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Classifying and quantifying team playing styles in the 
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ABSTRACT
Within team sports, match outcomes and events depend on the 
interaction between thousands of individual actions governed by 
each team’s overriding style of play. Within Australian football, 
identifying playing styles allows coaches to improve match pre
paration due to an improved knowledge base that influences deci
sions involving training sessions, match tactics, and team selection. 
This study presents the clustering of teams in the Australian 
Football League (AFL) into playing styles based on match perfor
mance indicators extracted from games played between 2013 and 
2019. Using k-means clustering, three offensive, two transitional 
and two scoring styles were identified, combining to create 12 
playing styles. The offensive play was grouped into contested, 
uncontested, and non-distinct styles. The transitional play was 
clustered into forward half-pressure and defensive half-intercept 
styles. The scoring play was clustered into stoppage scoring and 
possession gain scoring styles. The linear model predicting the 
winning match margin from the explanatory variables of team 
playing styles and performance indicators had a lower RMSE by 
64% compared to models with only playing style explanatory vari
ables and 1.83% to models with only performance indicator expla
natory variables. Identifying team playing styles allows coaches to 
make better-informed decisions regarding match analysis, opposi
tion analysis, and training planning.
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1. Introduction

Professional sporting organisations use quantitative analysis to assist the decision- 
making processes of coaches, performance analysts and other team personnel (Wright 
et al., 2013). Analyses can explore and identify performance at the individual and team 
levels, strengths and weaknesses of skill execution and the prediction of match outcomes 
(Robertson, Gupta, et al., 2016). These insights can complement coaches’ subjective 
opinions and inform in-game coaching decisions, team selection and training composi
tion (Robertson, Back, et al., 2016).
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Match outcomes in team sports depend on thousands of individual actions by players 
in the match; however, the success of each team ultimately depends on an overriding 
principle of play that governs a team’s style of play (Gréhaigne et al., 2005). Principles of 
play can include the strategies and team tactics, player athletic profiles and performance 
capability relative to opposition teams and are common to all invasion sports (Gréhaigne 
& Godbout, 1995). Playing style is regularly used to describe how a team has performed 
or implemented a perceived playing pattern (Greenham et al., 2017). Although this term 
is used widely among coaching groups, media, and sporting enthusiasts, the colloquial 
use of the term playing style has yet to be supported by scientific research and measure
ment because of its lack of a strict definition (Greenham et al., 2017). Playing style in 
team invasion games can be described as a combination of the offensive playing style, 
described as the way a team moves the ball on the field, and the defensive or transitional 
playing style, defined as the way a team defends against the way the opposing team’s ball 
movement (Diquigiovanni & Scarpa, 2019). In addition to a team offensive and transi
tional style of play, teams implement strategies that influence the source of scoring plays. 
Adding a team scoring style could explain the variation of a team’s structural set-up that 
explains the tactics of scoring and the sources of scoring (Taylor et al., 2020).

Professional Australian football (AF) has developed into a physically and technically 
demanding multidimensional game requiring players to be highly skilled and possess 
a finely tuned decision-making ability (Gray & Jenkins, 2010; Woods et al., 2017). 
Analysis of AF data has identified factors that explain performance, match and quarter 
outcomes (Josman et al., 2020; Robertson, Back, et al., 2016; Sheehan et al., 2023; Young, 
Luo, Gastin, Tran, et al., 2019). Limited investigation has been completed in other areas, 
including intrateam behaviour and network analysis (Fransen et al., 2022; W. B. Sheehan, 
R. Tribolet, M. L. Watsford, A. R. Novak, M. J. Rennie, et al., 2020; Taylor et al., 2020; 
Young, Luo, Gastin, Lai, et al., 2019), spatiotemporal analysis (Sheehan et al., 2022), the 
identification of team playing styles (Greenham et al., 2017; Jackson, 2016; Lane et al.,  
2020) and the objective assessment of player performance (Jackson, 2016; McIntosh et al.,  
2018; Woods et al., 2015).

The research identifying playing styles within the AF literature has built upon previous 
work in other invasion-based sports. Lago-Peñas et al. (2017) identified four prominent 
association football playing styles: possession style, set-piece attack, counter-attacking 
play, and transitional play. C. Wedding, C. Woods, W. H. Sinclair, et al. (2021) identified 
nine consistent playing styles in rugby league. Both studies revealed that these playing 
styles were unaffected by match type, team quality or match location. Lago-Peñas et al. 
(2017) and C. Wedding, Woods, Sinclair, et al. (2021) highlighted that the identification 
of playing styles without further analysis and interpretation holds little value. Through 
investigation and evaluation of the opposition team’s strengths, weaknesses and predo
minant style of play, the adaption of the team playing style can lead to a greater chance of 
team success in addition to the recruitment of players who are capable of playing the style 
of the team (Lago-Peñas et al., 2017).

In AF, limited investigation has been conducted into the clustering of team 
profiles using performance indicators (PIs). W. B. Sheehan, Tribolet, Watsford, 
Novak, Rennie, et al. (2020) used principal component analysis to reduce 29 
performance indicators into four principal components about different aspects of 
performance across players. However complex interplay within the players in 
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a team, leading to playing styles was not presented here. Spencer et al. (2016) and 
Lane et al. (2020) identified offensive and defensive playing styles, while Woods 
et al. (2017) investigated the evolution of the Australian Football League (AFL) 
competition playing style over 15 years; however, needed more specificity in defin
ing distinct styles and identifying the numerical change of PIs. Specifically, Woods 
et al. (2017) identified a significant growth in the use of handballs in the 2005–2010 
seasons compared to the years before 2004. The authors also noted a significant 
change in team PIs from the 2005 to 2009 seasons compared to the 2010 to 2015 
(Woods et al., 2017). The period from 2010 onwards indicates the introduction of 
modernised coaching styles oriented around possession and repossession football, 
where teams look to control the game’s tempo and implement a zone defence when 
required (Woods et al., 2017). Spencer et al. (2016) focused on previous literature 
investigating the importance of relative PIs and used unsupervised clustering meth
ods such as k-means clustering to develop team profiles. Spencer et al. (2016) 
identified 20 different playing styles; however, a limitation of the study was the 
need for more strict boundaries for each playing style and a description of the 
characteristics of each clustered group. Lane et al. (2020) defined the differences 
between the PIs of offensive and defensive styles of six AFL teams; however, this 
pilot study needs to be expanded to all AFL teams to have an informed impact on 
decision-making. Therefore, this study is aimed to bridge the gap in the analysis of 
team playing styles in AF. This study will use machine learning techniques to 
identify and clearly define distinct playing styles and investigate the relationship 
between playing styles and match outcomes within AFL matches.

2. Methods

The complete workflow, from the data collection, cleaning and wrangling to the final 
modelling, is outlined in Figure 1. Furthermore, each step is described in detail below.

2.1. Extraction of ChampionData® data

The data used in this research was transactional match data, collected by ChampionData® 
(Southbank, Victoria, Australia), and supplied under a user agreement with an AFL team. 
The transactional data captures information relating to all on-ball match events that 
occur within an AFL match, such as event type, players involved, time and location (x, 
y location) of the event. Each season has 198 home and away matches and nine finals 
matches (n = 207). A total of 1449 matches played between the 2013 and 2019 seasons 
were analysed in this study.

2.2. Individual and team performance indicators

The data that quantified an individual player’s PIs can be represented with the following 
notation: 

PIp:m;j;q (1) 
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where performance indicator pð Þ ¼ 1; :::; np; match id mð Þ ¼ 1; :::; nm; team name 
jð Þ ¼ 1; :::; nj; player id qð Þ ¼ 1; :::; nq:j;m.

Here np ¼ 38, and all performance indicators are listed in Table 1.
Team summary statistics (TSp:m;j) were used for the analysis and classification of the 

team playing styles and computed as follows: 

Linear modelling

Cluster analysis 

Software for analysis

Covid adjustment for match duration

Individual and team performance indicators 

Extraction of ChampionData® data

Figure 1. A workflow for the methodology to allow for cluster analysis and linear modelling to occur.

Table 1. Breakdown of performance indicators relating to each aspect of playing 
style (offensive, transitional, and scoring).

Offensive variables 
(p = 1, . . . , 19)

Transitional variables 
(p = 20, . . . , 30)

Scoring variables 
(p = 31, . . . , 38)

Ball up clearance Possession gain AM Initial shot AM
Centre bounce clearance Possession gain D50 Initial shot C
Clanger handball Possession gain DM Initial shot D50
Clanger kick Possession gain F50 Initial shot DM
Contested mark Possession gain M Initial shot F50
Contested possession Pressure points AM Initial shot KI
Effective ground kick Pressure points CB Initial shot PG
Effective handball Pressure points D50 Initial shot stoppage
Ineffective handball Pressure points DM
Ineffective kick Pressure points F50
Kick to handball ratio Tackle
Long kick
Marks inside 50
Metres gained per handball
Metres gained per kick
Short kick
Throw-in clearance
Uncontested mark
Uncontested possession
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TSp:m;j ¼
Xnq:j;m

q¼1
PIp:m;j;q (2) 

where nq;j;m ¼ number of players qð Þ representing team j and match m.
The TSp:m;j (Equation 2) data set was standardised by rescaling each variable to have 

a mean of zero and standard deviation equal to one. Based on previous association 
football (Diquigiovanni & Scarpa, 2019) and Australian football literature (Taylor et al.,  
2020), the data was then separated into three data sets reflecting each aspect of playing 
style: (1) offensive variables; (2) transitional variables and (3) scoring variables. The 
technical PIs (see Jackson (2016) and Robertson, Gupta, et al. (2016) for PI definitions) 
used in the analysis were chosen in consultation with AFL coaches and performance staff. 
PIs that directly represented scoring (e.g. goals, behinds, and score assists) were omitted 
from the analyses as these are considered a result of performance (Robertson, Back, et al.,  
2016). The offensive-related PI variables were labelled for p ¼ 1; . . . ; 19. Transitional PI 
variables were labelled by p ¼ 20; . . . ; 30. Scoring PI variables were labelled by 
p ¼ 31; . . . ; 38 (Table 1).

2.3. Software for analysis

All data analysis was done using R (R Core Team, 2020). The exploration and data 
wrangling was completed using tidyverse (Wickham et al., 2019) and dplyr (Wickham 
et al., 2021) packages. factoextra (Kassambara & Mundt, 2020) was used to implement the 
three k-assessment measures, and the stats (R Core Team, 2020) package was used to 
implement the k-means algorithm. Tidymodels (Kuhn & Wickham, 2020) was used in 
conjunction with kknn (Schliep & Hechenbichler, 2016), ranger (Wright & Ziegler, 2017) 
and xgboost (Chen et al., 2021) to implement the supervised learning algorithms on the 
data with olsrr (Hebbali, 2020) used for linear modelling.

2.4. Cluster analysis

The elbow method (Bholowalia & Kumar, 2014; Hastie et al., 2017; Kodinariya & 
Makwana, 2013) was used to identify the optimal number of clusters for each data set 
ðko offensiveð Þ; kt transitionalð Þandks scoringð ÞÞ and was agreed upon by coaching and performance 
staff (subject matter experts). ko; ktandks were then specified as a parameter in the 
k-means models (fk �ð Þ) to produce k-distinct styles (Cz) for each aspect of playing style. 

Cz ¼ fk TSp:m;j; kkz

� �
(3) 

where z ¼ o; t; s.
The components of playing style (Co, Ct and Cs) were combined to create a global 

playing style for each team ðCo;t;s).
Using Cz (Equation 3), the standardised cluster means were used to describe the 

characteristics of each cluster. A cluster PI was defined as outside the competition 
average if it was greater or lesser than one standard deviation of the dataset means. 
Therefore, when the PI cluster means is above a standardised score of 0.5, the cluster 
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performs above the competition average and below the competition when the cluster 
mean is below a standardised score of −0.5.

The team summary statistics were appended with the labels corresponding to the 
playing styles identified for each phase of play: 

TSp:m;j : Cz (4) 

Finally, models were created using Random Forest fRF �ð Þ. The data was split into 
training and validation sets using a ratio of 80:20. The F1-score was used as a metric to 
assess the accuracy of the models. Using fRF �ð Þ, variables that significantly impact 
distinguishing between each playing style were identified.

2.5. Linear modelling

A linear model was created using the playing style clusters identified to explain the 
winning match margin in AFL matches. The playing style of the winning team, the 
playing style of the losing team, and the difference between match PIs were 
calculated between the winning and losing teams for each match. Calculating the 
differences between the winning and losing teams best describes the contextual 
nature of AF and is an example of a “descriptive conversion” (Robertson, Back, 
et al., 2016). 

TSdiff :p ¼ TSwin:p � TSloss:p (5) 

The linear model was created using stepwise regression with criteria (p-value <0.1 
added to the model, p-value >0.3 removed from the model) to select the best model. 

model1 : wm ¼
Xβp

�TSdiff :p þ Co;t;s (6) 

wherewmis winningmatch marginðscore ofwinning team � scoreof losingteamÞ; 

where wm is winning match margin (scoring of winning team - score of losing team); p 
are PIs realting to match statisitics (Table 1) and Co;t;s is the playing style implemented by 
the winning and losing teams (Table 2). 

The model was rerun, excluding the Co;t;s and TSdiff :p one at a time to investigate the 
performance of the simpler models. R-squared (R2) and adjusted R2 were calculated 
using the training dataset, and the Root Mean Square Error (RMSE) was calculated using 
the validation dataset to compare models and identify which optimal model best 
explained the winning margin while minimising error.

Table 2. Combination of offensive, transitional, 
and scoring playing styles resulting in 12 over
all playing styles.

Overall playing styles

CoA ;TA ;SA CoB ;TA ;SA CoC ;TA;SA

CoA ;TA ;SB CoB ;TA ;SB CoC ;TA;SB

CoA ;TB ;SA CoB ;TB ;SA CoC ;TB ;SA

CoA ;TB ;SB CoB ;TB ;SB CoC ;TB ;SB

6 S. J. MOFFATT ET AL.



3. Results

kz was selected using the k-assessment elbow method displayed in Figure 2 for the 
offensive, transitional, and scoring data. The selected kz were then validated by coaching 
and performance staff (subject matter experts), resulting in ko ¼ 3, kt ¼ 2 and ks ¼ 2. 
After refitting fk TSp:m;j; kkz

� �
, the predefined k-value ðkkzÞ, the data were clustered into 

offensive styles (CoA ; CoB andCoC ), transitional styles (CTA andCTB ), scoring 
styles (CSA andCSB ).

3.1. Offensive playing styles

Contested offensive (CoA ): This cluster had above-average clanger kicks, contested posses
sions, effective ground kicks, ineffective kicks, kick-to-handball ratio, long kicks, and 
throw-in clearances. This cluster also had a below-average number of effective handballs, 
marks inside 50 m, short kicks, uncontested marks, and uncontested possessions 
(Figure 3).

Non-distinct offensive (CoBÞ : This cluster has mean scores of all PIs within one 
standard deviation of the sample means (Figure 3).

Uncontested offensive (CoCÞ :This cluster had an above-average number of short kicks, 
uncontested possessions, uncontested marks, and marks inside 50 m (Figure 3).

The three offensive playing styles fRF �ð Þ included short kicks, uncontested marks, and 
uncontested possessions as the three most important variables for offensive styles 
(Figure 4). Across the seven seasons, offensively, teams were characterised by the non- 
distinct offensive style (CoBÞduring44:86%ofgames; uncontested style of play (COC ) during 
37.67% of games and the contested style (COAÞduring 17.47% of games (Figure 5).

3.2. Transitional playing styles

Forward-half pressure (CTA ): This cluster had an above-average percentage of possession 
gains in the attacking midfield, percentage of pressure points obtained in the defensive 50 
and percentage of pressure points obtained in the forward 50. These teams also had 
a below-average percentage of possession gains in the defensive 50 (Figure 3).

Figure 2. Graphical output from the elbow method data to identify an optimal k-number of clusters 
for each data set ðko; ktandksÞ.
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Defensive-half intercept (CTBÞ :This cluster had an above average percentage of posses
sion gains obtained in the defensive 50. These teams also had a below-average percentage 
of possession gains obtained in the attacking midfield, percentage of pressure points 
obtained in the defensive 50 and percentage of pressure points in the forward 50. 
(Figure 3).

Pressure points obtained in the defensive 50, pressure points obtained in the 
forward 50 and possession gains in the defensive 50 were the three most important 
variables that described this playing style (Figure 4). Both the transitional styles 
occurred more evenly, with the defensive-half intercept style (CTB ) implemented 
during 52.88% of games and the forward-half pressure style (CTAÞperformed during 
47.11% of games (Figure 5).

Scoring playing styles

Figure 3. Standardised means of the performance indicators representing playing styles clusters, with 
bars showing one standard deviation of the mean. Standardised means above 0.5 are green, between 
0.5 and − 0.5 are black and below − 0.5 are red.
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Stoppage scoring (CSA ): This cluster had an above-average percentage of scoring shots 
initiating from stoppages and a below-average scoring shot percentage initiating from 
a possession gain (Figure 3).

Possession gain scoring (CSB ): This cluster had an above-average percentage of scoring 
shots initiated from possession gains and a below-average scoring shot percentage 
initiated from a stoppage (Figure 3).

When distinguishing between scoring styles, the three most important variables were 
scoring shots initiated from possession gains, scoring shots initiated in the defensive 50 
and shots initiated from throw-ins (Figure 4). The possession gain scoring style (CSB ) was 
played during 53.33% of games and the stoppage scoring style (CSA ) 46.67% of the games 
(Figure 5).

Table 3 and Figure 6 illustrate each playing style’s occurrence and win percentage and 
show the distribution of match margins. The most common team playing style (14.86%) was 
the non-distinct offensive playing style combined with the defensive-half transitional style 
and possession gain scoring style. The second most played style (12.64%) was a combination 

Figure 4. Variable importance plots produced by the random forest models for each aspect of overall 
playing style, identifying the top 15 variables used to separate each style cluster.

A B

A B

A B COffensive

Scoring

Transitional

0 25 50 75 100
Percentage of games played

S
ty

le

Playing Style Breakdown

Figure 5. Percentage breakdown of the styles played within each phase of play.
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Table 3. Model table for linear model1. Beta is the beta coefficient, and CI is the 
95% confidence interval of the beta parameters.

Performance indicator ß 95% CI p-value

Marks inside 50 0.92 0.71, 1.1 <0.001
Long kick 0.90 0.76, 1.0 <0.001
Metres gained per kick 5.2 4.7, 5.7 <0.001
Short kick 0.99 0.85, 1.1 <0.001
Metres gained per handball 4.5 3.9, 5.2 <0.001
Contested possession 0.27 0.15, 0.39 <0.001
Effective ground kick 1.6 1.1, 2.1 <0.001
Ineffective kick 0.47 0.32, 0.62 <0.001
Possession gain zone AM −37 −49, −25 <0.001
Uncontested mark −0.34 −0.48, −0.20 <0.001
Clanger kick 0.20 −0.03, 0.43 0.091
Possession gain zone DM −26 −39, −13 <0.001
Clanger handball −0.44 −0.72, −0.16 0.002
Ineffective handball −0.22 −0.39, −0.05 0.013
Scoring shot state KI 21 5.1, 37 0.010
Possession gain zone F50 22 −1.5, 45 0.067
Contested mark −0.18 −0.37, 0.02 0.080
Playing style match up
CoA ;TA ;SA vs CoA;TA ;SA — —
CoA ;TA ;SA vs CoA ;TA;SB −12 −48, 24 0.5
CoA ;TA ;SA vs CoA ;TB ;SA −31 −61, −1.0 0.043
CoA ;TA ;SA vs CoA ;TB ;SB −24 −54, 5.3 0.11
CoA ;TA ;SA vs CoB ;TB ;SA −30 −61, 0.04 0.050
CoA ;TA ;SA vs CoB ;TB ;SB −32 −62, −1.7 0.038
CoA ;TA ;SA vs CoC ;TB ;SA −38 −74, −2.7 0.035
CoA ;TA ;SA vs CoC ;TB ;SB −15 −46, 17 0.4
CoA ;TA ;SB vs CoA ;TA ;SA −5.9 −41, 30 0.7
CoA ;TA ;SB vs CoA ;TB ;SA −36 −66, −5.6 0.020
CoA ;TA ;SB vs CoA ;TB ;SB −26 −57, 4.5 0.095
CoA ;TA ;SB vs CoB ;TA ;SB −14 −56, 27 0.5
CoA ;TA ;SB vs CoB ;TB ;SA −25 −57, 6.7 0.12
CoA ;TA ;SB vs CoB ;TB ;SB −32 −63, −1.5 0.040
CoA ;TA ;SB vs CoC ;TB ;SB −25 −58, 9.0 0.2
CoA ;TB ;SA vs CoA ;TA ;SA −20 −50, 11 0.2
CoA ;TB ;SA vs CoA ;TA ;SB −30 −64, 3.6 0.080
CoA ;TB ;SA vs CoA ;TB ;SA −25 −56, 5.5 0.11
CoA ;TB ;SA vs CoA ;TB ;SB −21 −52, 9.6 0.2
CoA ;TB ;SA vs CoB ;TA ;SA −23 −55, 9.7 0.2
CoA ;TB ;SA vs CoB ;TA ;SB −24 −55, 7.4 0.13
CoA ;TB ;SA vs CoB ;TB ;SA −19 −51, 14 0.3
CoA ;TB ;SA vs CoB ;TB ;SB −41 −83, −0.09 0.050
CoA ;TB ;SA vs CoC ;TA ;SB −35 −71, 0.77 0.055
CoA ;TB ;SA vs CoC ;TB ;SA −47 −88, −5.7 0.026
CoA ;TB ;SB vs CoA ;TA ;SA −24 −55, 6.5 0.12
CoA ;TB ;SB vs CoA ;TA ;SB −27 −60, 7.0 0.12
CoA ;TB ;SB vs CoA ;TB ;SA −28 −58, 2.8 0.075
CoA ;TB ;SB vs CoA;TB ;SB −17 −49, 14 0.3
CoA ;TB ;SB vs CoB ;TA;SA −32 −66, 1.3 0.059
CoA ;TB ;SB vs CoB ;TA;SB −23 −54, 9.1 0.2
CoA ;TB ;SB vs CoB ;TB ;SA −24 −60, 12 0.2
CoA ;TB ;SB vs CoB ;TB ;SB −45 −86, −4.3 0.030
CoA ;TB ;SB vs CoC ;TB ;SA −16 −57, 25 0.4
CoA ;TB ;SB vs CoC ;TB ;SB −10 −51, 31 0.6
CoB ;TA ;SA vs CoA ;TA ;SA −5.6 −47, 36 0.8
CoB ;TA ;SA vs CoA ;TA ;SB −37 −78, 3.8 0.075
CoB ;TA ;SA vs CoA ;TB ;SA −21 −54, 11 0.2
CoB ;TA ;SA vs CoA ;TB ;SB −29 −65, 6.1 0.10
CoB ;TA ;SA vs CoB ;TA ;SA −21 −62, 20 0.3
CoB ;TA ;SA vs CoB ;TA ;SB −32 −64, 0.67 0.055

(Continued)
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Table 3. (Continued).
Performance indicator ß 95% CI p-value

CoB ;TA;SA vs CoB ;TB ;SA −23 −52, 6.6 0.13
CoB ;TA;SA vs CoB ;TB ;SB −25 −54, 4.4 0.10
CoB ;TA;SA vs CoC ;TA ;SB −23 −64, 18 0.3
CoB ;TA;SA vs CoC ;TB ;SA −32 −62, −1.2 0.041
CoB ;TA;SA vs CoC ;TB ;SB −21 −52, 9.4 0.2
CoB ;TA;SB vs CoA ;TB ;SA −25 −57, 7.3 0.13
CoB ;TA;SB vs CoA ;TB ;SB 5.7 −36, 47 0.8
CoB ;TA;SB vs CoB ;TA ;SA −31 −61, 0.26 0.052
CoB ;TA;SB vs CoB ;TA ;SB −16 −49, 16 0.3
CoB ;TA;SB vs CoB ;TB ;SA −26 −56, 3.4 0.082
CoB ;TA;SB vs CoB ;TB ;SB −26 −56, 3.2 0.080
CoB ;TA;SB vs CoC ;TA ;SA −14 −55, 27 0.5
CoB ;TA;SB vs CoC ;TA ;SB −13 −49, 23 0.5
CoB ;TA;SB vs CoC ;TB ;SA −29 −59, 2.2 0.069
CoB ;TA;SB vs CoC ;TB ;SB −27 −57, 2.7 0.074
CoB ;TB ;SA vs CoA ;TA;SA −26 −57, 5.4 0.10
CoB ;TB ;SA vs CoA ;TA;SB −17 −50, 17 0.3
CoB ;TB ;SA vs CoA ;TB ;SB −27 −68, 14 0.2
CoB ;TB ;SA vs CoB ;TA ;SA −30 −60, −0.27 0.048
CoB ;TB ;SA vs CoB ;TA ;SB −22 −53, 8.3 0.2
CoB ;TB ;SA vs CoB ;TB ;SA −24 −55, 6.1 0.12
CoB ;TB ;SA vs CoB ;TB ;SB −34 −66, −1.8 0.039
CoB ;TB ;SA vs CoC ;TA ;SA −20 −51, 10 0.2
CoB ;TB ;SA vs CoC ;TA ;SB −34 −66, −2.9 0.032
CoB ;TB ;SA vs CoC ;TB ;SB −33 −74, 8.5 0.12
CoB ;TB ;SB vs CoA ;TA ;SA −21 −52, 9.6 0.2
CoB ;TB ;SB vs CoA ;TA ;SB −33 −69, 2.3 0.067
CoB ;TB ;SB vs CoA ;TB ;SA 1.5 −40, 42 >0.9
CoB ;TB ;SB vs CoA ;TB ;SB −1.1 −42, 40 >0.9
CoB ;TB ;SB vs CoB ;TA ;SA −24 −55, 6.0 0.12
CoB ;TB ;SB vs CoB ;TA ;SB −20 −50, 10 0.2
CoB ;TB ;SB vs CoB ;TB ;SA −30 −64, 3.3 0.078
CoB ;TB ;SB vs CoB ;TB ;SB −27 −58, 3.8 0.085
CoB ;TB ;SB vs CoC ;TA ;SA −21 −52, 11 0.2
CoB ;TB ;SB vs CoC ;TA ;SB −23 −53, 7.1 0.13
CoB ;TB ;SB vs CoC ;TB ;SA −24 −56, 8.2 0.14
CoB ;TB ;SB vs CoC ;TB ;SB −32 −67, 3.9 0.081
CoC ;TA ;SA vs CoA ;TB ;SA −18 −48, 13 0.3
CoC ;TA ;SA vs CoB ;TA ;SA −0.26 −36, 35 >0.9
CoC ;TA ;SA vs CoB ;TA;SB −29 −60, 3.2 0.078
CoC ;TA ;SA vs CoB ;TB ;SA −18 −47, 12 0.2
CoC ;TA ;SA vs CoB ;TB ;SB −27 −56, 2.7 0.076
CoC ;TA ;SA vs CoC ;TA ;SA −26 −61, 10 0.2
CoC ;TA ;SA vs CoC ;TA;SB −12 −53, 29 0.6
CoC ;TA ;SA vs CoC ;TB ;SA −19 −48, 11 0.2
CoC ;TA ;SA vs CoC ;TB ;SB −18 −47, 11 0.2
CoC ;TA ;SB vs CoA ;TA ;SA −47 −88, −6.0 0.025
CoC ;TA ;SB vs CoA ;TA ;SB −42 −83, −1.1 0.044
CoC ;TA ;SB vs CoA ;TB ;SA −31 −63, −0.06 0.050
CoC ;TA ;SB vs CoA ;TB ;SB −10 −41, 20 0.5
CoC ;TA ;SB vs CoB ;TA ;SA −25 −56, 6.4 0.12
CoC ;TA ;SB vs CoB ;TA ;SB −29 −60, 3.1 0.076
CoC ;TA ;SB vs CoB ;TB ;SA −23 −52, 6.6 0.13
CoC ;TA ;SB vs CoB ;TB ;SB −19 −49, 9.8 0.2
CoC ;TA ;SB vs CoC ;TA ;SA −15 −46, 17 0.4
CoC ;TA ;SB vs CoC ;TA ;SB −22 −53, 9.1 0.2
CoC ;TA ;SB vs CoC ;TB ;SA −15 −45, 14 0.3
CoC ;TA ;SB vs CoC ;TB ;SB −24 −53, 5.6 0.11

(Continued)
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of the uncontested offensive playing style, forward-half pressure defence and possession gain 
scoring style. This style, along with the uncontested offensive playing style, forward-half 
pressure defence and stoppage-dominant scoring style, had the highest average match margin 
(Figure 6) and the largest win percentage when implemented by teams with a win rate of over 
80% (Table 3).

Table 3. (Continued).
Performance indicator ß 95% CI p-value

CoC ;TB ;SA vs CoA ;TA ;SA −9.3 −45, 26 0.6
CoC ;TB ;SA vs CoA ;TA ;SB −19 −60, 22 0.4
CoC ;TB ;SA vs CoB ;TA ;SA −17 −47, 13 0.3
CoC ;TB ;SA vs CoB ;TA ;SB −18 −48, 12 0.2
CoC ;TB ;SA vs CoB ;TB ;SA −26 −56, 4.5 0.095
CoC ;TB ;SA vs CoB ;TB ;SB −28 −59, 2.5 0.071
CoC ;TB ;SA vs CoC ;TA ;SA −10 −41, 21 0.5
CoC ;TB ;SA vs CoC ;TA ;SB −27 −58, 3.4 0.081
CoC ;TB ;SA vs CoC ;TB ;SA −35 −71, 0.13 0.051
CoC ;TB ;SA vs CoC ;TB ;SB −30 −62, 2.9 0.074
CoC ;TB ;SB vs CoA ;TA ;SA −13 −47, 20 0.4
CoC ;TB ;SB vs CoA ;TA ;SB −12 −46, 21 0.5
CoC ;TB ;SB vs CoA ;TB ;SA −34 −75, 7.1 0.11
CoC ;TB ;SB vs CoB ;TA ;SA −29 −59, 0.74 0.056
CoC ;TB ;SB vs CoB ;TA ;SB −21 −51, 9.0 0.2
CoC ;TB ;SB vs CoB ;TB ;SA −23 −53, 7.1 0.13
CoC ;TB ;SB vs CoB ;TB ;SB −23 −53, 7.4 0.14
CoC ;TB ;SB vs CoC ;TA ;SA −28 −58, 2.7 0.074
CoC ;TB ;SB vs CoC ;TA ;SB −21 −52, 8.7 0.2
CoC ;TB ;SB vs CoC ;TB ;SA 0.28 −33, 34 >0.9
CoC ;TB ;SB vs CoC ;TB ;SB −29 −60, 2.5 0.071

Figure 6. Boxplots representing the spread of match margins for team playing style [offensive, 
transitional, scoring].
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3.3. Linear modelling

The linear model that best fitted the data included performance indicators and matchup 
of team playing styles (RMSE = 14.68, r-squared = 0.72, adjusted r-squared = 0.68). The 
poorest performing model contained only the playing style variables of each team 
producing an RMSE of 23.68, an R2 value of 0.19 and an adjusted R2 of 0.18. The 
model containing only performance indicators explained the data better than the playing 
style model (RMSE = 14.95, r-squared = 0.68, adjusted r-squared = 0.67).

4. Discussion

This study identified and characterised playing styles in the AFL and the effect of these 
styles on predicting the final score margin for each match. The playing styles identified 
built upon previous AF literature by defining the characteristics of “styles of play”. The 
output of this study can provide a framework for coaches and performance staff to assist 
with team and opposition analysis.

Uncontested offensive style teams (CoC ) implement an offensive style of play that uses 
short kicks to teammates who were free to mark the ball. Uncontested offensive style 
teams moved the ball to the attacking 50-metre zone using deliberate tactics to maintain 
possession. An uncontested offensive style in AF resembles a possession style in associa
tion football (Lago-Peñas et al., 2017). In both types of football, the possession style can 
be characterised by slower and more deliberate play that minimises the risk of losing 
possession. Contested offensive style teams (CoA ) are looking to win possession and then 
“surge” the ball forward to maximise field position as a priority. The contested offensive 
style of play can be compared to the direct style identified by Fernandez-Navarro et al. 
(2016) in association football. These styles aim to win the ball and gain territory as 
a priority. The increased contested possession count could reflect team strategies by 
allocating extra players around stoppages, increasing the likelihood of gaining contested 
ball possession to generate a clearance (Alexander et al., 2021). The importance of 
territory gain is reflected by the above-average kick-to-handball ratio and fewer short 
kicks, taking more risks, given their inflated number of long, clanger, ineffective and 
ground kicks. This could also be influenced by the strategy explained by Alexander et al. 
(2021) to outnumber the opposition at the stoppage, which results in having a numerical 
disadvantage in their attacking half, making it more difficult to maintain possession as 
they gain territory. Teams classified as CoB style had no marked preference for contested 
or uncontested styles in offensive play. The non-distinct offensive style may result from 
teams playing both contested and uncontested styles intermittently throughout a match 
or a poor performance resulting in the inability to implement their distinct style. Further 
investigation into how teams can successfully implement team playing styles may identify 
why teams cannot have a distinct style of play.

The transitional styles reflect how a team organises themselves spatially when defend
ing (Diquigiovanni & Scarpa, 2019). Teams typically arrange their defence to apply 
pressure to their opponent in particular areas of the ground to force turnovers and 
regain possession. Defensive-half intercept teams (CTBÞ are characterised by a high 
number of possession gains in the defensive 50 with low defensive 50 and forward 50 
pressure points. Defensive-half intercept teams reflect association football counterattack 
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teams which resemble a structured defensive set-up for intercept possession situations 
rather than applying high tackling pressure in the back and forward-half (Lago-Peñas 
et al., 2017). Woods et al. (2017) explained that the application of defensive tactics, 
specifically a zone defence, forces teams to kick towards areas of the field dictated by the 
defensive team. The dictation of ball movement allows for the defensive team with an 
extra number to intercept the ball and regain possession (Alexander et al., 2019). 
Forward-half pressure teams (CTA ) have a majority of possession gains in the attacking 
midfield, have low possession gains in the defensive 50 and obtain high-pressure points 
in both the forward and defensive 50. Forward-half pressure teams are related to the re- 
possession style identified by Woods et al. (2017) and free ball and turnover styles 
identified by Lago-Peñas et al. (2017) in association football. Outnumbering the opposi
tion defence and rapid defensive re-organisation is key to regaining possession, keeping 
the ball in their forward-half for as long as possible and increasing their chance of 
scoring.

The identification of scoring, the third component of game style, builds upon AF 
literature, which identified two styles of play: offensive and defensive (Greenham et al.,  
2017; Lane et al., 2020; Spencer et al., 2016). The scoring styles represent the areas of the 
ground and starting state of possession chains that led to shots at goal. Possession gain scoring 
(CSB ) shots at goal predominantly originate from possession gains, where stoppage scoring 
teams (CSA ) shots at goal predominantly originate from stoppages. Stoppage scoring teams 
may dominate period of play around stoppages leading to a significant percentage of scoring 
chains stemming from these sources. In contrast, the scoring chain for possession gain 
scoring teams stem from turnovers in general play. Possession gain scoring teams may 
force opposition turnovers in attacking positions allowing for an increased opportunity for 
a shot at goal to occur or can maintain possession effectively by moving the ball into attacking 
areas. Identifying scoring styles increases the objective knowledge available to coaches during 
team analysis.

While the linear models themselves have moderate goodness of fit measures, 
the model including the playing styles of both teams within a match combined 
with PIs showed an improved performance compared to the simpler models 
containing only PIs and playing style variables. The linear modelling (Table 4) 

Table 4. Percentage breakdown of the number of 
games played and the win percentage associated 
with each overall team playing style [offensive, 
transitional, scoring].

Style % of games played Win %

B_B_B 14.86 % 22.90 %
C_A_B 12.64 % 82.14 %
B_B_A 12.47 % 22.28 %
C_B_B 9.93 % 50.35 %
C_A_A 8.99 % 80.69 %
B_A_B 8.96 % 54.65 %
B_A_A 8.58 % 51.82 %
C_B_A 6.11 % 49.43 %
A_A_A 5.31 % 62.75 %
A_B_A 5.21 % 37.33 %
A_B_B 4.31 % 40.32 %
A_A_B 2.64 % 68.42 %
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builds upon the research conducted by Spencer et al. (2016) and Sheehan et al. 
(2023), highlighting that not all PIs hold the same level of importance when 
predicting match margin when including the match-up of playing styles. This 
study adds to the current literature identifying that the varying importance of 
match PIs reflects the implementation of team strategies and tactics to optimise 
players’ performance within a team. The inclusion of other aspects of perfor
mance, such as physical performance captured through global navigation satellite 
system data and other tactical aspects captured through network and spatiotem
poral data explored in Sheehan et al. (2023) could further improve model perfor
mance. Coaches can then use this information to inform training and match day 
decisions based on team or opposition performances, focusing on the successful 
performance of critical PIs relevant to the playing style. This alludes to the idea of 
effective player actions and how they influence the team playing style and, 
ultimately, the result of the match.

To assist with training design, team analysis and opposition analysis, coaching 
and performance staff may use the processes presented to identify the optimal 
combination of playing styles for their specific team. They may use objective 
analysis to identify strengths and weaknesses in each phase of opposition game
play. Classifying playing styles enables coaches and players to identify and imple
ment relevant changes regarding each game phase, leading to a greater chance of 
a successful match outcome (Lago-Peñas et al., 2017). Real-time classification of 
team playing styles can be used in a game to assess whether team strategies are 
being implemented as planned and whether adaptations need to be made based on 
real-time events. Other aspects of performance, including spatiotemporal data and 
passing networks, could be used in conjunction with transactional match PIs to 
inform playing styles by utilising the collective behaviour of teams. Performance 
could also be broken into smaller periods of play within matches, providing an 
understanding of how teams interact throughout a match, providing more context 
than transactional data.

5. Conclusion

The improvement in the prediction of winning match margin with the addition of 
a matchup of playing styles compared to the generic match statistic model high
lights that team playing styles play an important role in the outcome of matches. 
Three offensive styles, two transitional and two scoring styles were identified and 
defined to create 12 overall playing styles that AFL teams implement. Coaches can 
use this information for team and opposition analysis of team playing style. The 
breakdown of play allows for the specific identification of strengths and weak
nesses of each aspect of a match. Teams can adopt tactics and strategies in each 
aspect of their game to maximise their performance, as these changes can be 
broken down to be clear and relevant regarding each game phase. These playing 
styles built off performance indicators from events performed within matches 
provide a useful tool of analysis; however, other aspects of performance, such as 
passing networks and spatiotemporal metrics, all contribute to the outcome of 

INTERNATIONAL JOURNAL OF PERFORMANCE ANALYSIS IN SPORT 15



performance. Including all of these elements will assist in providing a more 
holistic analysis of performance.
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