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ABSTRACT
An understanding of the effect contextual data may have on key 
match-play technical performance indicators in the Australian 
Football League Women’s (AFLW) competition is warranted due 
to its rapid evolution. To address this, predictive models were fit 
to determine which technical match-play data, including new con-
textual information, more accurately predict AFLW match outcomes 
(win/loss, margin), and what are the most important contexts and 
technical predictors of team performance? Thirteen random forest 
models were fit, each with greater data contextual interaction 
including relative to opposition and harder-to-attain match-play 
variables, field location, and individual player contributions. 
Models were assessed by prediction performance on match out-
come in a holdout sample and variable importance through Mean 
Decrease in Gini Index. Effective kicks and entries into attacking 
locations were important in models. Territory gained, contexts of 
relative performance to the opposition, and locational information 
around actions improved prediction. This methodology represents 
the most in-depth analysis of women’s Australian football technical 
match-play performance to date. Commentary presented sur-
rounded issues of using aggregated datasets, prediction with 
match-play success as a dependent variable, and that detailed, 
process-oriented approaches are needed in future to avoid large 
assumptions.
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1. Introduction

The women’s Australian football (AF) elite competition, the Australian Football League 
Women’s (AFLW), was established in 2017. Performance analysis techniques play a key 
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role in establishing industry practices to support the competition. Specifically, perfor-
mance analysis involving technical and tactical variables capturing player and team skill 
actions during match-play and training can inform coaching, player recruitment and 
development, and gameday tactics (Lord et al., 2020) as it has in prior men’s AF (Young, 
Luo, Gastin, Tran, et al., 2019) and soccer research (Moreira Praça et al., 2023).

Previous studies have analysed technical and tactical performance in women’s AF 
(Black et al., 2019; Cust et al., 2019; Dwyer et al., 2022). Key variables in match-play 
success included Kicks, Uncontested Possessions, and Disposal Efficiency (Black et al.,  
2019), Relative Inside 50s between teams, and by key players (Cust et al., 2019), and 
Inside 50s, Disposals, Marks Inside 50, and Contested Possessions (Dwyer et al., 2022). 
These datasets included 13 variables (Black et al., 2019) and 23 variables (Dwyer et al.,  
2022) while Cust et al. (2019) had 12 base variables with feature distributions applied 
providing a representation of individual player contribution to each variable. 
Additionally, field location of technical match-play performance actions in the AFLW 
has been shown to impact key performance indicators characteristic of positional roles 
(van der Vegt et al., 2023a).

Previous studies (Black et al., 2019; Cust et al., 2019; Dwyer et al., 2022) utilised data 
from the first three seasons of the AFLW. As it has been demonstrated that the AFLW is 
a fast-developing competition (van der Vegt et al., 2023b), this may indicate that 
reassessment with more recent seasons has the potential to produce results more 
representative of the current competition. Analysis incorporating additional data that 
has become available since these studies have been published, both in number of 
variables and contextual information, may build on the results of the current AFLW 
literature.

Precedent of detailed analysis of wider technical indicators (91 variables after variable 
reduction) has been conducted in the men’s elite competition, the Australian Football 
League (AFL), across the 2001–2016 seasons, separated into eras for each model fit 
(Young, Luo, Gastin, Tran, et al., 2019). Key performance indicators produced provided 
insight into the value of specific data and its effect on prediction accuracy of team match- 
play success. Contextual information including team technical variables relative to the 
opposition demonstrated greater prediction accuracy to match outcome than the stan-
dard version, with key variables of interest including relative kicks and metres gained, 
and inside 50-metre entries (Young, Luo, Gastin, Tran, et al., 2019).

These AFL results indicate that the inclusion of additional variables with greater detail 
and contextual information surrounding each variable (e.g. relative between teams, 
metres gained on the field through actions by a team, etc.) has the potential to provide 
greater information of the scenarios in which key indicators influence AFLW match-play 
success (van der Vegt et al., 2023b). This is further evidenced by the influence of 
individual player contributions in the AFLW (Cust et al., 2019), meaning the integration 
of this context may improve prediction accuracy and insights. As a result, investigating 
how a range of contextual aspects that may be influential (e.g. locational information of 
actions (van der Vegt et al., 2023a) or metres gained (Young, Luo, Gastin, Tran, et al.,  
2019)) may have the potential to show the value of current performance data captured.

Pertinent issues affecting the ability for performance analysis to be conducted and 
interpreted, have been identified in previous literature regarding both women’s sport 
(Emmonds et al., 2019) and specifically women’s AF (van der Vegt et al., 2023b). The 
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comparatively scarce resources in women’s competitions relative to their men’s equiva-
lent, in terms of facilities, funding, less staff taking on more duties, and comparative 
contact hours for players under a semi-professional environment, may constrain con-
ducting performance analysis. As such, understanding the value of data currently cap-
tured in the AFLW competition, better utilising available data, inclusive of a wider range 
of technical match-play performance variables and their contextual information, is 
warranted (van der Vegt et al., 2023b). Potential findings regarding prediction accuracy 
on match outcomes utilising various levels of detailed data may assist sport practitioners 
and club personnel regarding decision-making concerning priority of data usage given 
available resources, training practices, and strategy implementation.

Therefore, a gap exists regarding usage of existing wider range of variables and 
contexts to inform technical performance, which can in turn also produce a current 
representative analysis of match-play actions that contribute most to match outcomes 
within women’s AF, allowing for comparison to and potential reinforcement of previous 
literature. Utilising more seasons of data with additional detail also enables the use of 
more intensive predictive machine learning models that have the potential to capture 
further relationships between technical and tactical variables, which may inform key 
performance indicators that can be used to assist coaching and match analysis (van der 
Vegt et al., 2023b).

Considering the motivations of building on the current understanding of key AFLW 
match-play technical variables with the additional contexts available and potential shifts 
in more recent seasons in a fast-developing league, while accounting for the needs of 
women’s AF of quick, interpretable, and reproducible results, the following study design 
has been created. This study aims to utilise existing technical match-play datasets while 
introducing new contextual information to understand how well they predict AFLW 
match outcomes (win/loss and margin), and to identify which variables and contexts are 
most important to prediction with consideration of reproducibility and interpretability.

2. Methods

2.1. Data

Data used in this analysis were derived from Champion Data across all AFLW matches 
from 2017 to the first of two seasons of 2022 (referred to as 2022.1). The data has been 
validated within men’s AF research (Robertson et al., 2016), with similar collection 
processes in the AFLW, although no validation has been conducted. Quarterly data 
was chosen to be consistent with past analyses (Black et al., 2019; Cust et al., 2019), for 
easier comparison and greater sample size at the expense of increasingly sparse data. The 
study was approved by the Bond University Human Research Ethics Committee 
(BV00011).

Table 1 explains the detail of each data type used and whether a precedent exists for its 
use in current women’s AF literature. Table 2 presents the different levels of data used in 
the analysis. Each model utilises incrementally more detailed data or interactions with 
different detail levels. Models are produced in model sets (e.g. Model 1.1, 1.2 is a set) with 
different iterations representing different detail combinations.
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Table 1. Description of data detail available and use in previous women’s Australian football literature.

Data Rationale
Used in AFLW 

literature Examples

Basic Statistics Basic statistics – Simplest baseline Yes (2017-18 
seasons only) 

Black et al. (2019); 
Cust et al. (2019)

Kicks, Handballs, Marks

Advanced 
Statistics – 
Metres Gained 
Statistics

Additional variables representing 
information of team performance in 
terms of the total distance gained on the 
field by a team in a match.

No. Metres Gained, Metres 
Gained Retained, Chain 
Metres

Relative between 
Teams

Relative performance in a variable to the 
other team that is often key to 
understanding match-play success.

Yes (2017-18 
seasons only) 

Cust et al. (2019).

Kicks_Relative (Team Total 
Kicks – Opposition Total 
Kicks)

Locational 
Component

Includes where statistics occur which can 
give information of why these statistics 
are important. Five zones on the field as 
determined and assessed by Champion 
Data (Attacking Midfield, Defensive 
Midfield, True Midfield, Forward 50 & 
Defensive 50). Forward 50 results were 
also removed in certain dataset iterations 
as it was anticipated that having the 
location where almost all scoring actions 
occur in the data may bias prediction.

No. Kicks_AM – Attacking 
Midfield Kicks. 

Kicks_F50 – Forward 50 Kicks 
Kicks_D50 – Defensive 50 

Kicks. 
Kicks_DM – Defensive 

Midfield Kicks.

Feature  
Distributions 
of Player 
Contributions

Represent the contributions of player 
thresholds (e.g. the sum of how many 
goals the top 5/20/50% of players 
[highest goal player, top 4, top 11 
players] scored in a game/quarter) and 
use that as a predictor. Means comment 
on player contributions to team can be 
made as in Cust et al. (2019).

Yes (2017-18 
seasons only). 
Only done on 12 
variable datasets 

Cust et al. (2019).

Kicks_5per – Kicks 
attributable to the top 5% 
of players (approx. 1 player) 
on the team by kicks. 

Kicks_25per - Kicks 
attributable to the top 25% 
of players (approx. 5 
players) on the team by 
kicks. 

Kicks_50per - Kicks 
attributable to the top 50% 
of players (approx. 10 
players) on the team by 
kicks.

Table 2. Combinations of data used to fit models to predict Australian Football League Women’s 
(AFLW) match outcomes.

Model set + iteration Dataset combination used Number of variables used

Model 1.1 Baseline Data 27
Model 1.2 Model 1.1 + Relative between Teams 54
Model 2.1 All Statistics Data 320
Model 2.2 Model 2.1 + Relative between Teams 640
Model 3.1 Zone of Field Data with Baseline variables 130
Model 3.2 Model 3.1 + Relative between Teams 260
Model 3.3 Model 3.2 - Forward 50 Statistics removed 208
Model 4.1 Model 3.1 + Metres Gained variables 390
Model 4.2 Model 4.1 + Relative between Teams 780
Model 4.3 Model 4.2 - Forward 50 Statistics removed 624
Model 5.1 Model 3.1 + Feature Distributions of Players on Team 520
Model 5.2 Model 5.1 + Relative between Teams 1040
Model 5.3 Model 5.2 - Forward 50 Statistics removed 832
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Previous literature removed the less predictive variable of any pair with correlation 
above 0.95 to avoid multicollinearity issues (Young, Luo, Gastin, Tran, et al., 2019). 
However, we take a different approach for two reasons. First, the random forest process 
applied is largely immune to multicollinearity issues in addition to it being performed 
with greater rigour surrounding sampling, number of iterations, and cross-validation 
usage (Hastie et al., 2009). Secondly, the technique considers complex non-linear inter-
active relationships, so exclusion based on linear correlation could remove important 
variables, reducing model performance (Hastie et al., 2009).

A standard 80:20 split stratified by each season (2017–2022.1–6 seasons) for train:test 
data was used for modelling and final verification of model performance (Chollet, 2017). 
This stratification ensured an equal representation of all seasons’ data were included in 
the training and test sets. Splitting by year rather than stratifying can lead to lower 
accuracy on the test set as it becomes a future prediction of match result problem based 
on past data rather than in line with the aim of this analysis to understand important 
variables through quality models varying in data detail (Chollet, 2017). This stratification 
choice is further substantiated as due to previous temporal differences in variables noted 
in the AFLW (Dwyer et al., 2022), a break in the dataset was tested temporally through 
bootstrapped decision trees (Aminikhanghahi & Cook, 2017) where no large enough 
differences were found to justify an era split.

Quarters that ended in a draw were removed from the dataset due to the small sample 
size for a classification problem and specificity needed for a regression prediction. 
Variables that are functions of scoring or match result were removed in all datasets, 
due to the bias introduced by utilising these variables in prediction (Cust et al., 2019).

2.2. Model fit and selection

Each dataset had a random forest model applied for testing following the precedent of 
Young, Luo, Gastin, Tran, et al. (2019) in men’s AF literature utilising R computing 
software (R Core Team, 2018). A random forest method was selected for several reasons. 
An initial decision of employing random forests over advanced regression models and 
decision trees was made due to the ability to tune parameters, particularly through 
iterating the sampling size of the model, perform feature selection, and capture highly 
non-linear relationships for a more representative model enabling conditional two or 
more variable relationships (Chollet, 2017; James et al., 2013). More interpretable and 
ease of producing results were a key influence to the selection of the random forest rather 
than more intensive machine learning models like neural networks (Chollet, 2017). 
Using random forests are less computational and decision intensive relative to designing 
neural network architecture. Neural network variable interpretation is difficult consider-
ing the need for additional methods such as DeepSHAP (Lundberg & Lee, 2017), which 
requires interpretation of variable importance per each sample under the assumption of 
variable independence. In addition, given the specificity of relationships that would arise 
on a dataset such as ours that is not as large as optimal for neural networks, a greater 
danger of overfitting models would be present when fitting neural networks of multiple 
layers (Chollet, 2017). Random forests maintain a degree of the interacting variable 
structure to still allow for more conditional relationships to arise. Random forests ordinal 
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and nonparametric structure, means that outliers do not skew results and conformity to 
a specific distribution is not required (Chollet, 2017).

Given the large number of variables relative to the number of data points in most 
cases, five-fold cross-validation was performed when fitting models, stratified by season 
within the training set (Hastie et al., 2009). Each model was also fit multiple times 
sampling different variable amounts, with the results analysed to select the ideal sample 
size to avoid overfit and ensure dimensionality problems within the datasets were 
addressed (Chollet, 2017). The best sampling size iteration was utilised to fit the final 
model used for prediction on all available training data.

2.3. Model evaluation and variable importance

Comparison of modelling performance between each dataset was measured using one of 
two metrics: Mean Absolute Error (MAE) (Black et al., 2019; Cust et al., 2019) for 
numeric margin prediction and percentage accuracy for win-loss classification. Both 
are necessary as scenarios can arise where prediction may be close by MAE but wrong in 
classification, such as an incorrect prediction of a 1-point win for team A, when team 
B won by 1-point. The scale of the MAE is important as it can be interpreted as an exact 
error by the number of points scored, with the context of six points for a goal, and one 
point for a behind (missed shot that still scores) showing the scale of error relative to the 
number of scoring actions.

Variable importance was determined via the Mean Decrease in Gini Index (MDGI) for 
every final model; this is common when applying random forests while Mean Decrease in 
Accuracy assessment provided similar results (Breiman, 2001). Assessment of variable 
importance from random forests models has the benefit of being able to handle corre-
lated variables without suffering from multicollinearity issues (Chollet, 2017).

As a result, themes can be extracted on key variable groups with similar traits that are 
important to models, which can then be utilised as key performance indicators by 
practitioners and coaches. MDGI does not indicate relationship direction, meaning 
that correlation directions to the dependent variable (quarter margin) were analysed to 
determine the direction of the relationship of important variables in each model’s dataset. 
This comes with the caveat that caution should be taken in directional interpretation as 
the non-linear relationship is likely not simplistic given the interacting nature of variable 
importance in random forests (Chollet, 2017).

3. Results

A total of 2280 data points (285 matches × 2 teams × 4 quarters per match) were available 
for use with 52 (26 × 2) drawn quarters removed from the dataset. This resulted in a final 
dataset of 2228 data points. Figure 1 presents the MAE and accuracy results of each 
model from Table 2 above. Further detail in table form can be found in supplementary 
material Table 1.

Tables 3 and 4 display the 20 most important variables by MDGI for each model along 
with whether they are positively or negatively correlated with the dependent variable 
(quarter margin).
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In Model 1.1 (M1.1), Inside 50 (I50) was the most important variable by MDGI. 
Effective and Total Kicks, and Clearances were also strongly positively associated with 
success, while Turnovers (TO) and Rebound 50s (R50s) were negatively associated. 
Model 1.2 (M1.2) revealed similar important variables except in relative form, producing 
better prediction than M1.1 by MAE and accuracy.

Model 2.1 (M2.1) indicated the Chain Metres variable was responsible for a large 
portion of predictive power, while Repeat I50s also was a strong indicator. The relative 
form of similar statistics were again stronger indicators in Model 2.2 (M2.2), with Chain 
Metres and Metres Gained (MG) constituting most of the predictive power. M2.1 and 
M2.2 both improve on M1.1 and M1.2 predictions with the relative version performing 
particularly well.

Model 3.1 (M3.1) was dominated by efficiency inside the F50 statistics and I50s, 
indicating the importance of field position with the strongest negative association com-
ing through Free Kicks conceded in defence. Model 3.2 (M3.2) shows many of the same 
statistics as M3.1 in relative form, although with a large amount of predictive power 
attributable to Effective Kicks inside F50. When removing F50 variables, I50s and less 
R50s once again dominated prediction. All of Model set 3 improved on Model set 1 
although the removal of F50 location in Model 3.3 (M3.3) reduced accuracy.

The re-addition of MG statistics in Model 4.1 (M4.1), as seen in Table 4, found many 
of these variables included, with MG Retained and Effective Kicks in the F50 the two 
most important variables. Model 4.2 (M4.2) shows much the same results in relative 
form. Removal of F50 statistics shows MG in Attacking Midfield, both in total and when 

Figure 1. Model performance to determine which technical match-play data best predicts Australian 
Football League Women’s competition match outcomes in terms of difference in mean absolute error 
and prediction accuracy relative to the baseline Model 1.1.
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possession is retained by a team to be key. All models improve on their Model set 3 
baseline equivalent, attributable to these MG statistics, with prediction approaching 
levels seen with many more variables in M2.1 and M2.2.

Model 5.1 (M5.1) introduces feature distributions of player contributions, with 
Effective Kicks in total and attributable to the top 50% and 25% of players key. Model 
5.2 (M5.2) shows similar results in relative form. Model 5.3 (M5.3) shows the importance 
of I50 in total and by the top 50% of a team, while the negative association of R50s is again 
present at 50% and whole team levels. Model set 5 iterations all produce results very 
similar to the Model set 3 equivalents, with little additional predictive power attributable 
to this additional data.

Residual plots of each model are available in Supplement 3, which suggest that better 
predictions are made when quarter margins are smaller, where a greater proportion of 
results are. Prediction improved largely uniformly regardless of margin albeit with 
slightly better prediction of larger margins (~20+ points) in the best performing models.

4. Discussion

This study sought to determine which incrementally more detailed technical and tactical 
match-play data better predicts AFLW match outcomes (win/loss and margin), and to 
identify the most important predictors of team performance. By using the most compre-
hensively detailed and longitudinal datasets within the AFLW to date, it enabled com-
parisons of the value associated with each level of detail, as well as when in combination 
with each other. Key variables for predictive team success have been identified in addition 
to general commentary on the usage of data going forward to assist with the previously 
outlined issue of the better utilisation and future allocation of scarce resources with 
a summary available in the conclusion in Table 5. Each model presented has practical 
value, meaning that interpreting each is beneficial, albeit some with greater predictive 
power and accuracy relative to others, although some of these improvements were 
obtained at the cost of a substantially greater number of variables utilised.

4.1. Value of detail levels in data

The addition of relative statistics between teams improves prediction substantially in all 
MAE and accuracy results. Important variable lists also primarily feature these relative 
statistics with high MDGI when applied, giving further weight to its importance. This is 
consistent with past observations in the AFL (Young, Luo, Gastin, Tran, et al., 2019) and 
AFLW (Cust et al., 2019). As a result, relative data should be considered an essential 
detail level for all team analyses of technical match-play performance.

The best prediction came through the application of all available variables including 
opposition statistics. While valuable, it is difficult to both access and manage all this data 
effectively when available. Notably, a lot of the value in the All Statistics dataset appeared 
to be derived from the MG variables also utilised in M4.1-M4.3. Evidence of this comes in 
both observation of the key variables of M2.1 and 2.2, as well as the MAE of Model set 4, 
which is the closest in performance to the All Statistics data. In the interests of data 
dimensionality, the usage of MG variables in addition to baseline variables is likely the 
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best number of initial variables to start with, as it gives a fair representation of all 
available data in a more manageable way.

Zone of field data has previously been found to be influential in positional classification 
(Barake et al., 2021), with this study being the first time it has been applied in a match-play 
prediction context in women’s AF. Zone of Field data was found to substantially increase 
prediction in all cases, as it is interacted with other variables. This shows the importance of the 
contextual information behind variables, with the location of Kicks, especially Effective Kicks, 
being a superior predictive variable relative to the non-locational version important in Model 
set 1. Further analysis of key variables in models using locational information finds that 
actions in F50, are the most predictive, which does suggest that the number of actions in that 
zone may be more important than the specific action undertaken in the zone. At the same 
time, the presence of Effective Kicks in F50, which represents effective ball usage in this area, 
is the most important aspect of match-play.

Removal of F50 data in the third iteration of Model sets 3–5 (M3.3, M4.3, M5.3) 
supports the view that getting the ball into this zone is of high importance, with 
a reduction in predictive power in all cases of removal, although quality predictions are 
still found. The presence and relative importance of I50 variables in these iterations may 

Table 5. Summary table of key practical insights surrounding usage of data details and key variables 
for coaches and sport practitioners.

Data detail Conclusions surrounding usage Key variables

Basic Statistics Baseline variables commonly publicly available 
still produce a fair representation although 
utilisation of relative to other team statistics 
should always be introduced.

Inside 50s, kicks, effective Kicks, and clearances 
positive relationship. 

Turnovers and rebound 50s, negative 
relationship. 

All have more predictive power when 
expressed relative to opposition.

All Statistics Produced best prediction by mean absolute 
error. Difficult to acquire all available data 
given usual restricted access.

Repeat Inside 50s, percentage of clearances 
won, and Metres Gained statistics covered 
below.

Advanced 
Statistics – 
Metres Gained 
Statistics

Found to account for a lot of the predictive 
value in the full dataset especially when 
interacting with field location. These 
variables represent the territory on the field 
gained by a team and should certainly be 
included or collected for future datasets.

Chain + Total Metres gained; Metres gained 
retained (i.e. ball remained in possession of 
the team from disposal). Relative form and in 
Forward 50 zone add more predictive power.

Relative between 
Teams

Found to make considerable improvement to 
prediction. Easy to implement and should be 
a level of data used for all analysis of team 
performance.

Covered through other data detail descriptions 
and seems to produce better prediction.

Locational 
Component

Should be sought wherever possible and 
potentially in more detail. Improved 
prediction substantially. Shows importance 
of context of where on the field an action 
occurs which affects variable importance. 
Caveat that Forward 50 zone seems to 
dominate prediction, which may be 
considered data snooping due to the 
requirement to get inside this zone to score.

Forward 50 locations highly positively 
associated with team success. 

Defensive 50 locations highly negatively 
associated with team success.

Feature 
Distributions 
of Player 
Contributions

Did not improve prediction when introduced. 
Can be difficult to create so may not be 
worth effort of producing. Individual player 
contributions likely still important but may 
need methodology that can represent whole 
dataset or alternate means like network 
analysis to be able to fully capture.

Top 25/50% player contributions to inside 50s.

INTERNATIONAL JOURNAL OF PERFORMANCE ANALYSIS IN SPORT 13



still suggest that getting the ball into F50 is the biggest indicator of success (as it is more 
difficult to score a goal from outside the F50). This provides insight to utilise in terms of 
tactical practical application; however, it is also a factor to account for in future modelling 
interpretation due to it representing a variable that is a prerequisite to scoring. Overall, 
the capture and employment of this locational data should be prioritised, although care 
must be taken in its usage and interpretation of results derived from it.

While Model set 5 included feature distributions and locational components, the addition 
of these features did not improve prediction by MAE in the current study. This differs to 
findings reported by Cust et al. (2019), which suggested the importance of individual player 
contributions, particularly in the top 25% of the team (although locational components were 
not utilised in the model). This pulls into question the past assertion that individual key player 
performances contribute more to match-play success than team performance in the AFLW. 
To truly test this, alternative methodology should be sought, with the use of all individual 
player data through a method that can handle this dimensionality. One such method is neural 
networks (e.g. Convolution Neural Networks with multiple channels), albeit with issues 
surrounding large sample requirements and variable interpretation associated with its 
usage (Chollet, 2017). For now, this dataset requires additional feature generation that 
requires care in its use, which is likely not worth the comparatively marginal benefits that 
may be derived compared to results presented in this study.

4.2. Important variable interpretation

Model set 1 can be compared to previous literature with the caveat of a different time-
frame and holdout test set limiting a truly fair comparison. In terms of MAE, Cust et al. 
(2019) reported a best result of 7.63 points on a holdout test set prediction of quarter 
margin using decision trees, while producing a best MAE of 5.12 points using 
Generalised Estimating Equations, although this was using training data. Models pro-
duced in this study improve on previous literature with the application of random forests, 
even on the comparable datasets of Model set 1. This may be in part due to the greater 
data availability, but our analysis outperformed previous literature on a test set, even 
when compared to performance on the training data in Cust et al. (2019), suggesting 
a greater robustness of our results.

Variables that were important in M1.1 and 1.2 shared some similarity with previous 
results (Black et al., 2019; Cust et al., 2019; Dwyer et al., 2022). Kicks, Disposal Efficiency, 
and Relative I50s were identified as important variables in previous models and remain 
so in our analyses. Other previously identified key variables, such as Uncontested 
Possessions (Black et al., 2019) and Contested Possessions (Dwyer et al., 2022), were 
not present in variable lists of either comparable model. Alternatively, Turnovers, R50s 
and Clearances were not previously deemed important in past analyses. This suggests 
that with a greater sample size of additional seasons, Turnovers, R50s and Clearances 
have become more prominent in influencing match outcome. Interestingly, Black et al. 
(2019) previously suggested that I50s were not associated with match-play success in the 
AFLW, a result directly contradictory to what is seen in not just M1.1, but the majority of 
our models. Such differences between the results of our study and that of previous 
literature may reflect the ongoing evolution of the game and how gaining possession of 
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the football from the opposition is becoming increasingly important regarding score 
margin and match outcome.

Dwyer et al. (2022) performed correlation significance tests, which do not allow for 
non-linear relationships like the random forests used in this research methodology. This 
is reflected in many important variables discovered in our analysis not being the highest 
in correlation to the dependent variable in initial exploratory data analysis or similar to 
what Dwyer et al. (2022) presented, showing the value of the non-linear analysis.

4.3. Usage of predictive modelling on aggregate match-play data

While this research presents results of key performance variables in available data, issues 
arise that largely stem from the application of aggregated data and predictive models. 
Many variables in these datasets are relatively obvious, high likelihood precursors to 
actions that result in increased win probability (e.g. an I50 is required to score a goal 
which naturally improves win probability). While a key variable, the contextual informa-
tion of the process or chain-of-play that precedes an I50 may hold more value than these 
aggregate measures.

Approaching match-play performance from a technical and tactical perspective in this 
process-oriented manner is congruent with literature expressing match-play perfor-
mance as dynamic systems in wider team invasion sport performance analysis 
(Travassos et al., 2013; Vilar et al., 2012). This may be achieved with the usage of analyses 
focused on the chain-of-play or states of play, for example through Markov modelling 
(Barkell et al., 2017; Meyer et al., 2006) or network analysis as has been done in the men’s 
AFL (Young, Luo, Gastin, Lai, et al., 2019).

Despite these challenges associated with interpretation of results, there is still useful-
ness that comes from applying predictive models on aggregate team statistics. In this 
instance, variables like that of I50s, kicks and effective kicks in F50, and MG in F50 or 
MG Retained can be used as a state or objective to aim for which leads to positive results 
in match-play when employing process-oriented example methods like network analysis 
or Markov models. This is in addition to the presented aggregate metrics which can still 
be used by teams and practitioners as key performance indicators to assist in match 
analysis and pre-match preparation. It is evident though that great care should be taken 
in interpreting the insights aggregate measures produce, with value existing in results, but 
elaboration needed in following studies to verify or improve upon initial insights created.

Further contexts and combinations with other data sources like that of GPS perfor-
mance and locational data, represent a way forward to produce more holistic representa-
tions, leading to more targeted, actionable insights for practitioners. Examples of this 
approach may include mapping of team structure, positioning, and its decision-making 
impacts, as is starting to be explored in the AFL (Alexander, Spencer, Mara, et al., 2019; 
Alexander, Spencer, Sweeting, et al., 2019; Spencer et al., 2019). With that in mind, 
challenges surrounding the utilisation of GPS data in the AFLW have been previously 
documented due to the requirement of team collaboration in a directly competitive 
league, otherwise results will be heavily biased to the available team’s data (van der 
Vegt et al., 2023b). The next step to unlocking the ability to perform these analyses is 
greater care and depth of data collection within the AFLW; a difficult task in a league with 
limited resources compared to the AFL.
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Despite the identified limitations and assumptions of this application, it produces 
the most robust representation of technical match-play to date while also presenting 
commentary on the detail captured in available data, assisting in future research 
and industry practices. Results should also be taken with the caveat for future use 
that this is a snapshot in time, meaning that relationships may need to be reassessed 
with similar methodology in the future as the game evolves. Individual team game 
styles may also influence the relevance of results; a factor to consider in future 
analyses.

5. Conclusion

This study provides the most in-depth analysis of women’s AF technical and tactical 
performance to predict match outcome to date, in terms of detail and timeframe of data 
used. Findings bring clarity to the value of current data available, while suggesting areas 
to pursue for future research. Thirteen models were analysed, each representing different 
levels of detail available in the dataset. From each model, key technical variables con-
tributing to match-play success were determined with commentary surrounding the 
value of individual levels of detail. This is summarised in Table 5.

Future research should expand upon these findings to explore more granular, chain-of 
-play data and consider methodologies like Markov models or network analysis. 
Important technical performance indicators presented can be applied by practitioners 
as a method of determining subsequent dependent variables that represent an advanta-
geous state of play in future process-oriented models.
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