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Abstract: Sports teams aim to understand the tactical behaviour of their opposition to gain a competi-
tive advantage. Prior research of tactical behaviour in team sports has predominantly focused on the
relationship between key performance indicators and match outcomes. However, key performance
indicators fail to capture the patterns of ball movement deployed by teams, which provide deeper
insight into a team’s playing style. The purpose of this study was to quantify existing ball movement
strategies in Australian-rules Football (AF) using detailed descriptions of possession types from
396 matches of the 2019 season. Ball movement patterns were measured by social network analysis
for each team during offensive phases of play. K-means clustering identified four unique offensive
strategies. The most successful offensive strategy, defined by the number of matches won (83/396),
achieved a win/loss ratio of 1.69 and was characterised by low ball movement predictability, low
reliance on well-connected athletes, and a high number of passes. This study’s insights into offen-
sive strategy are instructional to AF coaches and high-performance support staff. The outcomes of
this study can be used to support the design of tactical training and inform match-day decisions
surrounding optimal offensive strategies.

Keywords: machine learning; performance analysis; team sport; tactics; ball movement patterns

1. Introduction

Understanding tactical behaviour in team sport, particularly the strategies employed
during offensive phases of play, is imperative for sports teams to gain a competitive advan-
tage over their opposition. Unsurprisingly, a substantial portion of research investigating
tactical behaviour in team sport has identified Australian-rules Football (AF) teams with
more kicks, time in possession, entrances into the attacking zone per shot taken at goal,
and goal conversions than their opponent, being more likely to win matches [1,2]. Further,
studies of the characteristics of collective team behaviours show that teams aim to occupy a
larger area of space during offensive phases compared with defensive phases of play [3–5].
The combination of tallies of key performance indicators and characteristics of collective
team behaviour, defined in industry terms as athlete spatio-temporal variables, provides
a guide to ideal space occupancy and overall ball use. However, these measures fail to
capture the patterns of ball movement that teams use to progress towards their scoring
goals, the strategy that underpins a team’s playing style [6].

Social network analysis (commonly referred to as network analysis) is increasingly
being applied to team sport contexts because its objective is to quantify connections between
members of an inter-connected system. This may be social (e.g., verbal communication
within a workplace) or physical (e.g., passing of a ball between team sport athletes) [7–9].
Ultimately, network analysis enables the identification of interaction patterns in large
and inter-connected groups [10]. In the context of invasion-based team sports, where
teammates continuously attempt coordinated movements to out-score their opponent,
network analysis is an attractive tool for identifying hidden patterns of ball movement.
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Early applications of network analysis in soccer demonstrated that teams with a
greater connectivity (i.e., number of athletes involved in sequences of passes) and lower
centrality (i.e., reliance on few athletes) win more matches (Table 1 for a full list of network
metric definitions) [10–12]. Fewell et al. [13] also found that entropy (i.e., predictability of
passing patterns), centrality, and connectivity are relevant components of team strategies in
professional basketball. Further applications in volleyball [14], handball [15], and rugby
union [16] have also established that eigenvector centrality (i.e., level of dependence on
athletes that pass to and from a high number of teammates), density (i.e., the ratio of the
number of possible passing connections in a team over the total number of possible passing
connections), and betweenness centrality (i.e., the extent to which an athlete acts as a bridge
between other athletes) influence match outcomes [17–19]. These key network metrics have
informed investigations of changes in an athlete’s functional role [18], and adaptations to a
team’s ball movement in response to changes in match status and opposition strategies [15].
Network analysis approach has been established as a useful tool for tactical insights within
team sports.

The larger field sizes and free-flowing nature of AF mean that effective ball movement
is integral to team success. The earliest implementation of network analysis in AF described
an athlete’s influence on the final score margin [20]. Of the various network metrics, team
entropy, connectivity, betweenness centrality, and disposal efficiency have been identified
as having the greatest influence on match outcomes [21,22]. Taylor et al. [23] used these
network metrics to show that successful passages of play initiated by kick-ins comprised
fewer and less predictable passing connections, while Young [24] demonstrated the utility
of network metrics, in combination with key performance indicators, to inform machine
learning models capable of predicting match outcome and score margins. In combination,
the application of network analysis to AF demonstrates the importance of quantifying
the patterns of ball movement to understand how tactical behaviour is implemented in
team sports.

Despite the demonstrated importance of understanding tactical behaviour in AF, few
studies have employed network analysis to delineate the various offensive strategies de-
ployed by teams. One study used various network metrics to derive principal components
to enable practical implementation. While the derived principal components grouped
similar network metrics together, aiding interpretation by performance analysts, their
contributions to playing style were not investigated [25,26]. Further research examined
differences in network metrics between professional AF teams and found that each team
uses a unique ball movement pattern, a finding that served as the first quantification of
playing styles identified using network analysis in AF [27]. However, the network metrics
were averaged across an entire season, meaning that changes in playing styles within the
season were not identified. Consequently, it is unclear whether each team deploys varying
offensive strategies across an AF season. Further, no investigations of the relationships
between the offensive strategies and match outcomes, as a determinant of strategy success,
have been undertaken.

It is the aim of this study to quantify and identify the unique playing strategies
employed by professional AF teams using social network analysis and k-means clustering
building on previous work by Sheehan et al. [28] and Moffatt et al. [29]. Consequently, this
study aims to determine whether professional AF teams use unique offensive strategies
across a season of match play. This study will also rank the identified offensive strategies
based on the number of matches that resulted in a win when each strategy was used.
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Table 1. Network metrics’ definitions used in the k-means clustering analysis. The practical explications for each metric are presented as AF Interpretations, where
the Numerical Interpretations represent the preferential values.

Network Metric Definition AF Interpretation Numerical Interpretations

Betweenness Centrality
The ratio of the number of shortest paths passing
through a specified node over the total number of
shortest paths.

The extent to which an athlete acts as a bridge
between other athletes [24].

A higher value represents a greater
reliance on certain athletes to move
the ball.

Closeness Centrality The ratio of the distance between nodes over the
shortest possible path between nodes.

The level of connectedness of athletes within the
team’s passing structure [21].

A higher value represents a greater
spread of more frequent
athlete involvements.

Degree The total number of connections a given node has. The total number of passes received and made. A higher value represents a greater
number of successful passes made.

Density The ratio of the number of edges over the total
number of nodes.

The average ratio of passes completed in
proportion to the number of athletes in the
team [27].

A higher value represents a greater
spread of athlete involvements.

Eigenvector Centrality The centrality of a node based on the centrality of
surrounding nodes.

The dependence of a team on few athletes that
are connected to a large number of other
athletes [24].

A higher value represents a team’s
greater reliance on few
well-connected (i.e., key) athletes.

Entropy A measure of the predictability of the edges
between nodes.

A measure of the predictability of the passing
structures [23].

A higher value represents less
predictable ball movement.

Transitivity The ratio of the number of triangles out of the total
number of possible triangles.

A ratio representing how many athletes are
involved in a passing trio in proportion to the
total number of possible trios. A trio may be
used to move the ball past an opposing
athlete [24].

A higher value represents a larger
reliance on groups of athletes to
move past opposition.
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2. Materials and Methods

Event data (i.e., detailed descriptions of possession types) from a single season of
professional men’s AF match play were provided by the Australian Football League’s
official statistics provider Champion Data. Permission to use these data for the present
study was granted by the UWA Human Ethics committee (2020/ET000197). The dataset
contained event data from all matches played by the 18 professional AF teams during
the 2019 premiership season. Finals matches were excluded to ensure an equal balance
of matches played per team. In total, 396 matches were included in the dataset. Only
changes in possession between teammates, either by a handball or a kick, were considered
for analysis. Additionally, scoring shots were included because the ultimate aim of all
offensive strategies is to end in a scoring shot. In total, 100,737 successful changes in
possession were included.

Seven selected network metrics (Table 1) are depicted based on their reported impor-
tance in previous studies [10–12,17–19,21,27]. The network metrics were calculated on a
match-by-match basis for every team, including match outcome and opponents for each
match ensuring a broad representation of network and ball movement descriptors. To
achieve this, team-specific adjacency matrices were calculated for each individual match.
Adjacency matrices tally the number of times each athlete successfully passes to each
teammate. The athletes passing the ball were represented in the matrix rows, and the
athletes receiving the ball were represented in the columns. This enabled the direction of
the change in possession to be included, establishing bi-directional network graphs. All
analyses were undertaken using the NetworkX 2.4 Python package [30].

Subsequently, k-means clustering was used to identify unique offensive strategies as a
function of the calculated network metrics (Table 1). Each network metric was standardised
to zero mean and unit variance using

z =
(x − µ)

σ
, (1)

where x represents the network metric, z is the standard score, µ is the sample’s mean, and
σ is the sample’s standard deviation. Silhouette scores and Davies–Bouldin (DB) indices
were calculated for clusters ranging from 2 to 10 to ensure the optimal number of unique
strategies was adequately represented by the k-means clustering algorithm. The optimal
number of unique strategies is represented by the local maximum and local minimum of
the silhouette score and DB index, respectively [31,32]. The mean and standard deviation
of each network metric were calculated for all clusters to provide an overview of the
characteristics of the offensive strategies. Occurrence frequencies of match results for each
strategy were also collated as a measure of strategy success.

3. Results

The optimal number of unique offensive strategies was determined from the local
maximum of the silhouette score and the local minimum of the DB index, which was
located at the fourth cluster (Figure 1).

Strategy 1 (S1) and strategy 3 (S3) were used in 132 matches (33.3%) each, while
strategy 4 (S4) was used in 84 matches (21.5%), and strategy 2 (S2) was used in 47 matches
(11.9%). S3 resulted in the most match wins with 83 matches (22%), whereas S1 resulted in
the greatest number of match losses with 79 matches (20%). S3 also displayed the greatest
win/loss ratio (1.69), followed by S4 (1.02), S2 (0.68), and S1 (0.67) (Table 2).

S1 was characterised by the lowest values for closeness centrality (−1.01 ± 0.60), degree
(−0.84 ± 0.61), density (−1.03 ± 0.44), eigenvector centrality (−0.82 ± 0.58), and transitivity
(−0.81 ± 0.85). In contrast, S2 was characterised by the greatest values for closeness central-
ity (1.53 ± 0.68), density (1.70 ± 0.76), eigenvector centrality (1.54 ± 1.00), and transitivity
(1.34 ± 0.66), in addition to the second greatest value for degree (0.72 ± 0.67). S3 and S4 were
similar in density (0.25 ± 0.52 and 0.28 ± 0.46), closeness centrality (0.36 ± 0.56, and 0.16 ± 0.51),
and transitivity (0.30 ± 0.62 and 0.06 ± 0.75), which all lay between the associated values of
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S1 and S2. The degree and entropy scores for S3 (0.91 ± 0.68 and 0.89 ± 0.32) were higher
than those of S4 (−0.51 ± 0.48 and −1.04 ± 0.46), while the eigenvector centrality scores for
S3 (−0.27 ± 0.36) were lower than S4 (0.84 ± 0.47). The characteristics of the four offensive
strategies are visually represented in Figure 2.

Figure 1. K-means cluster number selection plots through the use of the silhouette score and DB
index over the range of clusters. A maximised silhouette score and minimised DB index (circled in
red) are conducive to the optimal number of unique clusters.

Table 2. Total number of times that each strategy was implemented in matches that resulted in a win,
loss, and both (Total).

Strategy Wins Losses Win/Loss Ratio Total

S1 53 79 0.67 132
S2 19 28 0.68 47
S3 83 49 1.69 132
S4 43 42 1.02 85

Figure 2. A radar plot displaying the mean and standard deviation of each network metric within
the determined strategy clusters.The solid lines are the mean and the dashed lines represent a single
standard deviation either side of the mean. The percentage in the key represents the distribution of
samples in each strategy cluster.

4. Discussion

The primary aim of this study was to quantify ball movement strategies in AF. The
second aim was to determine the preferred team playing strategies and rank their success
as determined by the number of matches that resulted in a win when each strategy type
was adopted.

The present study identified four unique offensive strategies used by all 18 professional
AF teams across the 2019 season, a finding in contrast with Young et al. [27] who reported
the presence of 18 strategies. This difference is likely attributed to the current study’s
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methodology of calculating network metrics over a match (i.e., at a match level), instead of
over the course of an entire season (i.e., at season level). It is reasonable to expect that team
playing styles will change over the course of a season and adapt based on the opposition
team and their expected tactical approach. The advantage of a match-level evaluation is
the ability to detect the changes in playing styles throughout the season. Additionally, the
current study demonstrated that all 18 professional AF teams deploy multiple strategies
interchangeably across the AF season, thereby adapting their playing styles regularly. To
build on these findings, future work should investigate the offensive strategies across
smaller segments of a match, such as over a quarter, to capture changes in a team’s playing
style during a match.

The four identified offensive strategies can be used to inform tactical training design
when considered alongside practical interpretations of their characteristics (summarised in
Table 3). S1 was the most frequently used strategy and was characterised by a lower number
of overall passes and spread of athlete involvements. S1 also exhibited a greater reliance on
intermediary athletes to move the ball. In the context of AF, this can be interpreted as a “run
and carry” style of ball movement, where a given athlete will aim to gain territory while
maintaining possession of the ball and using a less direct connection between teammates
(i.e., using intermediary athletes to move the ball to the intended teammate). S3—the
equally most used offensive strategy—was characterised by a greater overall number of
passes, lower ball movement predictability, and less reliance on well-connected athletes.
This is conducive to a “hot potato” style of play, in which athletes move the ball quickly,
directly, and to the nearest available athlete. S4 was summarised as involving a greater
reliance on well-connected and intermediary athletes, greater ball movement predictability,
moderate number of overall passes, and a moderate spread of athlete involvements. This
translates to a “controlled movement” style of play, where athletes will move the ball in
a direct manner, guided by calculated and controlled decisions. S2—the least often used
strategy—was characterised by a greater reliance on well-connected athletes, a greater
spread of athlete involvements, a more predictable ball movement pattern, and less reliance
on intermediary athletes. This is described as a “give X the ball” strategy, where athletes
are tasked with getting the ball to a specific, well-connected athlete.

The identified strategies build on the outcomes of Sheehan et al. [25] and Sheehan et al. [28]
by defining unique strategies comprising varying combinations of a set of network met-
rics. The components of passing structures within a team that were proposed previously
established simplified measures of how well-connected and spread out a team’s passing is.
While the proposed components simplify the practical implementation of network metrics
by reducing the number of individual measures, different strategies comprising these
components were not investigated. The current study assessed the various combinations
of the network metrics that define unique offensive strategies to better understand the
patterns of ball movement in AF.

This study also undertook the development of a success rating for each of the four
identified strategies. S3 was identified as the most successful strategy as ranked by the
highest win/loss ratio of 1.69. The success of this “hot potato” style of ball movement
aligns with the results of previous studies, which established that teams with a greater
number of athlete involvements achieve greater success [23,27]. S4 was ranked as the
second most successful strategy with a win/loss ratio of 1.02, suggesting that a more direct
and controlled ball movement between athletes yields great success. Interestingly, while S1
was the equally most employed strategy (alongside S3), this strategy resulted in the lowest
win/loss ratio of all four strategies (0.67). This finding suggests that a “run and carry”
strategy, with a reliance on intermediary athletes to pass the ball to the intended teammate,
is the least robust against opposing defensive strategies. These findings can inform the
design of effective tactical training scenarios. This may also be extended to the design of
defensive actions to mitigate each strategy’s effectiveness. The identified strategies are
limited, however, in that the current approach only considered ball movement, which is
influenced by the movement of opposition athletes. To provide a more holistic descriptor
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of offensive strategies, future work should incorporate the movement patterns of off-ball
athletes. The movement of off-ball athletes will also enable defensive strategies to be
identified, which may then be used to investigate the interplay between offensive and
defensive strategy adoption.

Table 3. Characteristics of each strategy with simplified practical interpretations.

Strategy Summary Interpretation

S1 Greater reliance on intermediary athletes, fewer
passes and spread of athlete involvements. Run and carry

S2

Greater reliance on well-connected athletes,
spread of athlete involvements, use of passing
trios and ball movement predictability, less
reliance on intermediary athletes.

Give X the ball

S3
Greater number of passes, less reliance on
well-connected athletes and ball
movement predictability.

Hot potato

S4

Greater reliance on key and intermediary athletes
and ball movement predictability, moderate
levels of passes and spread of
athlete involvements.

Controlled movement

Overall, this research identified offensive strategies that are most likely to win matches.
Of the four offensive strategies identified, the “run and carry” and “hot potato” offensive
strategies were implemented most frequently. The greater number of passes and lower
ball movement predictability characteristics of the “hot potato” strategy resulted in the
most match wins. The offensive strategies identified, alongside their practical descrip-
tions, enable coaches and athletes to make informed decisions for offensive and defensive
strategy training.

5. Conclusions

This study categorised and assessed the success of unique offensive strategies in
Australian-rules Football. Each of the 18 professional Australian-rules Football teams used
the same four strategies interchangeably throughout the course of the 2019 Australian
Football League season. A “hot potato” style of ball movement resulted in the most
match wins.

Future work should focus on validating the robustness of these findings. An ablation
study should be performed to analyse the influence of single network metrics on the
clusters. Additionally, strategy clusters should be compared across multiple seasons to
provide insights into the evolution of tactical behaviour between seasons of match play.
To move towards a practical, real-time application of the developed approach, future
analyses should investigate whether multiple strategies are deployed within a single match.
Additionally, off-ball athlete movements should be combined into strategy identification
for more holistic descriptions of offensive strategies. The off-ball movements of athletes
may then be extended to defensive plays to provide insights into optimal offensive versus
defensive strategy match-ups. A more in-depth analysis of the tactical strategies deployed
by teams should also describe the physical demands associated with each of the identified
strategies. The findings from this study advance the understanding of tactical behaviour in
Australian-rules Football by providing a more robust and comprehensive analysis of the
offensive strategies deployed by professional Australian-rules Football teams.

Author Contributions: Conceptualisation, J.W. and J.A.; Data curation, Z.B.; Formal analysis, Z.B.;
Funding acquisition, J.A. and J.W.; Investigation, Z.B.; Methodology, Z.B. and A.M.; Project ad-
ministration, J.A.; Resources, J.W.; Software, Z.B.; Supervision, A.M. and J.A.; Validation, M.M.,



Information 2024, 15, 364 8 of 9

A.M. and J.A.; Visualisation, Z.B. and M.M.; Writing—original draft, Z.B.; Writing—review and
editing, J.A. and M.M. All authors have read and agreed to the published version of the manuscript.

Funding: This research is supported by Fremantle Football Club, an Australian Government Research
Training Program (RTP) Scholarship, and the University of Western Australia and UWA Tech & Policy
Lab. Support for open-access publishing came from the University of Western Australia.

Institutional Review Board Statement: This study was approved by the ethics committee from the
University of Western Australia (2020/ET000197).

Informed Consent Statement: Commercially available event data were provided by Champion Data
to complete this project. The collection of this data is in accordance with player agreements.

Data Availability Statement: The datasets presented in this article are not readily available due to
third-party restrictions. Requests to access the datasets should be directed to the corresponding author.

Conflicts of Interest: Author Jason Weber was employed by the company SpeedSig. The remaining
authors declare that the research was conducted in the absence of any commercial or financial
relationships that could be construed as a potential conflict of interest.

References
1. Robertson, S.; Back, N.; Bartlett, J. Explaining match outcome in elite Australian Rules football using team performance indicators.

J. Sport. Sci. 2015, 34, 637–644. [CrossRef]
2. Young, C.; Luo, W.; Gastin, P.; Tran, J.; Dwyer, D. The relationship between match performance indicators and outcome in

Australian Football. J. Sci. Med. Sport 2018, 22, 467–471. [CrossRef] [PubMed]
3. Alexander, J.; Spencer, B.; Mara, J.; Robertson, S. Collective team behaviour of Australian Rules football during phases of match

play. J. Sport. Sci. 2018, 37, 237–243. [CrossRef] [PubMed]
4. Benito Santos, A.; Theron, R.; Losada, A.; Sampaio, J.; Lago-peñas, C. Data-driven visual performance analysis in soccer: An

exploratory prototype. Front. Psychol. 2018, 9, 2416. [CrossRef] [PubMed]
5. Gonçalves, B.; Folgado, H.; Coutinho, D.; Marcelino, R.; Wong, D.; Leite, N.; Sampaio, J. Changes in Effective Playing Space When

Considering Sub-Groups of 3 to 10 Players in Professional Soccer Matches. J. Hum. Kinet. 2018, 62, 145–155. [CrossRef] [PubMed]
6. Diquigiovanni, J.; Scarpa, B. Analysis of association football playing styles: An innovative method to cluster networks. Stat.

Model. 2019, 19, 28–54. [CrossRef]
7. Keatley, D.; Golightly, H.; Shephard, R.; Yaksic, E.; Reid, S. Using behavior sequence analysis to map serial killers’ life histories.

J. Interpers. Violence 2021, 36, 2906–2928. [CrossRef] [PubMed]
8. Park, J. The use of a social network analysis technique to investigate the characteristics of crew communications in nuclear power

plants—A feasibility study. Reliab. Eng. Syst. Saf. 2011, 96, 1275–1291. [CrossRef]
9. Scott, J. Social network analysis: Developments, advances, and prospects. Soc. Netw. Anal. Min. 2011, 1, 21–26. [CrossRef]
10. Passos, P.; Davids, K.; Araújo, D.; Paz, N.; Minguéns, J.; Mendes, J. Networks as a novel tool for studying team ball sports as

complex social systems. J. Sci. Med. Sport 2011, 14, 170–176. [CrossRef] [PubMed]
11. Grund, T. Network structure and team performance: The case of English Premier League soccer teams. Soc. Netw. 2012,

34, 682–690. [CrossRef]
12. Pena, J.; Touchette, H. A network theory analysis of football strategies. arXiv 2012, arXiv:1206.6904. [CrossRef]
13. Fewell, J.; Armbruster, D.; Ingraham, J.; Petersen, A.; Waters, J. Basketball teams as strategic networks. PLoS ONE 2012, 7, e47445.

[CrossRef] [PubMed]
14. Laporta, L.; Afonso, J.; Valongo, B.; Mesquita, I. Using social network analysis to assess play efficacy according to game patterns:

A game-centred approach in high-level men’s volleyball. Int. J. Perform. Anal. Sport 2019, 19, 866–877. [CrossRef]
15. Korte, F.; Lames, M. Passing Network Analysis of Positional Attack Formations in Handball. J. Hum. Kinet. 2019, 70, 209–221.

[CrossRef] [PubMed]
16. Sasaki, K.; Yamamoto, T.; Miyao, M.; Katsuta, T.; Kono, I. Network centrality analysis to determine the tactical leader of a sports

team. Int. J. Perform. Anal. Sport 2017, 17, 822–831. [CrossRef]
17. Aquino, R.; Machado, J.; Manuel Clemente, F.; Praça, G.; Gonçalves, L.G.; Melli-Neto, B.; Ferrari, J.; Vieira, L.; Puggina, E.;

Carling, C. Comparisons of ball possession, match running performance, player prominence and team network properties
according to match outcome and playing formation during the 2018 FIFA World Cup. Int. J. Perform. Anal. Sport 2019,
19, 1026–1037. [CrossRef]

18. McLean, S.; Salmon, P.; Gorman, A.; Stevens, N.; Solomon, C. A social network analysis of the goal scoring passing networks of
the 2016 European Football Championships. Hum. Mov. Sci. 2018, 57, 400–408. [CrossRef] [PubMed]

19. Clemente, F.; Couceiro, M.; Martins, F.; Mendes, R. Using network metrics in soccer: A macro-analysis. J. Hum. Kinet. 2015,
45, 123–134. [CrossRef]

20. Sargent, J.; Bedford, A. Evaluating Australian Football League player contributions using interactive network simulation. J. Sport.
Sci. Med. 2013, 12, 116–121.

http://doi.org/10.1080/02640414.2015.1066026
http://dx.doi.org/10.1016/j.jsams.2018.09.235
http://www.ncbi.nlm.nih.gov/pubmed/30352743
http://dx.doi.org/10.1080/02640414.2018.1491113
http://www.ncbi.nlm.nih.gov/pubmed/29947584
http://dx.doi.org/10.3389/fpsyg.2018.02416
http://www.ncbi.nlm.nih.gov/pubmed/30568611
http://dx.doi.org/10.1515/hukin-2017-0166
http://www.ncbi.nlm.nih.gov/pubmed/29922386
http://dx.doi.org/10.1177/1471082X18808628
http://dx.doi.org/10.1177/0886260518759655
http://www.ncbi.nlm.nih.gov/pubmed/29577797
http://dx.doi.org/10.1016/j.ress.2011.05.003
http://dx.doi.org/10.1007/s13278-010-0012-6
http://dx.doi.org/10.1016/j.jsams.2010.10.459
http://www.ncbi.nlm.nih.gov/pubmed/21145787
http://dx.doi.org/10.1016/j.socnet.2012.08.004
https://doi.org/10.48550/arXiv.1206.6904
http://dx.doi.org/10.1371/journal.pone.0047445
http://www.ncbi.nlm.nih.gov/pubmed/23139744
http://dx.doi.org/10.1080/24748668.2019.1669007
http://dx.doi.org/10.2478/hukin-2019-0044
http://www.ncbi.nlm.nih.gov/pubmed/31915491
http://dx.doi.org/10.1080/24748668.2017.1402283
http://dx.doi.org/10.1080/24748668.2019.1689753
http://dx.doi.org/10.1016/j.humov.2017.10.001
http://www.ncbi.nlm.nih.gov/pubmed/29046222
http://dx.doi.org/10.1515/hukin-2015-0013


Information 2024, 15, 364 9 of 9

21. Braham, C.; Small, M. Complex networks untangle competitive advantage in Australian football. Chaos Interdiscip. J. Nonlinear
Sci. 2018, 28, 053105. [CrossRef] [PubMed]

22. Fransen, J.; Tribolet, R.; Sheehan, W.B.; McBride, I.; Novak, A.R.; Watsford, M.L. Cooperative passing network features are
associated with successful match outcomes in the Australian Football League. Int. J. Sport. Sci. Coach. 2022, 17, 1101–1108.
[CrossRef]

23. Taylor, N.; Gastin, P.; Mills, O.; Tran, J. Network analysis of kick-in possession chains in elite Australian football. J. Sport. Sci.
2020, 38, 1053–1061. [CrossRef] [PubMed]

24. Young, C. Understanding the relative contribution of technical and tactical performance to match outcome in Australian Football.
J. Sport. Sci. 2020, 38, 676–681. [CrossRef]

25. Sheehan, W.; Tribolet, R.; Watsford, M.; Novak, A.; Rennie, M.; Fransen, J. Using cooperative networks to analyse behaviour in
professional Australian Football. J. Sci. Med. Sport 2020, 23, 291–296. [CrossRef] [PubMed]

26. Sheehan, W.B.; Tribolet, R.; Watsford, M.L.; Novak, A.R.; Rennie, M.; Fransen, J. Tactical analysis of individual and team behaviour
in professional Australian Football. Sci. Med. Footb. 2022, 6, 172–180. [CrossRef] [PubMed]

27. Young, C.; Luo, W.; Gastin, P.; Lai, J.; Dwyer, D. Understanding effective tactics in Australian football using network analysis. Int.
J. Perform. Anal. Sport 2019, 19, 331–341. [CrossRef]

28. Sheehan, W.B.; Tribolet, R.; Novak, A.R.; Fransen, J.; Watsford, M.L. A holistic analysis of collective behaviour and team
performance in Australian Football via structural equation modelling. Sci. Med. Footb. 2023, 7, 64–73. [CrossRef] [PubMed]

29. Moffatt, S.J.; Gupta, R.; Collier, N.F.; Keller, B.S. Classifying and quantifying team playing styles in the Australian Football League.
Int. J. Perform. Anal. Sport 2024, 1–18. [CrossRef]

30. Hagberg, A.A.; Schult, D.A.; Swart, P.; Hagberg, J. Exploring Network Structure, Dynamics, and Function using NetworkX. In
Proceedings of the 7th Python in Science Conference (SciPy 2008), Pasadena, CA, USA, 19–24 August 2008.

31. Davies, D.; Bouldin, D. A cluster separation measure. IEEE Trans. Pattern Anal. Mach. Intell. 1979, PAMI-1, 224–227. [CrossRef]
32. Rousseeuw, P. Silhouettes: A graphical aid to the interpretation and validation of cluster analysis. J. Comput. Appl. Math. 1987,

20, 53–65. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1063/1.5006986
http://www.ncbi.nlm.nih.gov/pubmed/29857669
http://dx.doi.org/10.1177/17479541211052760
http://dx.doi.org/10.1080/02640414.2020.1740490
http://www.ncbi.nlm.nih.gov/pubmed/32290783
http://dx.doi.org/10.1080/02640414.2020.1724044
http://dx.doi.org/10.1016/j.jsams.2019.09.012
http://www.ncbi.nlm.nih.gov/pubmed/31582289
http://dx.doi.org/10.1080/24733938.2021.1923792
http://www.ncbi.nlm.nih.gov/pubmed/35475736
http://dx.doi.org/10.1080/24748668.2019.1605562
http://dx.doi.org/10.1080/24733938.2022.2046286
http://www.ncbi.nlm.nih.gov/pubmed/35213284
http://dx.doi.org/10.1080/24748668.2024.2325269
http://dx.doi.org/10.1109/TPAMI.1979.4766909
http://dx.doi.org/10.1016/0377-0427(87)90125-7

	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusions
	References

