also vital, as 

clubs do not have the opportunity to attain additional players within season. As such, the ability 

to inform these decisions based on comparisons of player performance against model-expected 

performance, or the ability to forecast future performance is advantageous. Further, a greater 

understanding of when performance progression is at its maximum, or conversely when 

progression is expected to deteriorate, could have important implications for the type of skill 

development implemented for specific individuals. 

There are various player performance measures which are produced commercially within the 

AFL. The “AFL Player Rankings” is produced by statistics provider Champion Data Pty Ltd., 

measures player performance by awarding players a fixed value for specific performance 

actions. The values for these actions were determined relative to their observed relationship to 

team winning margin (Herald Sun, 2016). Alternatively, the “AFL Player Ratings”, which is 

also produced by statistics provider Champion Data Pty Ltd., measures player performance 

based on the principle of field equity. In this metric, points are awarded to (or deducted from) 

a player based on contextual information relating to each possession, relative to how much 

their actions increase or decrease their team’s expected value of scoring next (Jackson, 2009; 

McIntosh et al., 2018b). 
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The primary aim  of  this  study  was  to  develop  a  model to objectively benchmark AFL 

player performance whilst considering their age, experience, positional role and both draft type 

and round in which they were selected. The secondary aims were to identify the stage of peak 

performance and specific breakpoints in player performance longitudinally. To achieve these, 

this study will consider the player characteristics and model types outlined in the 

abovementioned literature. 

5.3 Methods 

5.3.1 Data 

The AFL Player Ratings were utilised as the objective measure of player performance in this 

study due to its validity and its equity-based nature (Jackson, 2009; McIntosh et al., 2018b). In 

this metric, a player’s overall match performance is measured by the overall change in equity 

that is created by that player’s actions during the course of a match (Jackson, 2009). The change 

in equity is determined by expected value of their team scoring next. These expected values 

are based on contextual information relating to possessions (i.e., field position, pressure from 

opponents, possession outcome) collected from all AFL matches preceding back to the 2004 

season (Jackson, 2009). 

These AFL Player Ratings were obtained from Champion Data Pty Ltd. for all 1034 matches 

played throughout the 2013–2017 AFL seasons. This included 22 matches played by each team 

during the regular season rounds, as well as a total of nine matches played throughout the finals 

series each season. One match was abandoned prior to play during the 2015 season. The AFL 

Player Ratings data were expressed as a mean season rating for each player across each of the 
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five seasons. The sample included a mean of 3.15 seasons per player (±1.55 SD) among 1052 

unique players, giving a total sample size of n = 3317. 

Data pertaining to player characteristics were also collected in order to assess their relationship 

with performance. Age (determined by the players age at 31st December of the previous year), 

experience (determined by the number  of AFL matches played, independent  of  seasons,  and 

taken  at the conclusion of each season), positional role classification (determined by Champion 

Data’s classification at the conclusion of each season; classifications outlined in Appendix B.1) 

and the characteristics of the draft (draft types outlined in Appendix B.2) in which each player 

was first selected by an AFL club were all collected as descriptive variables. Prior to data 

collection, the study was approved by the relevant human research ethics committee. 

5.3.2 Data analysis 

For modelling purposes, various aspects of the data required transformation. All characteristics 

were considered as categorical variables. Categorisation levels for age and experience were 

determined by evaluating the change in Akaike’s Information Criterion for differing amounts 

of categories (Akaike, 1987). Sixteen categories for both characteristics were chosen by 

identifying the minimum number of categories at which the point gains in Akaike’s Information 

Criterion became minimal (<10). This allowed for discretisation that balanced model fit and 

complexity (Bozdogan, 1987). Age was expressed as integer categories (18, 19, 20, ...., 33+), 

where due to the limited sample size of players aged 33–40 years, data were combined into one 

category. Experience was expressed in intervals of 20 matches (1–20, 21–40, 41–60, . . ., 301+), 

where all players with 301 or more matches experience were similarly combined into one 

category due to the limited sample size. Categorisation levels for draft selection were arbitrarily 

expressed over ten levels relative to the type and round in which they were first selected by an 
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AFL club (five levels for National Draft rounds 1 to 5+, four levels for Rookie Draft rounds 1 

to 4+, and one category for the Preseason Draft). Due to the limited sample size of players 

drafted after round five of the national draft, after round four of the rookie draft, and in total 

from the preseason draft, data were combined into one category for each draft type. Positional 

role classification was expressed across the seven levels as determined by Champion Data 

(general defender, key defender, general forward, key forward, midfielder, midfield-forward, 

and ruck). 

Further, as part of the entry concessions given to newly established clubs, the Gold Coast Suns 

and the Greater Western Sydney Giants, 45 players from the dataset were drafted to AFL clubs 

prior to the 2011, 2012, and 2013 AFL seasons via non- traditional draft methods. Considering 

the circumstances of these concessions, all players drafted via methods of zone selection, as an 

underage recruit, through the AFL mini-draft, as an AFL initiative or were pre-listed by an 

AFL club (n = 42), were considered as first round selections within the national draft. Further, 

those drafted after being overlooked in the prior year’s national draft (n = 3) were considered 

as first round selections within the rookie draft. 

5.3.3 Statistical analysis 

Descriptive statistics for age and experience, and how they relate to AFL Player Ratings [mean 

± 95% confidence intervals (CI)] were obtained. The number of matches played per season and 

proportion of players were also collected and plotted across age and experience. Prior to 

undertaking the main analyses, Spearman’s correlation analyses were employed to determine 

the extent of collinearity between each of the four player characteristics. This analysis was 

undertaken using the Hmisc package (Harrell Jr, 2017) in the R statistical computing software 

version 3.3.2. (R Core Team, 2016). This analysis revealed a strong association between age 
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and experience (r = 0.83), whilst all remaining associations were weak (r < 0.15). As a result, 

separate models were created throughout the further analyses, utilising age and experience as 

the independent variables in each. 

To determine the extent to which these characteristics affect performance, linear mixed models 

were applied using the lme4 package (Bates, Mächler, Bolker & Walker, 2015). Two separate 

models were created, each incorporating either age or experience, with all other factors 

included in both. This particular approach was used to control the variability created by the 

repeated measures data on each player. Specifically, the factors of interest (age, experience, 

positional role, and draft selection) were treated as fixed effects, and player as a random effect 

in both models. Each model took the form of: 

PRps = β0 + β1Xps + β2Yps + β3Zp + ∝p + Ɛps  

where PRps is the AFL Player Rating average of player p in season s (s = 2013–2017). β0, β1, 

β2, and β3 are fixed coefficients, and X, Y, and Z are observed covariates. In model (1), Xps and 

Yps represent the player’s age and positional role for the corresponding season, respectively, 

whilst Zp represents the category outlining the player’s draft selection, which stays consistent 

between seasons. The parameter ∝p is a player random effect, which makes the intercept of the 

model specific to each player and allows for individualised performance projections. The 

player random effect is treated as constant across seasons and each effect is a draw from a 

normal distribution with equal variance for all players. The parameter Ɛps denotes the player 
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season residual error. Model (2) takes the exact same form as model (1), however, Xps instead 

represents a player’s experience for the corresponding season. 

Based on the fixed effects estimates, benchmark levels of performance were plotted (∝p = 0) 

for age and experience, respectively, where means and 90% prediction intervals (PI) are 

averaged over the levels of positional role and draft for both. A post hoc Tukey test was 

performed to adjust for multiple comparisons, and to determine whether performance was 

different within each level of age and experience, and thus identifying a hypothesised 

breakpoint in performance. To further assess whether a breakpoint exists in each of the linear 

mixed models, a segmented model (or “piecewise linear model”) was fit to the data to estimate 

if a change in the trend of the data occurs. This analysis was undertaken using the segmented 

package (Muggeo, 2008). As a result of the post hoc Tukey tests, we specified the levels 22 for 

age, and 41–60 for experience as the hypothesised break points. Within this analysis, these 

points are used as starting points for which the model uses to estimate breakpoints. A level of 

significance was accepted at p < 0.01 in all analyses. 

5.4 Results 

Descriptive statistics are outlined in Figures 5.1 and 5.2 for age and experience, and positional 

role and draft, respectively. Figure 5.3A highlights that the proportion of players competing in 

the AFL is at its highest at ages 20–22, and then declines with each consecutive age level 

thereafter. Further, Figure 5.3B highlights that the proportion of players is highest in the least 

experienced group (20 matches or less), and similarly declines with each consecutive category 

level of experience thereafter. On the contrary, Figure 5.4 indicates that the average number of 

matches played per season increases with both age and experience. 
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Figure 5.1 Violin plot outlining the density of the average AFL Player Ratings (± 95% 

CI) for (A) Age and (B) Experience, respectively. The number of

observations in each group are outlined. 
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Figure 5.2 Violin plot outlining the density of the average AFL Player Ratings (± 95% 

CI) for (A) Draft and (B) Position, respectively. The number of

observations in each group are outlined. 

Figure 5.3 Proportion of players in the dataset by (A) Age and (B) Experience. 
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Figure 5.4 Boxplot outlining the proportion of matches played per season by players 

in each level of (A) Age and (B) Experience. 

Results of the linear mixed models revealed that all factors affected levels of performance in 

both models at p < 0.01. Model  (1)  produced  a  root  mean  square  error  of  1.77  and Chi-

square values of 356.9 for age, 98.7 for positional role and 57.1 for draft. Comparatively, model 

(2) produced a root mean square error of 1.82 rating points and Chi-square values of 523.5 for

experience, 100.4 for positional role and 21.7 for draft. The values indicate that age and 

experience had the largest influence on performance in each of the models, respectively, 

followed by positional role. Tables 5.1 and 5.2 outline the fixed effect coefficients (β0, β1, β2, 

and β3) for each factor level of the characteristics in each of the respective models. 
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Table 5.1 Model (1) fixed effect regression coefficients outlining the estimated 

difference in rating points from the reference level of each factor.  

Reference level for each factor were: Age 18,  

Positional role Midfield, Draft National 1. 

Regression coefficients (± SE) 
(Intercept) 7.11 (0.23) 

Age 19 0.98 (0.20) 
Age 20 1.93 (0.21) 
Age 21 2.62 (0.21) 
Age 22 3.06 (0.22) 
Age 23 3.32 (0.22) 
Age 24 3.39 (0.23) 
Age 25 3.69 (0.24) 
Age 26 3.70 (0.25) 
Age 27 3.68 (0.26) 
Age 28 3.31 (0.27) 
Age 29 3.18 (0.29) 
Age 30 2.80 (0.32) 
Age 31 2.48 (0.37) 
Age 32 2.56 (0.44) 

Age 33+ 2.46 (0.47) 
Positional role Gen Def -1.25 (0.17
Positional role Gen Fwd -1.13 (0.17)
Positional role Key Def -1.128 (0.23)
Positional role Key Fwd -1.79 (0.23)
Positional role Mid Fwd -0.79 (0.19)

Positional role Ruck -0.38 (0.29)
Draft National 2 -0.78 (0.23)
Draft National 3 -0.74 (0.25)
Draft National 4 -0.94 (0.32)

Draft National 5+ -1.21 (0.47)
Draft Rookie 1 -1.47 (0.32)
Draft Rookie 2 -1.62 (0.33)
Draft Rookie 3 -1.56 (0.39)

Draft Rookie 4 + -1.75 (0.38)
Draft Preseason -1.03 (0.57)
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Table 5.2 Model (2) fixed effect regression coefficients, outlining the estimated 

difference in rating points from the reference level of each factor. 

Reference level for each factor were: Experience 1-20, 

Positional role Midfield, Draft National 1.

Regression coefficients (± SE) 
(Intercept) 7.43 (0.18) 

Experience 21-40 1.31 (0.14) 
Experience 41-60 2.32 (0.16) 
Experience 61-80 2.79 (0.18) 
Experience 81-100 3.19 (0.18) 
Experience 101-120 3.38 (0.20) 
Experience 121-140 3.48 (0.22) 
Experience 141-160 3.39 (0.23) 
Experience 161-180 3.77 (0.25) 
Experience 181-200 3.43 (0.27) 
Experience 201-220 3.53 (0.29) 
Experience 221-240 3.32 (0.33) 
Experience 241-260 3.02 (0.36 
Experience 261-280 3.74 (0.43) 
Experience 281-300 2.46 (0.47) 

Experience 301+ 3.02 (0.52) 
Position Gen Def -1.17 (0.16)
Position Gen Fwd -1.24 (0.16)
Position Key Def -1.07 (0.21)
Position Key Fwd -1.49 (0.22)
Position Mid Fwd -0.74 (0.19)

Position Ruck -0.12 (0.26)
Draft National 2 -0.54 (0.20)
Draft National 3 -0.30 (0.23)
Draft National 4 -0.27 (0.29)

Draft National 5+ -0.75 (0.42)
Draft Rookie 1 -0.89 (0.29)
Draft Rookie 2 -0.85 (0.30)
Draft Rookie 3 -0.46 (0.35)

Draft Rookie 4 + -0.71 (0.34)
Draft Preseason -0.49 (0.51)
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Results of the post hoc Tukey test indicated that performance was affected by age at various 

age levels up until the age of 21 (mean differences ranged from 0.98 to 3.70 player rating 

points). However, no two levels above the age of 21 were seen to exhibit different levels of 

performance. For experience, differences were seen at the levels of 1–20 matches and 21–40 

matches in comparison to all higher levels of experience (mean differences ranged from 1.01 

to 3.77 player rating points), and for various experience levels in comparison to 41–60 matches. 

No differences were seen between any levels above this for experience. 

The segmented models identified a breakpoint in performance for both age and experience. 

The results indicate that a breakpoint in age occurs between the age levels 22 and 23, where 

performance is seen to increase linearly 0.75 rating points per age level prior to this breakpoint, 

and decline linearly 0.09 rating points per age level thereafter. The breakpoint identified for 

experience occurs between the levels 41–60 and 61–80, where performance is seen to increase 

linearly 1.24 rating points per level of experience prior to this breakpoint, and then continue to 

increase linearly 0.04 rating points per experience level thereafter. Figure 5.5 displays the 

benchmark levels of performance for both age and experience, where player specific random 

effects (PSRE) are removed. X-axis intercept lines and regression lines were added to Figure 

5.5 to represent the level at which the identified breakpoint in performance occurs, and the 

change in the trend of player performance, respectively, for both age and experience. 
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Figure 5.5 Benchmark levels of AFL Player Ratings (± 90% PI) by (A) Age and (B) 

Experience, based on the fixed effects estimates. Blue x-axis intercept lines 

represent the level at which the breakpoint in performance occurs for both 

age and experience, respectively. Red regression lines represent the 

multiple linear fits of the segmented models. 

By applying the PSRE and the fixed effect estimates from the linear mixed models, various 

applications can be created to benchmark player performance. For example, Figure 5.6 

visualises the actual past performance and future player specific expectation of performance 

(fit and 90% PI) for a specific player, as compared to their fixed effect estimate of performance 

using model (1). This application indicates the player’s performance has been below the 

benchmark level of performance since 2014, but within the 90% PI, and is expected to remain 

fairly consistent in the three forecasted seasons. Figure 5.7 outlines how model (1) could be 

used for player comparison, indicating that the player in blue is likely to perform better in each 

of the forecasted seasons. Further, Figure 5.8 visualises the actual past performance and future 
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player specific expectation of performance (fit only) for a specific player, using both the models 

based on age (blue) and experience (red). 

Additionally, the PSRE provide a measure of player ranking, which adjusts for the individual 

fixed effects characteristics. Table 5.3 outlines the top five players in each positional roles, as 

determined by the average of the PSRE across the two linear mixed models. Player positional 

role was determined by the category in which they were categorised the most frequently over 

the five seasons. 
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Figure 5.6 Benchmark levels of AFL Player Ratings for a specific player using the age 

linear mixed model. Black lines represents actual performance to 2017 & 

player specific expectation (± 90% PI) of performance from 2018. Red 

ribbon represents fixed effects estimates based on characteristics of same 

player. 
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Figure 5.7 Benchmark levels of AFL Player Ratings for two specific players using the 

age linear mixed model. Red line represents actual performance prior to 

2017. Red and blue lines indicate player specific expectations (± 90% PI) of 

performance from 2018 for each player. Black x-axis intercept line 

indicates point of comparison. 
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Figure 5.8 Benchmark levels of AFL Player Ratings for a specific player using the 

both the age (blue) and experience (red) linear mixed models. Black line 

represents actual performance to 2017. Blue and red points indicate 

expectation of performance from 2018 using each the age and experience 

models, respectively. Similarly, each ribbon represents fixed effects 

estimates based on characteristics of same player in each model. 
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Table 5.3 Top five players in each positional role, as determined by the average of the 

player specific random effects (PSRE) in each of the linear mixed models. 

Player positional role determined by the category in which they were 

categorised the most frequently over the five seasons. 

General Defender General Forward 

Player Model 1 
PSRE 

Model 2 
PSRE Player Model 1 

PSRE 
Model 2 
PSRE 

Zac Williams 4.09 3.14 Brent Harvey 6.18 4.74 
Adam Saad 3.30 3.22 Chad Wingard 4.31 3.26 

Shaun Burgoyne 3.68 2.84 Eddie Betts 4.19 3.19 
Brandon White 3.04 2.57 Luke Breust 4.32 3.02 

Daniel Rich 2.97 2.57 Cyril Rioli 3.43 3.00 
Key Defender Key Forward 

Player Model 1 
PSRE 

Model 2 
PSRE Player Model 1 

PSRE 
Model 2 
PSRE 

Jeremy McGovern 4.44 4.11 Lance Franklin 5.21 4.51 
Alex Rance 3.59 2.99 Jarryd Roughead 4.23 3.66 

Tom McDonald 2.87 2.16 Justin Westhoff 4.22 3.10 
Harris Andrews 3.04 1.87 Josh J. Kennedy 3.73 3.02 

Josh Gibson 2.94 1.51 Jack Gunston 3.68 2.99 
Midfielder Midfield-Forward

Player Model 1 
PSRE 

Model 2 
PSRE Player Model 1 

PSRE 
Model 2 
PSRE 

Gary Ablett 8.29 6.96 Robbie Gray 4.75 3.76 
Patrick Dangerfield 6.96 6.30 Dayne Zorko 3.71 3.88 

Nat Fyfe 6.61 5.77 Sam Menegola 3.30 4.11 
Scott Pendlebury 6.09 5.60 Christian Petracca 3.53 3.42 

Marcus Bontempelli 5.44 4.49 Luke Dahlhaus 3.82 2.72 
Ruck

Player Model 1 
PSRE 

Model 2 
PSRE 

Todd Goldstein 4.70 3.68 
Nic Naitanui 4.29 3.57 
Sam Jacobs 3.60 2.19 

Aaron Sandilands 3.95 1.83 
Shane Mumford 3.52 1.94 



148 

5.5 Discussion 

The primary aim of this study was to develop a model to objectively benchmark player 

performance whilst considering their age, experience, positional role, and both draft type and 

round in which they were selected. It also aimed to identify the stage of peak performance and 

specific breakpoints in player performance longitudinally. Separate linear mixed model 

analyses were implemented to benchmark performance based on the multifactorial fixed effects 

estimates. Segmented models were fit to these fixed effect estimates to determine if and where 

a change in the linear trend of performance progression occurs. 

Visual inspection of the descriptive statistics in Figures 5.1A and 5.1B indicate that 

performance  continues  to  improve  throughout an AFL players career (as indicated by the 

gradual increase in average AFL Player Ratings for both age and experience, respectively). 

However, it must be noted that this type of analysis is susceptible to selection biases (Brander, 

Egan & Yeung, 2014). Specifically, previous research has identified that these biases can be 

bought upon as a result of better-performing players typically having longer careers than other 

players (Bradbury, 2009; Dendir, 2016). Figures 5.3 and 5.4 highlight this bias on the basis that 

player selection is a subjective identification of each clubs best performers. Specifically, Figure 

5.3 outlines the proportion of players in the dataset, and indicates that there are less players 

across the sample in older and more experienced categories, respectively; however, Figure 5.4 

shows that these older and more experienced players on average play more games per season. 

The substantially smaller interquartile ranges and presence of outliers in Figure 5.4B, as 

opposed to Figure 5.4A, indicates that despite showing similar increasing trends between the 

two distributions, there is less variance in matches played per season with respect to experience. 

However, this is somewhat expected due to the compounding nature of matches played per 
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season, to total career matches. Visual inspection of the descriptive statistics in Figures 5.2A 

and 5.2B also indicates that performance differences are seen between varying levels of both 

draft and position, respectively. These findings align with previous literature investigating 

longitudinal player performance, and supports the use of a mixed model approach to account 

for fixed and PSRE (Bradbury, 2009; Dendir, 2016). 

Each of the two linear mixed models provide context when looking to benchmark player 

performance longitudinally in AF. In addition to identifying a universal benchmark trend of 

performance longitudinally, the models produced in this study allow player specific values to 

be obtained, by adjusting each of the fixed effects relative to the player’s characteristics in each 

model. These player specific benchmarks allow for both retrospective assessment of a players 

past performance against expected performance, as well as to forecast player performance 

relative to expected characteristics (assumptions must be made with regards to positional role 

and experience to forecast). Applications of these models have the potential to be beneficial in 

supporting the decision-making processes within professional AF organisations. Decisions 

relating to player recruitment and contracting could be objectively informed by gaining an 

understanding of the past and future potential performance of players, which the club maybe 

looking to recruit, resign or remove from their current playing squad. Though the examples 

provided in this study feature 90% PI, clubs/organisations wanting to be more aggressive with 

their predictions regarding expected performance could adapt the current models to include 

lower PI. Figure 5.6 provides a specific example of how this can be visualised. It outlines an 

actual player’s past performance (2014–2017) and expected future performance (2018–2021), 

and compares this to the benchmark level of performance based on the characteristics for that 

player. Alternatively, Figure 5.7 outlines an actual player’s past performance (2014–2017) and 
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expected future performance (2018–2021), and compares this to the expected future 

performance (2018–2021) of a player who is yet to be drafted. 

Though the identified breakpoints found in each model differ marginally to the findings of the 

post hoc Tukey test, both analyses indicate that there is a distinct change in the trend of player 

performance occurring in each model, occurring at around the age 22, and experience level 41–

60, respectively. Specifically, they indicate that this change in the trend represents a point of 

marginal gains within each of the model, such that once these levels are reached the benchmark 

level of player performance is expected to somewhat plateau. This indication of marginal 

performance gains beyond these respective levels could have useful implications for both 

player development and player recruiting/contracting within professional AF. For example, 

clubs may look to persist with selection of players who are yet to reach these points of marginal 

gains (as opposed to older/more experienced players of similar ability), knowing that match 

opportunities are potentially more detrimental to development of the younger/less experienced 

players. In regards to player recruiting and contracting, clubs could look to use these 

breakpoints as an indication of whether the performance of current players and/or potential 

recruits is likely to continue to improve, or whether their performance has reached a point of 

marginal gains. Though only one breakpoint was identified for each model in this study, 

clubs/organisations wanting to further explore the longitudinal performance trends could adapt 

the current methodology to identify whether multiple breakpoints exist. 

Despite minor differences, both the models measured longitudinally on each age and 

experience might be used for different operational purposes based on the preferences of the 

organisation. For example, due to the reliance of match opportunity for the model based 

experience, applications of this model may be more suited to benchmark the performance of 
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players who have experienced long-term injuries or are mature aged recruits. Conversely, for 

those who have had sufficient match opportunities, the models based on age may be more 

suitable due to the more progressive nature of age as an independent variable. Figure 5.8 

visualises this difference in the models through benchmarking the expected performance of a 

specific older age, but lowly experienced individual, using both models. 

In addition to providing benchmark levels of performance, the models produced in this study 

also provide an indication of the point at which peak performance occurs longitudinally. 

Specifically, the findings imply that on average players reach their peak around the age of 22, 

or 60 matches experience. In comparison to previous literature, this point at which the average 

player reaches their peak age is younger than what has been identified in other dynamic team 

sports such as soccer (Dendir, 2016). Though this peak is  identified  earlier,  there was no 

substantial drop-off in performance noted in this study, indicating that that peak performance 

in AF may be better outlined by a peak range. There is no literature available to make these 

comparisons in relation to a player’s match experience. 

The PSRE outlined in each of the mixed models could also be used to rank players across the 

2013–2017 seasons. Specifically, this type of ranking would be more generalisable than other 

ranking measures that do not adjust for fixed effects such as those used in our model. Thus it 

allows comparisons to be made between players across different ages, levels of experience, 

positional roles and draft selections. Table 5.3 outlined the top five players in each positional 

role. The table indicated that despite accounting for position, the top three midfielders still 

exhibited higher PSRE than any other players. As an indication of the face validity for these 

random effects to be used to rank players, each of these three outlined individuals have won 
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the AFL’s award for the fairest and best player for one of the five seasons included in the 

dataset (Gary Ablett in 2013, Nat Fyfe in 2015 and Patrick Dangerfield in 2016). 

Some limitations of this study should also be noted. Though mixed model approaches have 

been supported in previous literature to account for the fixed and random effects associated 

with longitudinal player performance; there is also an inherent understanding that the decline 

in performance after peak is often underestimated as a result of athlete drop out. For example, 

only the most successful athletes continue to get renewed playing contracts, and are 

subsequently selected to play at the elite level. Thus meaning that there is likely some level of 

performance deterioration that goes unnoticed by the model beyond certain ages/levels of 

experience. Another limitation is that the methodology could include additional metrics, such 

as time on ground or spatiotemporal data, potentially allowing for further explanation of the 

results. Future work in dynamic team sports should focus on the continual development of 

improving objective player performance rating models, as well as decision support applications 

to assist with operational decision-making in professional sporting organisations. In AF 

specifically, the development of these objective player performance rating models could look 

to include further positioning dynamics, similar to that in other team sports (Gonçalves et al., 

2017; Memmert et al., 2017). 

5.6 Conclusion 

This study produced two types of models benchmarking player performance in the AFL. The 

first method utilised two separate linear mixed models to identify the effect of individual 

characteristics on player performance. Each of these models could be used to identify how a 
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player’s performance compares to individualised benchmarks, or to forecast future potential 

performance. The second method utilised segmented models, finding a point of marginal gains 

within longitudinal performance of both age and experience. The implementation of these 

methodologies may provide valuable knowledge for professional AFL organisations. 

Implications of their use could assist with organisational decisions relating to player 

recruitment, contracting and development. Future work should focus on the refinement of the 

models produced in this study as additional seasons of data become available. 
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CHAPTER SIX – STUDY IV 

Chapter Overview 

Chapter Six is the fourth and final study contained in this thesis. The study looks to identify 

the relationship between subjective ratings of performance and basic player performance 

indicators, in order to gain an understanding of the extent to which human decisions are related 

to measurable aspects of a player’s performance. It also looks to compare subjective and 

objective ratings of player performance. The methodologies are expressed as an exemplar of 

what could be implemented within professional sporting organisations using their own specific 

subjective rating processes. 

This chapter contains an abstract (section 6.1), introduction (section 6.2), methods (section 

6.3), results (section 6.4)  discussion (section 6.5) and conclusion (section 6.6) sections. 

The content of this chapter was published in PLOS ONE (McIntosh, Kovalchik & Robertson, 

2019a). Additionally, preliminary work relating to the study was presented at the 9th World 

Congress on Science and Football. 
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Abstract

Player evaluation plays a fundamental role in the decision-making processes of professional

sporting organisations. In the Australian Football League, both subjective and objective

evaluations of player match performance are commonplace. This study aimed to identify the

extent to which performance indicators can explain subjective ratings of player performance.

A secondary aim was to compare subjective and objective ratings of player performance.

Inside Football Player Ratings (IFPR) and Australian Football League Player Ratings were

collected as subjective and objective evaluations of player performance, respectively, for

each player during all 1026 matches throughout the 2013–2017 Australian Football League

seasons. Nine common player performance indicators, player role classification, player age

and match outcomes were also collected. Standardised linear mixed model and recursive

partitioning and regression tree models were undertaken across the whole dataset, as well

as separately for each of the seven player roles. The mixed model analysis produced a

model associating the performance indicators with IFPR at a root mean square error of

0.98. Random effects accounting for differences between seasons and players ranged by

0.09 and 1.73 IFPR each across the five seasons and 1052 players, respectively. The recur-

sive partitioning and regression tree model explained IFPR exactly in 35.8% of instances,

and to within 1.0 IFPR point in 81.0% of instances. When analysed separately by player

role, exact explanation varied from 25.2% to 41.7%, and within 1.0 IFPR point from 70.3%

to 88.6%. Overall, kicks and handballs were most associated with the IFPR. This study high-

lights that a select few features account for a majority of the variance when explaining sub-

jective ratings of player performance, and that these vary by player role. Australian Football

League organisations should utilise both subjective and objective assessments of perfor-

mance to gain a better understanding of the differences associated with subjective perfor-

mance assessment.

Introduction

Player evaluation plays a fundamental role in the decision-making processes of professional
sporting organisations, including player monitoring, team selection, player contracting and
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scouting [1–3]. Despite widespread and available objective data within professional team
sports, a reluctance of key decision makers to utilise these measures to develop and integrate
decision support systems within their organisations remains [4–6]. Despite this reluctance,
there has been various literature outlining the benefits of considering objective evaluations of
performance to support organisational decision-making processes [3, 7, 8]. Though these stud-
ies proclaim the benefits of objective evaluations (i.e., reliability and consistency), they each
emphasise the importance of utilising both objective and subjective evaluations of perfor-
mance in a complementary manner, to highlight whether inconsistencies exist between the
evaluations and to ultimately improve player evaluation.

Australian Rules football (AF) is a dynamic invasion team sport played on a large oval field
between two opposing teams consisting of 22 players each (18 on the field and four inter-
change). Due to the dynamic nature of the sport and the complex interactions which occur in
AF, individual performance is difficult to analyse, both subjectively and objectively [9, 10].
Despite this, various objective player performance measures have been created based on player
performance in the elite competition of AF, the Australian Football League (AFL). Examples
within the notational analysis literature include Stewart, Mitchell [11] who created a player
ranking model by identifying the most important performance indicators, and including those
with the strongest relationship to team winning margin. Heasman, Dawson [12] created a
player impact rating which assigned numerical values to each performance indicator relative
to its perceived worth. These values were then weighted relative to environmental situations of
the match, and adjusted relative to a players time on ground.

Various objective player performance measures also exist for commercial purposes. Exam-
ples include the ‘AFL Player Rankings’ and the ‘AFL Player Ratings’, which are both produced
by statistics provider Champion Data (Champion Data Pty Ltd., Melbourne, Australia). The
former takes a similar approach to that of Stewart, Mitchell [11], however extends this model
to include over 50 variables [13], and is used for the fantasy competition ‘SuperCoach’ (https://
supercoach.heraldsun.com.au/). The latter takes an alternate approach to most player perfor-
mance rating systems, and is based on the principle of field equity. In this system, each action
is quantified relative to how much the action increases or decreases their team’s expected value
of scoring next [14]. A player’s overall performance is then measured by the overall change in
equity that is created by that player’s actions during the game [14].

Subjective analyses of performance are also commonplace within the AFL. Examples
include the AFL Coaches Association award and the AFL’s award for the fairest and best player
(Charles BrownlowMedal). Votes for each of these awards are cast at the conclusion of each
match, based on the players deemed most influential during the match. Votes for the AFL
Coaches Association award are cast by the senior coaches from both competing teams, and
votes for the fairest and best player are cast by the field umpires. Further, various clubs use sub-
jective coach ratings as a way of determining club based awards [15], and various media
sources publish subjective ratings for public interest.

A common criticism of player performance evaluation in AF, as well as other team sports
(i.e., basketball), is their bias towards players whose specific role involves being more fre-
quently involved in the play, enabling their actions to have a more tangible effect on perfor-
mance evaluation [16, 17]. These biases have been noted within the notational team sport
literature in relation to both subjective and objective player performance analyses [12, 18]. For
AF, this specifically relates to midfield players whose role is more centred on following the
play to obtain/maintain possession of the ball and improving their team’s field position. Previ-
ous objective player performance measures have combatted this by suggesting that player per-
formance comparisons should be only made within players who play the same player roles
[12]. Similar suggestions have been made in other team sports such as rugby union [18].

Comparing subjective and objective evaluations of player performance in Australian Rules football
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Despite frequent studies in the team sport notational analysis literature looking to encour-
age the use of objective performance rating systems [10, 19, 20], very few studies have looked
specifically at identifying the specific mechanisms behind subjective evaluation of individual
performance in team sports. Pappalardo, Cintia [8], analysed human evaluations of elite soccer
performance using performance indicators and contextual information relating to each match
performance. The authors illustrated that subjective ratings of performance were biased
towards specific performance indicators, as well as contextual factors such as the outcome of a
game, and the expected outcome of a game as estimated by bookmakers. Their findings indi-
cated that in order to improve overall performance evaluations, player analysis should be a bal-
ance between objective performance measures and subjective values such as insights from
qualitative skill qualities. These findings are indicative of those in other fields, which have
shown that humans are susceptible to many errors and biases in decision making, and have
limits to the amount of information they can comprehend [21, 22].

In AF, the majority of research on evaluating player performance has had a specific focus
on assessing performance indicators in order to explain or predict playing performance [11,
12, 23–26]. Further to this, various other research in AF has been undertaken in other areas,
such as assessing the relationship between performance indicators and match outcome [2, 27,
28], playing position [29, 30], and trends in game-play [31].

This study aimed to identify the extent to which performance indicators can explain subjec-
tive ratings of player performance in the AFL. A secondary aim was to compare subjective and
objective ratings of player performance. The rationale for this study was to identify the rela-
tionship between subjective ratings of performance and the most basic comprehendible per-
formance indicators, in order to add to the existing understanding of the extent to which
human decisions are related to measurable aspects of a player’s performance. The methodolo-
gies are expressed as an exemplar of what could be implemented within professional AF orga-
nisations using their own specific subjective rating processes. An understanding of these
insights could be beneficial in supporting organisational decisions relating to weekly team
selection, player recruitment, as well as player contracting and financial remuneration; each
which have ramifications on team outcomes.

Materials andmethods

Data

Two separate measures of player performance were collected for each player during 1026
matches played throughout the 2013–2017 AFL seasons. This included 22 matches played by
each team during the regular season, as well as a total of nine matches played throughout the
finals series each season. One match was abandoned prior to play during the 2015 season. Fur-
ther, the eight drawn matches that occurred throughout the 2013–2017 seasons were removed
from the analyses.

The Inside Football Player Ratings (IFPR) were obtained from http://www.aflplayerratings.
com.au, which is a subjective measure of player performance, rated continuously from zero to
ten, based on human interpretation of a player’s performance (‘Inside Football’ is the commer-
cial publication for these publically available player ratings). The ratings for each match were
completed by a single AFL accredited journalist who was covering the game for Inside Football
(most of whom had 10+ years in the industry). The journalist covering the game was at the
ground in the majority of instances, and ratings were provided immediately post-match. The
AFL Player Ratings were acquired from Champion Data (also available from http://www.afl.
com.au/stats), which is an objective measure of player performance, rated on an open-ended
continuous scale, and based on the principle of field equity [14]. The rating process is derived

Comparing subjective and objective evaluations of player performance in Australian Rules football

PLOSONE | https://doi.org/10.1371/journal.pone.0220901 August 14, 2019 3 / 16

1 7



from contextual information collected in real time by trained Champion Data staff (corrected
postgame), and is determined by how much each player’s actions increase or decrease their
team’s expected value of scoring [14]. The validity and reliability of the data provided by
Champion Data is not publicly available. However, previous research conducted in AF has
reported the validity of the performance indicators collected by Champion Data as high [32],
and the reliability (as determined by an external assessment) as very high (ICC ranged from
0.947–1.000 for the included performance indicators) [2]. Nine player performance indicators
were collected from http://www.afl.com.au/stats, for each player and match included in the
dataset. These indicators were selected due to being widely reported and available, as well as
being previously reported in the literature [2, 11, 28]. These performance indicators and their
definitions are outlined in Table 1. Player role classifications were collected for each player,
based on Champions Data’s classification for each player at the end of each respective AFL sea-
son. These classifications are defined in Table 2. Additionally, a player’s age for each corre-
sponding season (range: 18 to 40), and the match outcome for each match (Win and Losses;
dummy coded as 1 and 0, respectively) were also collected. See S1 Dataset for all data collected
on players.

Statistical analysis

Descriptive statistics (mean and standard deviation) were calculated for each of the two player
rating measures, as well as for each respective player role. To determine the variation between
the two rating systems, as well as each of the playing roles, the coefficient of variation was cal-
culated for each. To determine the level of association between the two player rating systems
and each of the features univariately (all performance indicators, as well as age and match out-
come), correlational analyses were undertaken. This analysis was undertaken using theHmisc
package [33] in the R statistical computing software version 3.3.2 [34], and visualised using a
correlogram.

A linear mixed model analysis was undertaken to determine the extent to which each of the
features explained IFPR. This particular approach was used to control the variability created
by the repeated measures on each player. This analysis was undertaken using the lme4 package
[35]. All factors (besides position) were standardised and centred with a mean = 0 prior to the

Table 1. Definitions of the Australian rules football performance indicators used in this study.

Performance
Indicator

Definition

Kick Disposing of the football with any part of the leg below the knee.

Handball Disposing of the football by hitting it with the clenched fist of one hand, while holding it
with the other.

Mark Catching or taking control of the football after it has been kicked by another player a
distance of at least 15 metres without touching the ground or being touched by another
player.

Tackle Taking hold of an opposition player in possession of the ball, in order to impede his progress
or to force him to dispose of the ball quickly.

Free For An infringement in favour of the player as called by the umpire.

Free Against An infringement against the player as called by the umpire.

Hitout A tap by a ruckman after a ball up or bounce by the umpire.

Goals The maximum possible score (6 points) achieved by kicking the ball between the two
goalposts without touching a post or any player.

Behinds A score worth one point, achieved by the ball crossing between a goalpost and a behind post,
or by the ball hitting a goalpost, or by the ball being touched prior to passing between the
goalposts.

https://doi.org/10.1371/journal.pone.0220901.t001
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analysis to allow for Beta coefficient comparisons. In the model, player and season were treated
as separate random effects, whilst all other factors were considered as fixed effects.

A recursive partitioning and regression tree model [36, 37] was undertaken as a secondary
method to determine the extent to which each of the features explained IFPR. This analysis
was undertaken using the rpart package, which uses the CART algorithm (classification and
regression trees) [38]. A minimum of 100 cases were needed for each node to split, and the
complexity parameter was set at 0.001 in order to maximise the number of outcome variables
in the model. These measures were employed in order to avoid overfitting and to produce a
more parsimonious model. Data were split whereby the 2013–2016 seasons were used to train
the model, which was then subsequently tested on the 2017 season. Results of the model were
displayed using a tree visualisation and a histogram outlining the model accuracy. Addition-
ally, the recursive partitioning and regression tree analysis was conducted firstly on the whole
dataset and then separately for each of the seven respective player roles.

A comparison of the IFPR and AFL Player Ratings was created for two specific players as a
practical decision support application. Specifically, the deviation of each player’s season mean
ratings was compared to the overall sample mean for each rating system. This application
allowed for a descriptive analysis and visualisation of the difference in evaluation between the
subjective and objective systems.

Results

Descriptive statistics of each player role for both the IFPR and the AFL Player Ratings mea-
sures are presented in Fig 1. The overall mean and standard deviation of each rating system
was 5.25 ± 1.73 for the IFPR, and 9.65 ± 5.58 for the AFL Player Ratings. The coefficient of var-
iation for each system was 32.9% and 57.8%, respectively. The results of the Pearson’s correla-
tion analysis indicated a moderate association (r = 0.60) between the AFL Player Ratings and
the IFPR. Further, the IFPR and marks both showed moderate associations (r = 0.64 and
r = 0.53) with kicks. All of the remaining associations were r< 0.50 and are outlined in Figs 2.
and 3 outlines the distribution on AFL Player Ratings along the various levels of IFPR, indicat-
ing that as the IFPR increases, the mean AFL Player Ratings increases and the distribution
becomes more spread.

The results of the linear mixed model are outlined in Table 3. All features except for frees
against, behinds and age contribute significantly to the model (p< 0.001), with kicks and
handballs having the highest Beta coefficients of 0.844 and 0.646, respectively. The model pro-
duced a root mean square error of 0.98 in association with the IFPR. The random effect
accounting for the difference between seasons ranged by 0.09 IFPR across the five seasons,

Table 2. Champions data’s descriptions of the seven player roles used in this study.

Player Roles Description

General
Defender

Plays a role on opposition small-medium forwards and usually helps create play from the
backline

Key Defender Plays on opposition key forwards with the primary role of nullifying his opponent

General
Forward

Plays predominantly in the forward half of the ground but with more freedom than a key forward

Key Forward Plays predominantly as a tall marking target in the forward line

Midfielder Spends the majority of time playing on the ball or on the wing

Midfield
Forward

Splits time equally between the forward line and the midfield. Often lines up on the half-forward
flank but plays a significant amount of time in the midfield

Ruck Has the primary role of competing for hit-outs at a stoppage

https://doi.org/10.1371/journal.pone.0220901.t002
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Fig 1. Standardised density distribution (%) of each player role. (A) Inside Football Player Ratings and (B) AFL Player Ratings, across the 2013–2017 AFL seasons.
Vertical lines indicate mean and ± one standard deviation.

https://doi.org/10.1371/journal.pone.0220901.g001

Fig 2. Correlogram outlining the Pearson correlation coefficients (r) between all features used within the study.

https://doi.org/10.1371/journal.pone.0220901.g002
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Fig 3. Standardised density distribution (%) of AFL Player Ratings across levels of Inside Football Player Ratings.
Vertical lines indicate mean and ± one standard deviation.

https://doi.org/10.1371/journal.pone.0220901.g003

Table 3. Results of the linear mixed model (dependent variable is “Inside Football Player Ratings”).

Performance Indicator Č Std. Error P
Kicks 0.844 0.007 < 0.001

Handballs 0.646 0.006 < 0.001

Marks 0.091 0.006 < 0.001

Tackles 0.150 0.006 < 0.001

Frees For 0.047 0.005 < 0.001

Frees Against -0.004 0.005 0.467

Hitouts 0.290 0.011 < 0.001

Goals 0.510 0.006 < 0.001

Behinds 0.004 0.005 0.473

Match Outcome 0.217 0.005 < 0.001

Age 0.011 0.010 0.261

Positional role (General Forward) -0.406 0.026 < 0.001

Positional role (Key Defender) 0.486 0.030 < 0.001

Positional role (Key Forward) -0.330 0.035 < 0.001

Positional role (Midfield) -0.310 0.023 < 0.001

Positional role (Midfield Forward) -0.310 0.028 < 0.001

Positional role (Ruck) -0.321 0.054 < 0.001

Reference level for positional role: General Defender.

https://doi.org/10.1371/journal.pone.0220901.t003
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indicating minimal variation. The random effect accounting for differences between players
ranged by 1.73 IFPR across the 1052 players, indicating that the mixed model varied substan-
tially in its ability to explain player performance for all players.

The full recursive partitioning and regression tree model is presented in Fig 4. Despite hav-
ing 38 terminal nodes, only the features relating to ball disposal (kicks and handballs), scoring
(goals and behinds), match outcome and hitouts contribute to the model. The splitting of the
nodes within each branch indicates that having a greater total count of each performance indi-
cator results in a higher rating of performance, except for behinds. None of the terminal nodes
explain the outcome variables zero, nine or ten. The results of this model are outlined in Fig 5
and display that the IFPR could be explained exactly in 35.8% of instances, and within 1.0
IFPR point 81.0% of the time. The positive x-axis variables indicate that the model-expected
IFPR was higher than the actual IFPR. Conversely, the negative x-axis variables indicate that
the model-expected IFPR was lower than the actual IFPR.

S1–S7 Figs outline the separate recursive partitioning and regression tree models based on
each player role. As with the full model, none of the terminal nodes explain the outcome vari-
ables zero or ten; however the models based on Key Forwards and Midfielders do explain the
outcome variable nine. Further, the model based on Key Defenders also excludes the outcome
variables one and eight. Each of the separate models included six or more features, with kicks
and handballs featuring heavily in all. Kicks was the root node in all models except for Rucks
and Key Forwards, where hitouts and goals where the root node in each, respectively. The
most notable additional changes from the full model were that goals featured frequently in the
models for Key and General Forwards, marks featured frequently in Key and General Defend-
ers, as well as Key Forwards, tackles for General Defenders, Key Forwards and Midfielders,

Fig 4. Recursive partitioning and regression tree model explaining Inside Football Player Ratings frommatch performance indicators. Terminal
node variables outline the model-expected Inside Football Player Rating. Decimals indicate the absolute classification rate at the node.

https://doi.org/10.1371/journal.pone.0220901.g004
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and hitouts for Ruckmen. The range of accuracy for explaining IFPR exactly in these separate
models varied from 25.2% for Key Defenders to 41.7% for Midfielders. The accuracy within
1.0 IFPR point either side varied from 70.3% for Key Defenders to 88.6% for Midfielders.

Fig 6 outlines the distribution of IFPR and AFL Player Ratings for winning and losing
teams across the five seasons. The abovementioned random effects accounting for player dif-
ferences provide an indication of the individual players who were most consistently under-
and over-rated as estimated by the linear mixed model, after adjusting for the fixed effect fac-
tors. Two individuals were selected, with a comparison of subjective and objective evaluations
of their performance undertaken as an exemplar of the application. Specifically, in order to
compare their evaluations between the two rating systems on different scales, the deviation of
their seasonal mean rating from the overall sample mean were calculated for each system.
Table 4 outlines the deviation of their seasonal mean ratings from the overall sample mean of
rating values for the two respective players. Additionally, Figs 7 and 8 outline how this could
be visualised for ease of interpretability in an applied setting.

Discussion

This study aimed to identify the extent to which performance indicators can explain subjective
ratings of player performance. A secondary aim was to compare subjective and objective evalu-
ations of player performance. To achieve the primary aim, two separate models were fit identi-
fying the relationship between our exemplar subjective rating system, the IFPR, and the
selected performance indicators. To achieve the secondary aim, a descriptive analysis and visu-
alisation was conducted to outline the potential discrepancies noted between subjective and
objective evaluations of player performance. Together, these methodologies are expressed as

Fig 5. Difference in actual and model-expected Inside Football Player Ratings.

https://doi.org/10.1371/journal.pone.0220901.g005
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an exemplar of what could be implemented within professional AF organisation using their
own specific subjective rating processes.

Inspection of the coefficient of variation for each playing role, and the descriptive statistics
outlined in Fig 1 indicates that the distribution of ratings in the subjective IFPR system is more
variable between each of the player role classifications, in comparison to the objective AFL
Player Ratings system. In addition to this, in both ratings systems the mean values for mid-
fielders are higher than that for all other player roles. This aligns with the aforementioned
biases noted within both AF and the wider team sport literature [12, 16, 17].

Both the linear mixed model and recursive partitioning and regression tree models provide
an objective view of how subjective analyses of performance are explained. Each of the models
reflect the results of the other, and outline that when explaining subjective assessment of per-
formance, a small number of features account for a large majority of the variance. The changes
seen in the recursive partitioning and regression tree model once analysed separately by posi-
tion supports the notion that specific indicators differ between playing roles, indicating that
controlling for player role when explaining player performance subjectively is important, to

Fig 6. Density of ratings given for all players based on match outcome (Wins and Losses). (A) Inside Football Player Ratings and (B) AFL Player Ratings, across the
2013–2017 AFL seasons.

https://doi.org/10.1371/journal.pone.0220901.g006

Table 4. Variation of seasonal mean ratings from the overall sample mean ratings for Paul Puopolo and Ben Jacobs.

Paul Puopolo Ben Jacobs

Season IFPR SD from
Sample Mean

AFL Player Rating SD from
Sample Mean

Difference in
Deviation

IFPR SD from
Sample Mean

AFL Player Rating SD from
Sample Mean

Difference in
Deviation

2013 0.93 0.94 -0.01

2014 0.37 0.60 -0.23 -0.91 -0.74 -0.17

2015 0.39 0.92 -0.53 -0.15 -0.78 0.63

2016 0.17 0.98 -0.81 0.60 -0.76 1.36

2017 -0.56 0.83 -1.39 1.07 -0.70 1.77

https://doi.org/10.1371/journal.pone.0220901.t004
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account for the roles specific to each positional group [39]. Further, both models display a neg-
ative association between behinds and expected IFPR, thus indicating that behinds might be
viewed as inefficient. This is not surprising, as though behinds contribute to team scoring, they
also result in a loss of possession. The agreement levels outlined in both models indicates that
alone the features used cannot fully explain the IFPR process. This may be a result of the fea-
tures used not being able to fully capture aspects of technical performance, or potentially
because the subjective assessors of performance consider more in depth performance actions,
other contextual information (i.e., strength of opponent, expected match outcome) or are
influenced by their own individual biases.

The recursive partitioning and regression tree model provides a visual representation of
what performance indicators subjective raters tend to associate with better or worse perfor-
mances. This is particularly visible by conceptualising the explanations of the highest and low-
est IFPR values within each of the trees (i.e., the limbs stemming from the root node to the
highest or lowest outcome variable of each recursive partitioning and regression tree). Whilst
we observe that for the more frequently occurring IFPR outcome variables, performance rating
can be explained in various ways, by various combinations of associated performance indica-
tors. However, despite each recursive partitioning and regression tree (full model and player
role specific models) incorporating six or more of these features, explanation of performances
which are associated with highest or lowest IFPR values are explained by just the features

Fig 7. Paul Puopolo’s average season ratings in comparison to the distribution of all player’s average ratings. (A) Inside Football Player Ratings and (B) AFL Player
Ratings, across the 2013–2017 AFL seasons. Dark grey indicates mean ± SD, medium grey indicates one to two SD, and light grey indicates two plus SD.

https://doi.org/10.1371/journal.pone.0220901.g007
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kicks, handballs and one or two other features for all player roles, except rucks which has three
other features. This explanation of performance associated with the highest and lowest ratings
aligns with previous research, whereby subjective evaluation of performance has been shown to
rely on the presence of noticeable features that are specific to a player’s role, and are easily
brought to mind [8, 40]. For example, a specific instance of a positively associated noticeable
feature in this study is goals for key forwards; whereby the model can explain the subjective rat-
ing of performance for players who kick four or more goals, irrespective of any other features.

Applications of these models have the potential to be beneficial in supporting the decision
making processes in professional AF organisations. Figs 7 and 8 provide specific comparisons
of how the subjective and objective evaluations of player performance outlined in Table 4 can
be compared, and visualised. Specifically Fig 7 indicates that the player is objectively rated
more highly across all four seasons in comparison to the subjective ratings system. Conversely,
Fig 8 indicates that whilst the subjective rating system shows the individuals performance has
progressed across his four seasons, the objective rating system indicates that performance has
remained very similar. Without the ability to unequivocally identify the reasons for these
inconsistencies, this highlights the importance of considering both subjective and objective
measures when evaluating player performance.

In an applied setting, these findings advocate for performance evaluators and key decision
makers (i.e., coaches, player scouts) to utilise both types of evaluations, and to be aware of

Fig 8. Ben Jacobs’ average season ratings in comparison to the distribution of all player’s average ratings. (A) Inside Football Player Ratings and (B) AFL Player
Ratings, across the 2013–2017 AFL seasons. Dark grey indicates mean ± SD, medium grey indicates one to two SD, and light grey indicates two plus SD.

https://doi.org/10.1371/journal.pone.0220901.g008
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their differences. Further, it also encourages the need for these key decision makers to be
aware of the various reasons which could account for these differences, as well as the tenden-
cies of the subjective performance assessors. As an example, the objective measure may not
capture and fully account for certain aspects of the game, such as off-ball defensive acts, which
would be important to know when evaluating individual players who have a specific role to
negate an opposition player. Alternately, the subjective assessor may be prone to certain biases,
such as a personal bias, and may consistently under- or over-rate certain players.

Some limitations of this study should also be noted. Though the mixed model approach in
this study was able to account for repeated measures in the dataset, the recursive partitioning
and regression tree model did not. Despite this limitation, as the results of the linear mixed
model indicated minimal effects from the repeated measures variables, the recursive partition-
ing and regression tree model was subsequently used due to its interpretability as an applied
application, and its ability identify non-linear trends. Another limitation is that not all avail-
able performance indicators were used to construct the models. Future research could look to
include these, as well as other factors such as anthropometric features to further analyse sub-
jective ratings of player performance in AF. Specifically, future research should target the sub-
jective ratings of key decision makers within applied sporting organisations (i.e., coaches and
scouts), to further understand the validity and reliability of their organisational decision mak-
ing processes.

Conclusions

The models developed in this study provide an explanation of subjective analyses of performance
in AF. Specifically, it demonstrates that subjective perceptions of performance can be somewhat
accurately explained whilst considering a small number of performance indicators specific to a
player’s role. Further, though there is an ongoing development of objective data and player perfor-
mance measures in both AF and wider team sport literature, the results of this study support the
notion that overall player performance evaluations should consider both subjective and objective
assessments in a complementary manner to accurately evaluate player performance.

Supporting information

S1 Dataset. De-identified dataset of all players.
(XLSX)

S1 Fig. Classification tree model explaining Inside Football Player Ratings for General
Defenders frommatch performance indicators. Terminal node variables outline the model-
expected Inside Football Player Rating. Decimals indicate the absolute classification rate at the
node.
(TIF)

S2 Fig. Classification tree model explaining Inside Football Player Ratings for General For-
wards frommatch performance indicators. Terminal node variables outline the model-
expected Inside Football Player Rating. Decimals indicate the absolute classification rate at the
node.
(TIF)

S3 Fig. Classification tree model explaining Inside Football Player Ratings for Key Defend-
ers frommatch performance indicators. Terminal node variables outline the model-expected
Inside Football Player Rating. Decimals indicate the absolute classification rate at the node.
(TIF)
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S4 Fig. Classification tree model explaining Inside Football Player Ratings for Key For-
wards frommatch performance indicators. Terminal node variables outline the model-
expected Inside Football Player Rating. Decimals indicate the absolute classification rate at the
node.
(TIF)

S5 Fig. Classification tree model explaining Inside Football Player Ratings for Midfielders
frommatch performance indicators. Terminal node variables outline the model-expected
Inside Football Player Rating. Decimals indicate the absolute classification rate at the node.
(TIF)

S6 Fig. Classification tree model explaining Inside Football Player Ratings for Midfield
Forwards frommatch performance indicators. Terminal node variables outline the model-
expected Inside Football Player Rating. Decimals indicate the absolute classification rate at the
node.
(TIF)

S7 Fig. Classification tree model explaining Inside Football Player Ratings for Rucks from
match performance indicators. Terminal node variables outline the model-expected Inside
Football Player Rating. Decimals indicate the absolute classification rate at the node.
(TIF)
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Comparing subjective and objective evaluations of player performance in 

Australian Rules football 

6.1 Abstract 

Player evaluation plays a fundamental role in the decision-making processes of professional 

sporting organisations. In the Australian Football League, both subjective and objective 

evaluations of player match performance are commonplace. This study aimed to identify the 

extent to which performance indicators can explain subjective ratings of player performance. 

A secondary aim was to compare subjective and objective ratings of player performance. Inside 

Football Player Ratings (IFPR) and AFL Player Ratings were collected as subjective and 

objective evaluations of player performance, respectively, for each player during all 1026 

matches throughout the 2013-2017 AFL seasons. Nine common player performance indicators, 

player role classification, player age and match outcomes were also collected. Standardised 

linear mixed model and recursive partitioning and regression tree models were undertaken 

across the whole dataset, as well as separately for each of the seven player roles. The mixed 

model analysis produced a model associating the performance indicators with IFPR at a root 

mean square error of 0.98. Random effects accounting for differences between seasons and 

players ranged by 0.09 and 1.73 IFPR each across the five seasons and 1052 players, 

respectively. The recursive partitioning and regression tree model explained IFPR exactly in 

35.8% of instances, and to within 1.0 IFPR point in 81.0% of instances. When analysed 

separately by player role, exact explanation varied from 25.2% to 41.7%, and within 1.0 IFPR 

point from 70.3% to 88.6%. Overall, kicks and handballs were most associated with the IFPR. 

This study highlights that a select few features account for a majority of the variance when 

explaining subjective ratings of player performance, and that these vary by player role. 
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Australian Football League organisations should utilise both subjective and objective 

assessments of performance to gain a better understanding of the differences associated with 

subjective performance assessment. 

6.2 Introduction 

Player evaluation plays a fundamental role in the decision-making processes of professional 

sporting organisations, including player monitoring, team selection, player contracting and 

scouting (Robertson et al., 2016; Ryoo, Kim & Park, 2018; Woods, Robertson, Collier, 

Swinbourne & Leicht, 2018). Despite widespread and available objective data within 

professional team sports, a reluctance of key decision makers to utilise these measures to 

develop and integrate decision support systems within their organisations remains (Alamar & 

Mehrotra, 2011; Hunt, Haynes, Hanna & Smith, 1998; Robertson et al., 2017). Despite this 

reluctance, there has been various literature outlining the benefits of considering objective 

evaluations of performance to support organisational decision-making processes (Carling et 

al., 2008; Pappalardo et al., 2017; Woods, Robertson, et al., 2018). Though these studies 

proclaim the benefits of objective evaluations (i.e., reliability and consistency), they each 

emphasise the importance of utilising both objective and subjective evaluations of performance 

in a complementary manner, to highlight whether inconsistencies exist between the evaluations 

and to ultimately improve player evaluation. 

Australian Rules football (AF) is a dynamic invasion team sport played on a large oval field 

between two opposing teams consisting of 22 players each (18 on the field and four 

interchange). Due to the dynamic nature of the sport and the complex interactions which occur 
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in AF, individual performance is difficult to analyse, both subjectively and objectively 

(Gerrard, 2007; McIntosh et al., 2018b). Despite this, various objective player performance 

measures have been created based on player performance in the elite competition of AF, the 

Australian Football League (AFL). Examples within the notational analysis literature include 

Stewart et al. (2007) who created a player ranking model by identifying the most important 

performance indicators, and including those with the strongest relationship to team winning 

margin. Heasman et al. (2008) created a player impact rating which assigned numerical values 

to each performance indicator relative to its perceived worth. These values were then weighted 

relative to environmental situations of the match, and adjusted relative to a player’s time on 

ground.  

Various objective player performance measures also exist for commercial purposes. Examples 

include the ‘AFL Player Rankings’ and the ‘AFL Player Ratings’, which are both produced by 

statistics provider Champion Data (Champion Data Pty Ltd., Melbourne, Australia). The 

former takes a similar approach to that of Stewart et al. (2007), however extends this model to 

include over 50 variables (Herald Sun, 2016), and is used for the fantasy competition 

‘SuperCoach’ (www.supercoach.heraldsun.com.au). The latter takes an alternate approach to 

most player performance rating systems, and is based on the principle of field equity. In this 

system, each action is quantified relative to how much the action increases or decreases their 

team’s expected value of scoring next (Jackson, 2009). A player’s overall performance is then 

measured by the overall change in equity that is created by that player’s actions during the 

game (Jackson, 2009).  

Subjective analyses of performance are also commonplace within the AFL. Examples include 

the AFL Coaches Association award and the AFL’s award for the fairest and best player 



176 

(Charles Brownlow Medal). Votes for each of these awards are cast at the conclusion of each 

match, based on the players deemed most influential during the match. Votes for the AFL 

Coaches Association award are cast by the senior coaches from both competing teams, and 

votes for the fairest and best player are cast by the field umpires. Further, various clubs use 

subjective coach ratings as a way of determining club based awards (Fox Sports, 2018), and 

various media sources publish subjective ratings for public interest. 

A common criticism of player performance evaluation in AF, as well as other team sports (i.e., 

basketball), is their bias towards players whose specific role involves being more frequently 

involved in the play, enabling their actions to have a more tangible effect on performance 

evaluation (Martínez & Martínez, 2011; Niall, 2018). These biases have been noted within the 

notational team sport literature in relation to both subjective and objective player performance 

analyses (Heasman et al., 2008; McHale et al., 2012). For AF, this specifically relates to 

midfield players whose role is more centred on following the play to obtain/maintain 

possession of the ball and improving their team’s field position. Previous objective player 

performance measures have combatted this by suggesting that player performance comparisons 

should be only made within players who play the same player roles (Heasman et al., 2008). 

Similar suggestions have been made in other team sports such as rugby union (James et al., 

2005).  

Despite frequent studies in the team sport notational analysis literature looking to encourage 

the use of objective performance rating systems (McHale et al., 2012; McIntosh et al., 2018b; 

Radovanović et al., 2013), very few studies have looked specifically at identifying the specific 

mechanisms behind subjective evaluation of individual performance in team sports. Pappalardo 

et al. (2017), analysed human evaluations of elite soccer performance using performance 
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indicators and contextual information relating to each match performance. The authors 

illustrated that subjective ratings of performance were biased towards specific performance 

indicators, as well as contextual factors such as the outcome of a game, and the expected 

outcome of a game as estimated by bookmakers. Their findings indicated that in order to 

improve overall performance evaluations, player analysis should be a balance between 

objective performance measures and subjective values such as insights from qualitative skill 

qualities. These findings are indicative of those in other fields, which have shown that humans 

are susceptible to many errors and biases in decision-making, and have limits to the amount of 

information they can comprehend (Grove et al., 2000; Miller, 1956).  

In AF, the majority of research on evaluating player performance has had a specific focus on 

assessing performance indicators in order to explain or predict playing performance (Heasman 

et al., 2008; McIntosh et al., 2019b; Stewart et al., 2007; Tangalos et al., 2015; Woods et al., 

2016; Woods, Veale, Collier & Robertson, 2017). Further to this, various other research in AF 

has been undertaken in other areas, such as assessing the relationship between performance 

indicators and match outcome (Robertson, Back, et al., 2015; Robertson et al., 2016; Young, 

Luo, Gastin, Tran, et al., 2019), playing position (McIntosh et al., 2018a; Woods, Veale, et al., 

2018), and trends in game-play (Woods, Robertson, et al., 2017). 

This study aimed to identify the extent to which performance indicators can explain subjective 

ratings of player performance in the AFL. A secondary aim was to compare subjective and 

objective ratings of player performance. The rationale for this study was to identify the 

relationship between subjective ratings of performance and the most basic comprehendible 

performance indicators, in order to add to the existing understanding of the extent to which 

human decisions are related to measurable aspects of a player’s performance. The 
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methodologies are expressed as an exemplar of what could be implemented within professional 

AF organisations using their own specific subjective rating processes. An understanding of 

these insights could be beneficial in supporting organisational decisions relating to weekly 

team selection, player recruitment, as well as player contracting and financial remuneration; 

each which have ramifications on team outcomes. 

6.3 Methods 

6.3.1 Data 

Two separate measures of player performance were collected for each player during 1026 

matches played throughout the 2013-2017 AFL seasons. This included 22 matches played by 

each team during the regular season, as well as a total of nine matches played throughout the 

finals series each season. One match was abandoned prior to play during the 2015 season. 

Further, the eight drawn matches that occurred throughout the 2013–2017 seasons were 

removed from the analyses. 

The IFPR were obtained from http://www.aflplayerratings.com.au, which is a subjective 

measure of player performance, rated continuously from zero to ten, based on human 

interpretation of a player’s performance (‘Inside Football’ is the commercial publication for 

these publically available player ratings). The ratings for each match were completed by a 

single AFL accredited journalist who was covering the game for Inside Football (most of whom 

had 10+ years in the industry). The journalist covering the game was at the ground in the 

majority of instances, and ratings were provided immediately post-match. The AFL Player 

Ratings were acquired from Champion Data (also available from http://www.afl.com.au/stats), 
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which is an objective measure of player performance, rated on an open-ended continuous scale, 

and based on the principle of field equity (Jackson, 2009). The rating process is derived from 

contextual information collected in real time by trained Champion Data staff (corrected post-

game), and is determined by how much each player’s actions increase or decrease their team’s 

expected value of  scoring (Jackson, 2009). The validity and reliability of the data provided by 

Champion Data is not publicly available. However, previous research conducted in AF has 

reported the validity of the performance indicators collected by Champion Data as high 

(O’Shaughnessy, 2006), and the reliability (as determined by an external assessment) as very 

high (ICC ranged from 0.947–1.000 for the included performance indicators) (Robertson et al., 

2016). Nine player performance indicators were collected from http://www.afl.com.au/stats, 

for each player and match included in the dataset. These indicators were selected due to being 

widely reported and available, as well as being previously reported in the literature (Robertson, 

Back, et al., 2015; Robertson et al., 2016; Stewart et al., 2007). These performance indicators 

and their definitions are outlined in Table 6.1. Player role classifications were collected for 

each player, based on Champions Data’s classification for each player at the end of each 

respective AFL season. These classifications are defined in Table 6.2. Additionally, a player’s 

age for each corresponding season (range: 18 to 40), and the match outcome for each match 

(Win and Losses; dummy coded as 1 and 0, respectively) were also collected. 
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Table 6.1 Definitions of the Australian Rules football performance indicators used in 

this study. 

Performance 
Indicator 

Definition 

Kick Disposing of the football with any part of the leg below the knee. 

Handball Disposing of the football by hitting it with the clenched fist of 
one hand, while holding it with the other. 

Mark Catching or taking control of the football after it has been kicked 
by another player a distance of at least 15 metres without 
touching the ground or being touched by another player. 

Tackle Taking hold of an opposition player in possession of the ball, in 
order to impede his progress or to force him to dispose of the 
ball quickly. 

Free For An infringement in favour of the player as called by the umpire. 

Free Against An infringement against the player as called by the umpire. 

Hitout A tap by a ruckman after a ball up or bounce by the umpire. 

Goals The maximum possible score (6 points) achieved by kicking the 
ball between the two goalposts without touching a post or any 
player. 

Behinds A score worth one point, achieved by the ball crossing between a 
goalpost and a behind post, or by the ball hitting a goalpost, 
or by the ball being touched prior to passing between the 
goalposts. 
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Table 6.2 Champions Data’s descriptions of the seven player roles used in this study. 

6.3.2 Statistical analysis 

Descriptive statistics (mean and standard deviation) were calculated for each of the two player 

rating measures, as well as for each respective player role. To determine the variation between 

the two rating systems, as well as each of the playing roles, the coefficient of variation was 

calculated for each. To determine the level of association between the two player rating systems 

and each of the features univariately (all performance indicators, as well as age and match 

outcome), correlational analyses were undertaken. This analysis was undertaken using the 

Hmisc package (Harrell Jr, 2017) in the R statistical computing software version 3.3.2 (R Core 

Team, 2016), and visualised using a correlogram. 

A linear mixed model analysis was undertaken to determine the extent to which each of the 

features explained IFPR. This particular approach was used to control the variability created 

by the repeated measures on each player. This analysis was undertaken using the lme4 package 

Player Roles Description 

General Defender Plays a role on opposition small-medium forwards and usually helps 
create play from the backline 

Key Defender Plays on opposition key forwards with the primary role of nullifying 
his opponent 

General Forward Plays predominantly in the forward half of the ground but with more 
freedom than a key forward 

Key Forward Plays predominantly as a tall marking target in the forward line 

Midfielder Spends the majority of time playing on the ball or on the wing 

Midfield Forward Splits time equally between the forward line and the midfield. Often 
lines up on the half-forward flank but plays a significant amount 
of time in the midfield 

Ruck Has the primary role of competing for hit-outs at a stoppage 
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(Bates et al., 2015). All factors (besides position) were standardised and centred with a mean 

= 0 prior to the analysis to allow for Beta coefficient comparisons. In the model, player and 

season were treated as separate random effects, whilst all other factors were considered as fixed 

effects.  

A recursive partitioning and regression tree model (Breiman et al., 1984; Gupta et al., 2017) 

was undertaken as a secondary method to determine the extent to which each of the features 

explained IFPR. This analysis was undertaken using the rpart package, which uses the CART 

algorithm (classification and regression trees) (Therneau et al., 2015). A minimum of 100 cases 

were needed for each node to split, and the complexity parameter was set at 0.001 in order to 

maximise the number of outcome variables in the model. These measures were employed in 

order to avoid overfitting and to produce a more parsimonious model. Data were split whereby 

the 2013-2016 seasons were used to train the model, which was then subsequently tested on 

the 2017 season. Results of the model were displayed using a tree visualisation and a histogram 

outlining the model accuracy. Additionally, the recursive partitioning and regression tree 

analysis was conducted firstly on the whole dataset and then separately for each of the seven 

respective player roles. 

A comparison of the IFPR and AFL Player Ratings was created for two specific players as a 

practical decision support application. Specifically, the deviation of each player’s season mean 

ratings was compared to the overall sample mean for each rating system. This application 

allowed for a descriptive analysis and visualisation of the difference in evaluation between the 

subjective and objective systems. 
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6.4 Results 

Descriptive statistics of each player role for both the IFPR and the AFL Player Ratings 

measures are presented in Figure 6.1. The overall mean and standard deviation of each rating 

system was 5.25 ± 1.73 for the IFPR, and 9.65 ± 5.58 for the AFL Player Ratings. The 

coefficient of variation for each system was 32.9% and 57.8%, respectively. The results of the 

Pearson’s correlation analysis indicated a moderate association (r = 0.60) between the AFL 

Player Ratings and the IFPR. Further, the IFPR and marks both showed moderate associations 

(r = 0.64 and r = 0.53) with kicks. All of the remaining associations were r < 0.50 and are 

outlined in Figure 6.2. Figure 6.3 outlines the distribution on AFL Player Ratings along the 

various levels of IFPR, indicating that as the IFPR increases, the mean AFL Player Ratings 

increases and the distribution becomes more spread. 

The results of the linear mixed model are outlined in Table 6.3. All features except for frees 

against, behinds and age contribute significantly to the model (p < 0.001), with kicks and 

handballs having the highest Beta coefficients of 0.844 and 0.646, respectively. The model 

produced a root mean square error of 0.98 in association with the IFPR. The random effect 

accounting for the difference between seasons ranged by 0.09 IFPR across the five seasons, 

indicating minimal variation. The random effect accounting for differences between players 

ranged by 1.73 IFPR across the 1052 players, indicating that the mixed model varied 

substantially in its ability to explain player performance for all players. 
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Figure 6.2 Correlogram outlining the Pearson correlation coefficients (r) between all 

features used within the study. 
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Figure 6.3 Standardised density distribution (%) of AFL Player Ratings across levels 

of Inside Football Player Ratings. Vertical lines indicate mean and ± one 

standard deviation. 
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Table 6.3 Results of the linear mixed model (dependent variable is “Inside Football 

Player Ratings”). 

Performance Indicator β Std. Error P 

Kicks 0.844   0.007 < 0.001 

Handballs 0.646  0.006 < 0.001 

Marks 0.091   0.006 < 0.001 

Tackles 0.150   0.006 < 0.001 

Frees For 0.047  0.005 < 0.001 

Frees Against -0.004 0.005 0.467 

Hitouts 0.290 0.011 < 0.001 

Goals 0.510 0.006 < 0.001 

Behinds 0.004 0.005 0.473 

Match Outcome 0.217 0.005 < 0.001 

Age 0.011 0.010 0.261 

Positional role (General Forward) -0.406 0.026 < 0.001 

Positional role (Key Defender) 0.486   0.030 < 0.001 

Positional role (Key Forward) -0.330 0.035 < 0.001 

Positional role (Midfield) -0.310 0.023 < 0.001 

Positional role (Midfield Forward) -0.310 0.028 < 0.001 

Positional role (Ruck) -0.321 0.054 < 0.001 
         Reference level for positional role: General Defender. 
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The full recursive partitioning and regression tree model is presented in Figure 6.4. Despite 

having 38 terminal nodes, only the features relating to ball disposal (kicks and handballs), 

scoring (goals and behinds), match outcome and hitouts contribute to the model. The splitting 

of the nodes within each branch indicates that having a greater total count of each performance 

indicator results in a higher rating of performance, except for behinds. None of the terminal 

nodes explain the outcome variables zero, nine or ten. The results of this model are outlined in 

Figure 6.5 and display that the IFPR could be explained exactly in 35.8% of instances, and 

within 1.0 IFPR point 81.0% of the time. The positive x-axis variables indicate that the model-

expected IFPR was higher than the actual IFPR. Conversely, the negative x-axis variables 

indicate that the model-expected IFPR was lower than the actual IFPR. 

Appendices C.1-C.7 outline the separate recursive partitioning and regression tree models 

based on each player role. As with the full model, none of the terminal nodes explain the 

outcome variables zero or ten; however the models based on Key Forwards and Midfielders do 

explain the outcome variable nine. Further, the model based on Key Defenders also excludes 

the outcome variables one and eight. Each of the separate models included six or more features, 

with kicks and handballs featuring heavily in all. Kicks was the root node in all models except 

for Rucks and Key Forwards, where hitouts and goals where the root node in each, respectively. 

The most notable additional changes from the full model were that goals featured frequently in 

the models for Key and General Forwards, marks featured frequently in Key and General 

Defenders, as well as Key Forwards, tackles for General Defenders, Key Forwards and 

Midfielders, and hitouts for Ruckmen. The range of accuracy for explaining IFPR exactly in 

these separate models varied from 25.2% for Key Defenders to 41.7% for Midfielders. The 
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accuracy within 1.0 IFPR point either side varied from 70.3% for Key Defenders to 88.6% for 

Midfielders. 

Figure 6.6 outlines the distribution of IFPR and AFL Player Ratings for winning and losing 

teams across the five seasons. The abovementioned random effects accounting for player 

differences provide an indication of the individual players who were most consistently under- 

and over-rated as estimated by the linear mixed model, after adjusting for the fixed effect 

factors. Two individuals were selected, with a comparison of subjective and objective 

evaluations of their performance undertaken as an exemplar of the application. Specifically, in 

order to compare their evaluations between the two rating systems on different scales, the 

deviation of their seasonal mean rating from the overall sample mean were calculated for each 

system. Table 6.4 outlines the deviation of their seasonal mean ratings from the overall sample 

mean of rating values for the two respective players. Additionally, Figure 6.7 and Figure 6.8 

outline how this could be visualised for ease of interpretability in an applied setting.
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Figure 6.5 Difference in actual and model-expected Inside Football Player Ratings. 
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6.5 Discussion 

This study aimed to identify the extent to which performance indicators can explain subjective 

ratings of player performance. A secondary aim was to compare subjective and objective 

evaluations of player performance. To achieve the primary aim, two separate models were fit 

identifying the relationship between our exemplar subjective rating system, the IFPR, and the 

selected performance indicators. To achieve the secondary aim, a descriptive analysis and 

visualisation was conducted to outline the potential discrepancies noted between subjective and 

objective evaluations of player performance. Together, these methodologies are expressed as 

an exemplar of what could be implemented within professional AF organisation using their 

own specific subjective rating processes. 

Inspection of the coefficient of variation for each playing role, and the descriptive statistics 

outlined in Figure 6.1 indicates that the distribution of ratings in the subjective IFPR system is 

more variable between each of the player role classifications, in comparison to the objective 

AFL Player Ratings system. In addition to this, in both ratings systems the mean values for 

midfielders are higher than that for all other player roles. This aligns with the aforementioned 

biases noted within both AF and the wider team sport literature (Heasman et al., 2008; Martínez 

& Martínez, 2011; Niall, 2018). 

Both the linear mixed model and recursive partitioning and regression tree models provide an 

objective view of how subjective analyses of performance are explained. Each of the models 

reflect the results of the other, and outline that when explaining subjective assessment of 

performance, a small number of features account for a large majority of the variance. The 

changes seen in the recursive partitioning and regression tree model once analysed separately 

by position supports the notion that specific indicators differ between playing roles, indicating 
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that controlling for player role when explaining player performance subjectively is important, 

to account for the roles specific to each positional group (Torgler & Schmidt, 2007). Further, 

both models display a negative association between behinds and expected IFPR, thus indicating 

that behinds might be viewed as inefficient. This is not surprising, as though behinds contribute 

to team scoring, they also result in a loss of possession. The agreement levels outlined in both 

models indicates that alone the features used cannot fully explain the IFPR process. This may 

be a result of the features used not being able to fully capture aspects of technical performance, 

or potentially because the subjective assessors of performance consider more in depth  

performance actions, other contextual information (i.e., strength of opponent, expected match 

outcome) or are influenced by their own individual biases. 

The recursive partitioning and regression tree model provides a visual representation of what 

performance indicators subjective raters tend to associate with better or worse performances. 

This is particularly visible by conceptualising the explanations of the highest and lowest IFPR 

values within each of the trees (i.e., the limbs stemming from the root node to the highest or 

lowest outcome variable of each recursive partitioning and regression tree). Whilst we observe 

that for the more frequently occurring IFPR outcome variables, performance rating can be 

explained in various ways, by various combinations of associated performance indicators. 

However, despite each recursive partitioning and regression tree (full model and player role 

specific models) incorporating six or more of these features, explanation of performances 

which are associated with highest or lowest IFPR values are explained by just the features 

kicks, handballs and one or two other features for all player roles, except rucks which has three 

other features. This explanation of performance associated with the highest and lowest ratings 

aligns with previous research, whereby subjective evaluation of performance has been shown 

to rely on the presence of noticeable features that are specific to a player’s role, and are easily 
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brought to mind (Pappalardo et al., 2017; Parrington, Ball & Macmahon, 2013). For example, 

a specific instance of a positively associated noticeable feature in this study is goals for key 

forwards; whereby the model can explain the subjective rating of performance for players who 

kick four or more goals, irrespective of any other features. 

Applications of these models have the potential to be beneficial in supporting the decision-

making processes in professional AF organisations. Figures 6.7 and 6.8 provide specific 

comparisons of how the subjective and objective evaluations of player performance outlined 

in Table 6.4 can be compared, and visualised. Specifically Figure 6.7 indicates that the player 

is objectively rated more highly across all four seasons in comparison to the subjective ratings 

system. Conversely, Figure 6.8 indicates that whilst the subjective rating system shows the 

individuals performance has progressed across his four seasons, the objective rating system 

indicates that performance has remained very similar. Without the ability to unequivocally 

identify the reasons for these inconsistencies, this highlights the importance of considering both 

subjective and objective measures when evaluating player performance.  

In an applied setting, these findings advocate for performance evaluators and key decision 

makers (i.e., coaches, player scouts) to utilise both types of evaluations, and to be aware of 

their differences. Further, it also encourages the need for these key decision makers to be aware 

of the various reasons which could account for these differences, as well as the tendencies of 

the subjective performance assessors. As an example, the objective measure may not capture 

and fully account for certain aspects of the game, such as off-ball defensive acts, which would 

be important to know when evaluating individual players who have a specific role to negate an 

opposition player. Alternately, the subjective assessor may be prone to certain biases, such as 

a personal bias, and may consistently under- or over-rate certain players. 
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Some limitations of this study should also be noted. Though the mixed model approach in this 

study was able to account for repeated measures in the dataset, the recursive partitioning and 

regression tree model did not. Despite this limitation, as the results of the linear mixed model 

indicated minimal effects from the repeated measures variables, the recursive partitioning and 

regression tree model was subsequently used due to its interpretability as an applied 

application, and its ability identify non-linear trends. Another limitation is that not all available 

performance indicators were used to construct the models. Future research could look to 

include these, as well as other factors such as anthropometric features to further analyse 

subjective ratings of player performance in AF. Specifically, future research should target the 

subjective ratings of key decision makers within applied sporting organisations (i.e., coaches 

and scouts), to further understand the validity and reliability of their organisational decision-

making processes. 

6.6 Conclusion 

The models developed in this study provide an explanation of subjective analyses of 

performance in AF. Specifically, it demonstrates that subjective perceptions of performance 

can be somewhat accurately explained whilst considering a small number of performance 

indicators specific to a player’s role. Further, though there is an ongoing development of 

objective data and player performance measures in both AF and wider team sport literature, 

the results of this study support the notion that overall player performance evaluations should 

consider both subjective and objective assessments in a complementary manner to accurately 

evaluate player performance. 
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Figure 7.2  Benchmark levels of AFL Player Ratings for Paul Puopolo using (A) the 

age linear mixed model, and (B) the experience linear mixed model.
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Figure 7.3  Network plot of the Western Bulldogs squad for the 2016 season, with the 

inclusion of Paul Puopolo.
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APPENDIX B – STUDY THREE SUPPLEMENTARY FIGURES 

Appendix B.1  Descriptions of the seven positional roles used in this study. 

Positional Roles Description 

General Defender Plays a role on opposition small-medium forwards and usually 
helps create play from the backline 

Key Defender Plays on opposition key forwards with the primary role of 
nullifying his opponent 

General Forward Plays predominantly in the forward half of the ground but with 
more freedom than a key forward 

Key Forward Plays predominantly as a tall marking target in the forward line 

Midfielder Spends the majority of time playing on the ball or on the wing 

Midfielder-Forward Splits time equally between the forward line and the midfield. 
Often lines up on the half-forward flank but plays a significant 
amount of time in the midfield 

Ruck Has the primary role of competing for hit-outs at a stoppage 
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