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Headline

One advancing area in football research is the use of statis-
tical modelling and machine learning algorithms to pre-

dict match outcome (1, 2, 3, 4). These techniques afford foot-
ball practitioners the opportunity for deeper analysis into iden-
tifying key variables of interest during training and matches
for the preparation of differing competitive situations.

Statistical modelling techniques utilise historical perfor-
mance data to identify patterns and trends to predict future
outcomes. Multiple methods of statistical modelling have been
used to predict match outcome such as; mann-whitney u non-
parametric tests (5), t-tests and discriminant analysis (6, 7),
and one-way ANOVA (1, 7, 8, 9).

More recently, due to the availability of big data, machine
learning algorithms have become increasingly popular due to
their flexibility and ability to identify more complex patterns
compared to statistical modelling techniques. These include;
linear regression (10), log linear modelling (11), multinominal
logistic regression (12), logistic regression (13, 14), bayesian
networks (15) and decision trees (1, 9). One of the most
popular classification algorithms is decision trees (16), which
aims to create outputs by minimising classification error. The
algorithm represents predicted outcome-based decisions (leaf
nodes) from a singular partition (root node) through a process
of decision nodes. Consequently, a decision tree algorithm was
used in this study to represent the relationship between the
chosen performance variables and match outcomes.

When focusing on the determinants of success, it is impor-
tant to consider external parameters that may also influence
football performance. As a result, the concept of ‘situational
variables’ has emerged as an important aspect of performance
research (17). Two prominent variables which have been re-
searched heavily are match status, the effect on performance
when ‘winning’, ‘drawing or losing’, (18, 19, 20) and qual-
ity of opposition, the effect on performance when playing
against ‘strong’ ‘balanced’ or ‘weaker’ opponents (11, 12, 21,
22). Effective evaluation of sports performance in football re-
quires knowledge of the aforementioned situational variables
with above research evidencing the need for inclusion when
analysing performance. As a result, within this study, quality
of opposition and scoring first were included in the analyses.

Traditional methodologies of determining opposition level
were based upon current standing (23), end of season classi-
fication (11) or defining due to differences in the end of sea-
son ranking between opposing teams (24). These methods
have come in for criticism, as using end of season and cur-
rent rankings fail to recognise in season momentum and per-
sonal changes over time. Therefore, to improve methodological
rigour, authors now utilise distance-based machine learning al-
gorithms such as K-Mean Clustering (1, 25, 26).

The above research provides a thorough view on the de-
terminants of success at 1st team level, using methodologies
to predict match outcomes that incorporate machine learning

algorithms (4). However, there appears to be a lack of appli-
cation in youth football to fully understand what indicators
are important for positive sports performance.

Aim
To understand the determinants of success within the U21s
Premier League 2 using a machine learning approach.

Methods

Data Sample and Variables
The data used within this study comprises of 77 key perfor-
mance indicators and situational variables acquired from Stats
Perform (London, United Kingdom) that show the character-
istics of all U21s (n = 28) English Football Teams in the 2021-
2022 Premier League 2 – Division 1 (n = 14) and Premier
League 2 – Division 2 (n = 14). This resulted in a total of 364
matches included for analysis with 728 observations in total,
as there are 2 teams that contest each match. All matches
included within the study were from the group stage phase of
the league season. The semi finals and final of the Premier
League 2 – Division 2 were excluded from the study sample as
different competition state could impact playing style (Gomez
et al, 2013). The breakdown of observations can be seen in
Table 1.

All variables used within this study relate to the value
of the teams, rather than the individual value of the play-
ers and were broken down into three categories to repre-
sent the different phases of football (variables related to goal
scoring (n = 21), variables related to passing (n = 20) and
variables related to defending (n = 33)). The aim of the
study is to use the 76 independent variables to predict the
dependent variable, which is match outcome. All variables
used within the study along with their operational definitions
can be found on the Stats Perform glossary website (https:
//www.statsperform.com/opta-event-definitions/).

Statistical Analysis Procedures
Data was acquired from Stats Perform and exported into CSV
format in preparation for data cleaning. Any blanks within
the data set were identified and removed (U21 – Division 1,
22 matches were removed and U21 – Division 2, 16 matches
were removed). This resulted in a final data set 326 matches
and 652 observations as shown in Table 2. Basic statistical de-
scriptors (mean and standard deviation) for all variables were
calculated with respect to match outcome (win, draw or loss).

A shapiro-wilk test was carried out on all numerical vari-
ables to check for normality. However, all variables were in-
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cluded within the next stage of the analysis process as sample
size exceeds 30. As the main goal of an ANOVA is to examine
if variable effects are significant, the assumption of normality
of the residuals is only required for small samples (27) as vi-
olating normality assumptions bears risk that are limited and
manageable (28). A one-way ANOVA was carried out to test
for statistical differences for each of the variables. Following
this, Tukey HSD post hoc test was applied to the variables
whose means were statistically significant to examine where
the differences in match outcomes (win, draw loss) originated
with a p value less than 0.05 used as a measure of statistical
significance.

K-means clustering was used to group (n = 3) the games
by quality of opponent (strong, balanced, weak) to examine
the key performance indicators according to situational effects.

Prior to K-means clustering, all independent variables were
scaled to ensure the distance-based learning algorithm was
not affected by bias towards certain variables. Finally, the
decision tree machine learning algorithm was applied to inves-
tigate the variables that had the most influence upon match
outcome. A 75/25 split was applied to partition the training
and holdout data sets in which a K-Fold cross validation was
used due to its acceptance across literature as an ‘optimum’
approach (16). A flowchart of the full analysis process can be
found in Figure 1.

Basic statistical descriptors, normality testing, a one-way
ANOVA with post hoc testing and K-Means cluster were car-
ried out using SPSS. To carry out the decision tree machine
learning algorithm, the ‘rpart’ (29) and ‘rpart.plot’ (30) pack-
ages in R were applied.

Fig. 1. Flowchart of the Analysis Process.
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Table 1. Match and Observation Breakdown by Competition.

Age Group League Number of
Teams

Total Number
of Matches

Total Number
of

Observations

U21s Premier League
2 – Division 1 14 182 (14 x13) 364

U21s Premier League
2 – Division 2 14 182 (14 x13) 364

Table 2. Match and Observation Breakdown by Competition After Blanks Were Removed.

Age Group League Number of
Teams

Total Number
of Matches

Total Number
of

Observations

U21s Premier League
2 – Division 1 14 160 320

U21s Premier League
2 – Division 2 14 166 332

Fig. 2. Decision Tree Results for Teams v Stronger, Balanced, and Weaker Opponents in Division 1.

Fig. 3. Decision Tree Results for Teams v Stronger, Balanced, and Weaker Opponents in Division 2.
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Results

Division 1
The results from ANOVA testing highlight all but two vari-
ables (Take On and Take On % Success) related to goal scoring
had a significant influence upon match outcome. Only three
variables related to passing (Forward Completed, Forward %
Success, and Crosses) had a significant effect upon match out-
come. Furthermore, there were six variables related to defend-
ing (Errors and Turnovers Leading to Goals, Number of Aerial
Duels Across the Att, Mid, and Def Thirds, and Duel Success
in Mid Third) which had a significant effect upon match out-
come. Throughout the whole Division 1 season, 96 games were
won by the team that scored first (30%) and only in 25 games
(7.8%) did a team win a game when conceding first.

Division 2
The results from the ANOVA testing highlight all but four
variables related to goal scoring had a significant effect upon
match outcome. Interestingly, these variables were all related
to take on’s. There were seven variables related to passing
that had a significant effect upon match outcome, these re-
lated to number of forward passes and attacking third ball
retention. Finally, there were fourteen variables related to de-
fending which had a significant effect upon match outcome.
Ten of those variables were related to pressing and four of the
variables related to duels in the attacking third. Throughout
the whole Division 2 season studied, 109 games were won by
the team that scored first (32%) and in only 28 games (8.4%)
did a team win a game when conceding first.

Quality of Opposition
K means clustering analysis was applied to the quality of op-
position variable to group the matches by weaker, balanced,
and stronger opponents. The analysis revealed the following
categories:

1. Stronger opponent if positional difference is +4 to +13
(U21s Division 1, n = 98) (U21s Division 2, n = 99)

2. Balanced opponent if positional difference is -3 to +3
(U21s Division 1, n = 124) (U21s Division 2, n = 150)

3. Weaker opponent if positional difference is -4 to -13
(U21s Division 1, n = 98) (U21s Division 2, n = 83)

Decision Tree ML Algorithm
Decision Tree classification algorithms were used to examine
which of the variables had significant effects on match outcome
across the three clusters in both Division 1 and Division 2 of
the U21s English Premier League 2. The variables of Goals
For and Against, Goals from Open and Set Play were not in-
cluded within this stage of the analysis because these variables
directly influence match outcome, as the main aim of a foot-
ball match is to score goals to win. The below decision trees
represent nodes coloured in green, yellow, and red to represent
a win, draw and loss respectively with the largest proportion
corresponding to the match outcome written within the node.
The left side of each node represents true with the right side
representing false.

When playing against stronger opponents in Division 1, it
appears that shot conversion is the most important variable
as it provides a 63% chance of winning if it is greater than 15.
However, if it is less than 15, the chances of losing against a
stronger opponent increase to 71% from 57%. If the team also

have greater than 6 shots on goal as well as a shot conversion
of greater than 15, chances of winning increase to 100

When playing against balanced opponents in Division 1, it
appears that scoring first within the game is the most impor-
tant variable as it provides a 61% chance of winning compared
to a 57% chance of losing if conceding first. Furthermore, if
teams have less than 5 shots on goal against, their chances
of winning increase to 88%. Dependent upon the number of
shots on goal against a team concedes, chances of drawing
games when scoring first increase to 59% or increase losing %
to 76 if conceding first.

When playing against weaker opponents in Division 1, it
appears that shot conversion is the most important variable
as chances of winning increase to 92% if it is greater than 13.
If a team’s shot conversion is less than 13, chances of losing
the game are 41% with shots on goal against being less than
6 determining whether you then draw a match compared to
losing.

When playing against stronger opponents in Division 2, it
appears that shot conversion is the most important variable
as it provides a 43% chance of winning if it is greater than
11. However, if it is less than 11, the chances of losing against
a stronger opponent increase to 87% from 59%. If the team
concede less than 8 shots on goal, their chances of winning
increase to 64% and then to 84% if they themselves have more
than 6 shots.

When playing against balanced opponents in Division 2, it
appears that scoring first within the game is the most impor-
tant variable as it provides a 66% chance of winning compared
to a 66% of losing if conceding first. Furthermore, if teams
have more than 5 shots on goal, their chances of winning in-
crease to 89%. If conceding first, teams would need to create
more than 3 big chances to win (47% chance) or start posses-
sions in the midfield 3rd greater than 46 times to draw (60%
chance).

When playing against weaker opponents in Division 2, it
appears that shot conversion is the most important variable
as chances of winning increase to 88% if it is greater than 11.
If a team’s shot conversion is less than 11, teams have a 52%
of drawing the game.

Discussion
The use of statistical modelling and machine learning algo-
rithms to predict match outcomes are an increasing interest to
football practitioners, as they afford a deeper level of analysis
to identify key variables of interest in relation to successful per-
formance. Therefore, the aim of this current research was to
examine the determinants of success within the U21s Premier
League 2, using a decision tree machine learning algorithm ap-
proach to establish key performance indicator influence upon
match outcome.

Shot conversion (for matches against stronger and weaker
opponents) and scoring first (for matches against balanced op-
ponents) were the root nodes, inferring they were the most sig-
nificant variables in predicting match outcome, regardless of
the competition state (Division 1 or Division 2). The decision
tree results showed that in Division 1, a shot conversion greater
than 15 provided a winning probability of 0.63 against stronger
opponents and a shot conversion rate greater than 13 provided
a 0.92 probability against weaker opponents. In Division 2, a
shot conversion rate greater than 11 provided a winning prob-
ability of 0.43 against stronger opponents compared to 0.88
against weaker opponents. These findings are supported by
previous studies that have shown higher shot conversion rates
influence more successful match outcomes (31, 32, 33).
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When playing against balanced opponents, scoring first pro-
vided a winning probability of 0.61 in Division 1 and 0.66 in
Division 2. Emphasis of scoring first is a common phenomenon
throughout previous research (19, 20, 34, 35, 36) as football
is a low-scoring invasion game and as such, the current find-
ings provide further evidence of this. Previous research has
shown that players adopt different tactical strategies (10) in-
fluenced by fluctuations in physical performance (18, 24) to
retain possession of the ball once they have scored first. As a
result, it is important applied practitioners consider this con-
textual variable when analysing and reporting back on team
and individual performance.

Throughout the investigation there were other variables re-
lated to attacking, passing, and defending that appeared to
have an influence on match outcome. Intriguingly, all these
variables were related to actions in the attacking third of the
pitch. These findings provide further evidence to the domain
of research carried out in football confirming actions within
the attacking third lead to an increased likelihood of winning
games (7, 8, 13, 34, 37, 38). It would therefore be beneficial to
coaches and managers to consider attacking styles of play in
elite youth football to create goal scoring opportunities to in-
crease shot conversion rates and there likelihood of scoring the
first goal. Furthermore, profiling teams and players in attack-
ing performance will allow for applied practitioners to make
inferences about performance for the purposes of opposition
analysis, recruitment, and talent identification.

From the 76 variables that were tested in this current in-
vestigation, there were some performance indicators that had
no significant effect upon match outcome. Interestingly, these
were all related to take on’s. Whilst variables related to beat-
ing players in 1v1 situations has largely been ignored in pre-
vious research (1, 31, 39), further investigations are required
to establish importance of these variables particularly as they
underpin position specific profiles in applied practice.

The decision tree approach was chosen as it is a supervised
classification machine learning algorithm that has been widely
used in previous research in football at first team level (4, 40).
Due to the unpredictable nature of association football, in-
sights drawn from machine learning models should be treated
with caution, particularly as no research studies have been
conducted on the amount of input data needed to make a rel-
evant prediction (4). Furthermore, the interactive nature of
football suggests more frequent turnovers will happen from one
team to the other (40) creating a transition imbalance. This
subsequently means through counter attacks; teams are more
likely to have higher quality of shots which could be influenc-
ing model selection of variable importance. Future research
and application to football should test multiple models to find
the best machine learning algorithm that works well for the
specific contextual problem.

Practical applications
• Use of machine learning techniques to aid the identification

of key performance indicators related to match outcome.
• Provides coaches and analysts a methodology to inform de-

cisions around style of play and help prepare players for
competitive scenarios during match play.

• Implementation of best practice approaches to data collec-
tion and analysis with the inclusion of contextual influence
upon football performance.
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