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ABSTRACT ARTICLE HISTORY
Multidisciplinary profiling provides coaches with key information to augment their (de)selection deci- Received 15 October 2024
sions. These profiles often encompass objective and subjective data in the form of signs (isolated Accepted 02 April 2025
assessments), samples (contextualised assessments) and subjective expert opinion (SEO). Whilst multiple KEYWORDS

sources of information are considered by coaches during their decision-making, research exploring the Selection; youth soccer:
extent to which objective and subjective multidisciplinary information can classify (de)selection is limited. talent identification; talent
Multidisciplinary data (physical profiling, match statistics, coach match ratings) were collected on 58 development

Under-16 (n = 20) and Under-18 (n = 38) youth male soccer players from a single academy in the United

Kingdom. Group-level differences between selected (n=39) and deselected (n=24) players were

explored, and binary logistic regression models were created to classify (de)selection. Analysis revealed

a significant difference between selected and deselected players for match ratings (p < 0.0001), 505 left

foot (p <0.01), frequency of passes, percentage of successful aerial duels, and percentage of accurate

crosses (p < 0.05). A classification model containing signs, samples and SEO data demonstrated the best

model fit (AIC=72.63), the highest discriminatory power (AUC=0.79) and classified players with the

greatest accuracy (78%) for (de)selection purposes. The use of signs, samples and SEO can support (de)

selection decisions but fails to fully represent the complexity of the (de)selection process.

Introduction . .
2020), an alternative approach is to develop a deeper under-

Competition to identify and develop young soccer players has  standing of how these predictors are assessed and emerge in
become increasingly important for professional soccer acade- practice (Barraclough et al.,, 2022; Bergkamp et al.,, 2019; Den
mies in the UK, given the possible financial constraints and Hartigh et al., 2018).

barriers to the recruitment of professional players. As part of Measuring soccer performance objective]y can be extreme|y
these identification and development processes within youth  difficult (if not impossible) due to its multifaceted nature and
male academies in the UK, selection, which ‘refers to the on-  the intricate combinations of attributes required for soccer-
going process of choosing players within the development  specific skills (Buekers et al., 2015). One approach in research
programme who demonstrate attributes suitable for progres-  has been to assess what are deemed to be underpinning or
sion to a future squad or team’ (Williams et al., 2020, p. 2), indicative factors of soccer performance itself (e.g., 30-metre
occurs at regular intervals for players already in the academy  sprint speed (Forsman et al., 2016; Fortin-Guichard et al., 2022).
pathway. Given the complexity of attempting to predict future  This can be termed as a signs approach (Den Hartigh et al.,
performance, a key aim of research is to understand and iden-  2018; Wernimont & Campbell, 1968), as skills or traits measured
tlfy potential indicators of (de)Selection (i.e., distinguishing in this way are Suggested to provide a Sign or indicator of the
between selected and deselected players). Previous research  criterion behaviour (actual soccer performance). Sign measures
has utilised anthropometric, psychological, physiological, tech-  are often assessed in isolated circumstances, away from soccer
nical, and tactical assessments to identify players who are  performance (Barraclough et al., 2022) and could be challenged
selected to progress (e.g., Honer & Votteler, 2016; O’Connor  for their disconnect. For example, using a ‘wall pass’ test
et al, 2016). This multidisciplinary approach introduces (Figueiredo et al., 2009) as a sign of a player’s technical ability
a range of factors that are potential indicators of future success  may have limited transfer to performing sport-specific skills in
or antecedents of high-level performance (Williams et al, 2020),  the dynamic and chaotic nature of the sport itself. Although
however, these indicators are suggested to yield typically low  some research challenges the ecological validity and the effec-
prognostic validity (Gullich & Larkin, 2023). Whilst classifying  tiveness of signs as valid indicators of future potential (Craig &
these predictors within a specific discipline is the traditional  Swinton, 2021; Deprez et al.,, 2015), empirical evidence supports
approach within research and practice (e.g., Williams et al.,, using the signs approach with more successful p|ayers
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demonstrating advantages in signs assessments (e.g., Murr
et al., 2018; Sarmento et al., 2018).

Considering these potential issues, it has been suggested
that a more ecologically valid approach is to also take samples
of actual soccer performance, as these are expected to provide
measures that are more representative of the prediction of
future soccer performance (Bergkamp et al., 2019; Den
Hartigh et al., 2018). For example, assessing a player’s technical
ability for the skill of passing would take a sample of their actual
passing ability from match situations (e.g., a percentage of
completed/accurate passes). A sample approach is thus
theorised to provide greater predictive value, particularly in
homogeneous groups (Bergkamp et al., 2019; Den Hartigh
et al.,, 2018). Therefore, using samples seems a suitable tool
for player profiling in groups such as male youth soccer players,
but should also be combined with further multidisciplinary
information (e.g.,, signs and subjective information;
Barraclough et al,, 2022; Bergkamp et al., 2019).

Notwithstanding its theoretical utility, the use of samples
within soccer literature relating to (de)selection is limited
(Bennett et al., 2018; Kelly, Wilson, et al., 2020). Studies that
have employed a samples approach have typically assessed
differences in player’s performances or skill levels using nota-
tional analysis (i.e., event data; Bennett et al., 2018; Kelly,
Williams, et al., 2020), with such research highlighting how
soccer-specific samples of performance can be valid tools as
part of (de)selection processes. However, such an approach
may not be feasible across the wider landscape, particularly
considering differences in academies and other organisations,
and across different levels of youth participation.

Whilst assessments made wusing signs or samples
approaches have previously been proven to differentiate
between higher and lower performing players (Forsman et al.,
2016; Gonaus & Miiller, 2012; Honer & Feichtinger, 2016), (de)
selection decisions typically rest in the hands of experienced
coaches, who evaluate players using their own subjective
expert opinion (SEO). It is widely acknowledged that a coach'’s
SEO is commonly the deciding factor in (de)selection processes,
choosing who will be retained or released from the system.
Whilst a coach’s SEO is a valuable source of information,
demonstrating the ability to discriminate between player per-
formances (Fenner et al., 2016; Hendry et al., 2018), only limited
studies exist regarding its efficacy for (de)selection processes
(Dugdale et al., 2021; Honer et al., 2021; Kite et al., 2024;
O’Connor et al., 2016). It has been suggested that a coach’s
SEO, when used in isolation, may lead to biased judgements, as
a coach’s decision-making is borne from their own taste, knowl-
edge, experience, and intuition (Christensen, 2009; Roberts
et al., 2021). These factors likely differ from coach to coach,
each of whom may be subject to several individual (sub)con-
scious biases (Hill, Scott, Malina, et al., 2020; Johnston & Baker,
2020).

Given the contrast in findings across signs, samples and
SEO approaches, research has recommended that (de)selec-
tion practices should attempt to utilise all three data sources,
providing a more comprehensive player profile. Objective,
signs and samples data may challenge or support a coach’s
SEO enhancing player (de)selection (Reilly et al., 2000;
Williams et al., 2020). A recent review (Gillich & Larkin,

2023) has supported this concept, suggesting utilising both
objective (e.g., physical, technical, psychological assessments;
signs) and subjective (e.g., coach ratings; SEO) player infor-
mation performs better when combined than when used in
isolation. For example, Honer et al. (2021), in a large sample
of U12-U15 German youth players, demonstrated that future
selected players outperformed deselected players in objec-
tive (e.g., sprint, dribbling, ball control, juggling) and subjec-
tive (e.g., kicking skills, endurance, individual tactical skills,
psychosocial skills) assessments, and that a model combining
these assessments, outperformed using models with objec-
tive or subjective assessments in isolation. Similarly
(Sieghartsleitner et al., 2019), demonstrated that coaches’
subjective assessments of in-game performance combined
in a model with multidimensional objective assessments
(e.g., motor performance, technical skills, psychological char-
acteristics, maturation, familial support, training history) was
superior in predicting U14 Swiss players obtaining
a professional contract at the U19 level.

With this in mind, the current study used an exploratory
design and aimed to examine the potential predictors of (de)
selection within players from a single male youth soccer acad-
emy in the UK, utilising integrated (objective and subjective)
data sources consisting of signs, samples, and SEOs. To the
author’s knowledge, this is a novel approach, modelling and
employing multidimensional data from multiple sources, allow-
ing the identification of signs, samples, or SEO as valid predic-
tors in the classification of (de)selected players.

Method
Research design

Data was collected on elite youth male soccer players regis-
tered to a single Category 1 soccer academy in the UK across
the 2019/20, 2020/21, 2021/22 and 2022/23 seasons. The study
received ethical approval from Leeds Beckett University (Ethics
Application No: 119713). Data included objective match analy-
sis statistics (samples), subjective coach ratings of match per-
formance (SEO), and objective physical profiling data (signs).
At the end of each season, classification for (de)selection
was operationalised as players being retained or released by
the club (i.e., selected or deselected). Selection represented
player’s transitioning from the U16 to the U18 age group or
transitioning from the U18 to the U21 age group. It is com-
mon practice within UK academies for players within the U18
age group to represent those aged both U17 and U18, and
within the U21 age group to represent those aged U19, U20
and U21, leading to large squad sizes. Given that players
could be awarded either a scholarship or professional con-
tract during their transition regardless of their age group or
squad, progression and selection can often be non-linear
(e.g., players (de)selected at different periods) and as such
criteria for (de)selection were hypothesised to be similar and
data were aggregated to represent a single decision.
Deselection represented players who were released from
the club (no contract offer). The lead and assistant age-
group coaches, along with key stakeholders, including the
academy head of performance, the academy head of



coaching, and the academy manager, were all involved in
player (de)selection decisions as per normal procedures
within the academy.

Participants

Fifty-eight male academy players within the U16 (n=20) and
U18 (n = 38) age groups across the four seasons with complete
data were included for analysis. The sample represented the
latter stages of participation within elite youth soccer acade-
mies, as these age groups signify key transition points in the
academy pathway, where players receive scholarship contracts
(U16) or professional contracts (U18 (The Premier League,
2011). Within this sample, the (de)selection processes described
above resulted in 39 selected (U16: n=18, U18: n=21) and 24
deselected (U16: n=7, U18: n=17) players across the four
seasons.

Measures

Signs (physical profiling data)
As part of normal procedures within the academy, objective
physical profiling data were routinely collected (~3x
per season) under a national profiling strategy (The Premier
League, 2011). Physical profiling was conducted separately (i.e.,
isolated) following standardised procedures (The Premier
League, 2011). The physical profiling data were considered
signs of performance (i.e., distinct measures of physical attri-
butes that underpin the ability to perform soccer-specific skills).
Physical profiling included a countermovement vertical
jump (CMJ; Glatthorn et al., 2011), a 20-metre linear sprint
(20 m; Murtagh et al., 2018), a modified version of the 505
change of direction test (505 (Taylor et al.,, 2019),; and
a one-kilometre running time-trial (1 KM; Clancy et al,
2020). These tests have previously demonstrated acceptable
test-retest reliability with intraclass correlation coefficients
(ICC) greater than 0.75, and coefficients of variation (CV) of
less than 5% (20 m; Altmann et al,, 2019; 1 KM; Clancy et al.,
2020, p. 505; Dugdale et al., 2019; CMJ; Rago et al.,, 2018). In
addition, these tests are commonly used in youth male
soccer (e.g., Emmonds et al., 2016; Murtagh et al., 2018).
Physical profiling was conducted in the following order:
CMJ (3 repetitions), 20 m (3 repetitions), 505 (2 repetitions
per leg) and 1KM (1 repetition) and were conducted by
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practitioners from the club’s physical development depart-
ment in conjunction with staff provided by the Premier
League. All physical profiling was conducted on an indoor
3 G playing surface, a minimum of 48 hours following com-
petitive match play and after a standardised warm-up of
light jogging, dynamic stretching and progressive familiar-
isation attempts. Verbal instructions and demonstrations
were provided to players, and the tests were familiar to
the players, forming a regular part of their annual physical
development programme. The best score from each test, at
any of the corresponding testing points across the season,
was chosen as a representation of a player’s best overall
physical ability and used for subsequent analysis.

Samples (match analysis statistics)

Video footage of players during competitive match play
allowed the collection of samples data. All matches were
performed on grass, however, environmental and surface
conditions may have varied depending on the stage of the
season. Participants played a mean (+SD) of 14.2 (+10.8)
matches within a season. Specialist software used by trained
analysts at Opta© provided match analysis statistics for every
competitive match across the relevant season. Opta®©
adopted technical definitions of specific soccer events that
were used to code individual soccer behaviours for each
player in each competitive match, consistent with soccer
literature (Harkness-Armstrong et al., 2023; Liu et al., 2013;
Varley et al., 2017).

As the match analysis statistics valued within each academy
will vary based on playing styles and philosophies, the data
used in the current study reflected the academy performance
analysis department’s existing protocols. The event data used
consisted of the following soccer actions: number of goals,
number of shots on target, shots on target percentage, number
of passes, pass completion percentage, number of assists, num-
ber of crosses, cross accuracy percentage, number of aerial
duels, successful aerial duel percentage, number of ground
duels, successful ground duel percentage, and number of inter-
ceptions. These actions have previously demonstrated high
reliability (ICC =0.88) when coded by different operators (inter-
operator reliability) using the Opta®© system (Liu et al., 2013). An
average score for each soccer action across the entire season
was included for analysis within the study. The accumulation of

Table 1. Technical definitions of the soccer-specific actions used for match analysis statistics.

Soccer-Specific Action

Technical Definition

Goal
Shot on Targets
Shots on Target Percentage

Attributing a goal to the goal-scoring player.
A deliberate attempt to score that is on target.
A calculation of shots on target divided by all shots.

This is where two players challenge in the air against each other. The player that wins the ball is deemed to have won the duel.

A ground duel is a 50-50 contest between two players of opposing sides in the match when the ball is not in the air.

Pass A deliberate attempt to pass the ball directly to a teammate.
Pass Completion Percentage A calculation of successful passes divided by total attempted passes.
Assist The final touch from a teammate, which leads to the recipient of the ball scoring a goal.
Cross A ball played from a wide position targeting a teammate(s) in a central area within proximity to the goal.
Cross Accuracy Percentage A calculation of successful crosses divided by total attempted crosses.
Aerial Duel
Successful Aerial Duel Percentage A calculation of aerial duels won divided by total aerial duels.
Ground Duel
Successful Ground Duel A calculation of ground duels won divided by total ground duels.
Percentage

Interception

This is where a player reads an opponent’s pass and intercepts the ball by moving into the line of the intended pass.
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Table 2. Overview of the included predictors in the seven logistic regression models.

Model

Predictors Included

Model 1 (Signs Model)

Model 2 (Samples Model)

Model 3 (SEO Model)

Model 4 (Signs and Samples Model)

Model 5 (Signs and SEO Model)

Model 6 (Samples and SEO Model)

Model 7 (Full Model - Signs, Samples and SEO)

Mean z-value of physical attributes (signs).

Mean z-value of match analysis statistics (samples).
Z-value of coach’s seasonal mean match rating (SEO).
Combination of models 1 and 2.

Combination of models 1 and 3.

Combination of models 2 and 3.

Mean z-values of signs, samples, and z-value of SEO.

event frequencies (e.g., number of shots on target) was normal-
ised to a 90-minute average to represent frequencies relevant
to a full match (i.e.,, number of shots on target per 90 minutes).
The soccer-specific actions used (13 in total) and their technical
definitions are displayed in Table 1.

Subjective expert opinion (coach match ratings)

Coaches’ SEOs were used to provide match ratings for each
player for each competitive match. The lead coach would
assign a rating to each player based on their own opinion
of a player’s match performance, relative to other players of
a similar age and skill level. Ratings were provided following
each match, with players having to have played at least 30
minutes per match. Ratings were made independently
based solely on the lead coach’s SEO, with no input from
other staff members or data. Given players represented dif-
ferent age groups and data were collected across numerous
seasons, not all ratings were made by the same coach, with
a total of 4 coaches being involved across the data collec-
tion period (2 at U16 and 2 at U18). Such coach-based
ratings have been utilised in previous research (Hill et al.,
2021; Hill, Scott, McGee, et al., 2020) and suggests coach
subjective ratings demonstrate acceptable intra-rater relia-
bility (.50 < rg < .85; Jokuschies et al., 2017) but poor inter-
rater reliability (ICC=0.14, 95%C| = —0.04-0.39 (Bergkamp
et al., 2022).; Internal estimates demonstrated slight to mod-
erate inter-rater reliability (a=0.34, CI=0.12-0.53).

Ratings were conducted on a 7-point scale, with the follow-
ing descriptors: 1 - below academy standard, 2 — approaching
academy standard, 3 — meeting academy standard, 4 — exceed-
ing academy standard, with 0.5 increments between each
descriptor for players falling between standards.
Consequently, for each competitive match a player participated
in, they had a corresponding match rating between 1 and 4.
A seasonal average match rating was used for analysis as it
represented general performance over multiple matches.

Statistical analysis

Initial analysis investigated group-level differences between
the selected and non-selected players. Firstly, predictors
were checked to be normally distributed using the Shapiro-
Wilk test and homogeneity of variances checked using
Levene’s test (Field, 2017). A MANOVA, including all predic-
tors, was conducted to evaluate between-group differences.
As sample sizes in each group (selected and deselected)

were >20, multivariate  normality was  presumed
(Tabachnick & Fidell, 2013). Post-hoc analysis examined the
between-group differences for each dependent variable. For
predictors that failed to satisfy assumptions of normality,
Wilcoxon's rank-sum tests were conducted to evaluate the
differences between the (de)selected players. Employing
both multivariate and univariate approaches was deemed
beneficial as multivariate analysis (e.g., MANOVA) accounted
for the interrelationships among dependent variables and
provided an evaluation of overall effects, while the univari-
ate analysis permitted insight into differences between indi-
vidual dependent variables in (de)selected players.

Secondly, a series of binary logistic regression models
were implemented to model (de)selection based on predic-
tors within the different assessment approaches (i.e., signs,
samples, and SEO) rather than predictor domains (e.g., phy-
sical, technical, tactical, psychological). No significant main
or interaction effects were found when adding age group or
season into the models, and so data were aggregated for
simplicity and to enhance interpretability. Additionally,
a small number of players participating at both U16 and
U18 levels were incorporated in the dataset, whilst this
could introduce dependencies within the data, incorporat-
ing random effects into the models for the inclusion of
these participants did not subsequently alter results, and
so simpler model structures were chosen.

Seven models were created, using combinations of the
signs, samples, and SEO data, transformed into composite
scores (mean of z-scores). Such composite scores are fre-
quently utilised in  both research and practice
(Sieghartsleitner et al.,, 2019; Turner et al., 2019) and can
address issues regarding multicollinearity as well as comple-
ment the interpretation of information regarding multiple
related predictors (Song et al., 2017). Details of each model
are shown in Table 2.

Model comparisons were assessed via likelihood-ratio
tests, the AIC, and Nagelkerke’s R® to select a final model.
Model coefficients were assessed via the Wald statistic, and
the classification quality of the final model was investigated
using receiver operating characteristics (ROC). ROC per-
mitted the evaluation of a threshold for classification of
(de)selection through calculating and maximising sensitivity
(true positive rate; i.e., proportion of correctly classified
selected players) and 1-specificity (false positive rate; i.e.,
proportion of deselected players incorrectly classified as
selected) for each possible threshold value, known as the
Youden index (Youden, 1950). Additionally, ROC was used
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Figure 1. Distribution, median, first and third quartiles (the 25th and 75th percentiles) of each dependent variable.

to assess the overall diagnostic performance of the final
model, through assessing the area under the curve (AUQ)
and model accuracy (total percentage of correctly classified
players). Where applicable, the level of significance was set
at p<0.05 for all tests. All logistic regression analyses were
conducted using a binary outcome of selected versus dese-
lected, as the dependent variable. Data analyses were con-
ducted with the open-source software R Studio (R Core
Team, 2023).

Results
Group-level differences

Figure 1 shows the visualisation of z-score data distributions
separated by selection status (selected vs. deselected), for each
dependent variable.

Initial MANOVA analysis revealed a significant difference
between the groups of selected and deselected players (V =0.53,
F(21,41) =2.20, p < 0.05, partial n2 = 0.53). Post-hoc power analysis
revealed that the study was sufficiently powered to detect large
effects (Cohen’s d = 0.83), with 80% power at a significance level of
0.05, but that it may be underpowered to detect smaller effects.
This may explain the failure to observe statistically significant
differences in some variables despite observing some moderate
effect sizes (e.g., 505 right foot). Post-hoc analysis using Pillai’s trace
revealed significant differences for SEO match ratings (p < 0.001)
with selected players demonstrating a higher match rating. Table 3
presents the non-standardised means (£SD), z-scores and post-hoc
test results for each predictor, by (de)selection.

Results for non-normally distributed predictors revealed sig-
nificant differences between selected and de-selected players for
505 left foot test (p =0.006), passes (per 90 minutes) (p =0.02),

Table 3. Descriptive statistics of mean z-scores, ANOVA results and non-standardised means.

Selected Deselected
Predictor Mean £ SD Z-Score + SD Mean + SD Z-Score + SD
Signs
CMJ (cm) 39.7 £38 042 £0.76 389 + 4.1 0.22 +£0.80
5m (s) 0.93 + 0.03 0.86 + 0.61 0.94 + 0.06 0.73 £ 1.03
10m (s) 1.64 £+ 0.05 0.81 + 0.69 1.66 + 0.06 0.45 +0.92
20m (s) 2.86 + 0.07 0.61 £ 0.61 2.89 £0.12 0.34 £ 1.01
505 Right Foot (s) 2.36 + 0.06 1.00 + 0.66 2.39 £ 0.07 0.64 + 0.69
1KM Time Trial (s) 190 + 11.7 0.49 + 0.88 196 + 14.0 —-0.07 £ 1.11
Samples
Pass Completion (%) 73+8 0.02 +1.14 7M+7 —0.03 +0.98
Ground Duels (n/90) 11.1+£1.0 0.14 £ 0.99 9.6 + 0.8 —-0.19 £ 0.83
SEO
Match Rating (AU) 2.84 £ 0.40 0.36 £ 0.83*** 245+ 040 —0.46 + 0.92

Significant differences in ANOVA comparisons denoted by * = p < 0.05, ** =

=p <001, ¥*=p<0.001.
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Table 4. Wilcoxon rank-sum test results and median (IQR) values.

Selected Deselected

Predictor Mean Rank Median (IQR) Mean Rank Median (IQR)

Signs

505 Left Foot (s) 27.0 2.35 (0.10)** 40.1 2.40 (0.07)

Samples

Goals (n/90) 318 0.1(0.2) 323 0.0 (0.3)

Shots on Target (n/90) 29.8 0.3 (0.5) 35.6 0.5 (0.5)

Shots on Target (%) 29.9 42 (26) 354 57 (31)

Passes (n/90) 36.2 24.8 (16.0)* 25.2 16.4 (12.5)

Assists (n/90) 315 0.1 (0.1) 329 0.0 (0.2)

Crosses (n/90) 33.8 0.9 (0.7) 29.0 0.7 (0.7)

Cross Accuracy (%) 35.6 17 (22)* 26.2 0(22)

Aerial Duels (n/90) 357 1.3 (1.1)* 26.1 1.0 (0.9)

Successful Aerial Duels (%) 31.5 50 (19) 329 50 (33)

Successful Ground Duels (%) 333 49 (11) 29.9 46 (18)

Interceptions (n/90) 33.0 1.6 (2.0) 303 1.3(2.9)

Significant differences in Wilcoxon rank-sums denoted by * = p <0.05, ** = p <0.01, *** = p <0.001.
Table 5. Binary logistic regression classification model comparisons.
Model Statistics
Likelihood-Ratio Tests Model Fit

Classification Model X2 df p-value AIC Nagelkerke's R
Model 1 (Signs Model) 6.37 1 <0.05 81.36 0.13
Model 2 (Samples Model) 2.19 1 0.14 85.54 0.05
Model 3 (SEO Model) 12.25 1 <0.001 75.48 0.24
Model 4 (Signs and Samples Model) 9.26 2 <0.01 80.47 0.19
Model 5 (Signs and SEO Model) 16.80 2 <0.0001 72.93 0.32
Model 6 (Samples and SEO Model) 14.30 2 <0.001 75.43 0.28
Model 7 (Full Model - Signs, Samples and SEO) 19.10 3 <0.001 72.63 0.36

percentage of accurate crosses (p =0.04), and aerial duels (per
90 minutes; p =0.04), with selected players scoring higher for
each predictor (see Table 4).

Classification models

Results of the binary logistic regression classification models
are displayed in Table 5. Results demonstrate that all models,
with the exception of Model 2 (Samples Model), outperform the
null (intercept only) model (p < 0.05). Model AIC values ranged
from 85.5 to 72.6. Model 5 (AIC=72.93) and Model 7 (AIC=
72.63) had the lowest AIC values. Nagelkerke's R? scores for the
logistic regression models ranged from 0.05 to 0.36, with Model
7 (Nagelkerke’'s R? = 0.36) demonstrating the highest explana-
tory power of any model. As such, Model 7 (AIC=72.63,
Nagelkerke’s R>=0.36) was chosen as the final model.
Additionally, although some dependency was present in the
data (i.e., players having data points at both U16 and U18), this
was minimal (<10% of the data) and a simpler fixed effects only
model was chosen based on a superior model fit (AIC 72.63 vs.
74.55). Further, likelihood ratio tests demonstrated no signifi-
cant improvement from incorporating random effects for par-
ticipants into the model. Therefore, a fixed-effects only model
was chosen as a more parsimonious, interpretable model.

Table 6. Model 7 (full Model) parameter statistics.

The statistics for Model 7 parameters are displayed in
Table 6, including model coefficients, standard errors, odds
ratios and their confidence intervals, and significance values
for each individual predictor. Only the composite scores for
Signs (p < 0.05) and SEO (p < 0.01) showed a significant associa-
tion with (de)selection, indicating that changes in those pre-
dictors have a statistically meaningful impact on classification.

Odds ratios suggest that for the coaches’ SEO, a one-unit
increase in the z-score for seasonal match rating would equate
to just under three times higher odds of being a selected
player. Equally, a one-unit increase in the composite score for
signs is associated with approximately three times higher odds
of being a selected player. The samples predictor was non-
significant. The interval for the 95% ClI of the samples predictor
was both below and above 1, highlighting uncertainty about
how an increase in this predictor changes the odds of a player
being classified as selected versus deselected.

Receiver operating characteristics (ROC)

The ROC graph for the full model is displayed in Figure 2.

The AUC from the ROC curve for Model 7 was 79.4% (p <
0.001), indicating acceptable discriminatory power over ran-
dom classification (Hosmer et al., 2013). Sensitivity and

95% Confidence Interval

Predictor Estimate SE Z-statistic p-value 0dds Ratio Lower Upper
Signs 1.21 0.59 2.04 <0.05 3.34 1.13 11.86
Samples 1.28 0.88 1.45 0.15 3.59 0.70 23.53
SEO 1.06 0.39 273 <0.01 2.87 1.45 6.71
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Figure 2. ROC curve displaying Model 7 performance at all classification
thresholds.

1-specificity of the full model (Model 7), estimated the Youden
index (optimal threshold value) to be J=0.52, leading to an
overall model accuracy of 78%. To explain, for each prediction
made by the model of a player being classified as selected or
deselected, those whose predicted probabilities of being clas-
sified as selected, which were greater than 0.52 (52% chance),
were defined as such. This led to the model accurately classify-
ing 49 out of the 63 players. The confusion matrix in Figure 3
depicts the sensitivity (85%), specificity (67%) and accuracy for
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the model (78%), highlighting the (in)correct classifications
from the model’s predictions against the reference (actual)
classifications.

Discussion

This study aimed to examine the potential predictors of (de)
selection within elite youth male academy soccer players
through analysing a combination of objective and subjective
data sources consisting of signs, samples, and SEOs. Our find-
ings demonstrated statistically significant differences overall
between selected and deselected players, across signs, sam-
ples, and SEO. Modelling of the data demonstrated that a full
model, consisting of signs, samples and SEO data, could accu-
rately classify 78% of (de)selection decisions. Significant coeffi-
cients for signs and SEO data suggested that more physically
capable players, with perceived greater match performance,
were more likely to be classified as selected players.

Findings revealed significant differences between selected
and deselected players for the 505 left foot test, number of
attempted passes (per 90 minutes), mean percentage of accu-
rate crosses, number of aerial duels (per 90 minutes) and mean
match rating (as assessed via a coach’s SEO), with selected
players outperforming their deselected peers in these predic-
tors. However, it should be noted that group-level differences
may be inadequate in explaining the intricate differences
between individual players that may have contributed to their
(de)selection decision. The diversity of predictors displaying
statistically significant differences between the groups is per-
haps in agreement with the majority of the literature (e.g.,
(Huijgen et al., 2014; Vaeyens et al., 2006), highlighting that
no single variable has the explanatory power to predict the
outcomes in such processes, and that adopting a frequently
recommended multidisciplinary approach may be best practice

Actual Classification

Selected

Deselected

Selected

Predicted Classification

Deselected

Sensitivity = 85%

Accuracy = 78%

Specificity = 67%

Figure 3. Confusion matrix from Model 7, displaying actual and predicted classifications between selected and deselected players. Sensitivity represents the true
positive rate (correctly predicted selected players), with specificity representing the true negative rate (correctly predicted deselected players). Accuracy denotes the

overall correct classification percentage of the model.
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(Forsman et al., 2016; Sieghartsleitner et al.,, 2019; Williams et al.,
2020).

Signs

Significant differences between the groups from the signs data
(physical attributes) demonstrated that only the 505 left foot
test differed between the groups. This finding is in agreement
with previous research highlighting change of direction (COD)
ability as a key physical attribute required for soccer perfor-
mance (Dos Santos et al., 2022; Jeffreys, 2008; Morgan et al.,
2022), that can discriminate between performance levels
(Mujika et al., 2009), despite potential issues relating to the
reliability of such tests (Dugdale et al., 2020; Taylor et al.,
2019). No further differences between the selected and dese-
lected players were found in the present study for signs data,
which contrasts previous research suggesting objective signs
data do differentiate between (de)selected players within
homogeneous samples (e.g., Honer et al.,, 2021; Huijgen et al.,
2014). This perhaps suggests a relatively consistent level of
athleticism across the sample of players used and may also
highlight the multifactorial nature of (de)selection, where
further signs data (e.g., technical, tactical, and psychological
skills) may have a more significant influence on the selection
decision.

Samples

The lack of significant differences between the groups for
samples data (match analysis statistics) provided a contrasting
finding to previous research (Kelly, Wilson, et al., 2020), with
only passes (per 90 minutes), percentage of accurate crosses
and the number of aerial duels (per 90 minutes) showing sig-
nificant differences. A higher median number of attempted
passes in selected players is consistent with previous findings
(Bennett et al., 2018; Waldron & Murphy, 2013), and provides
further support for the importance of passing as a technical
action in match play, with successful senior teams generally
exhibiting more passes and higher rates of pass completion
(Bradley et al., 2013; Rampinini et al., 2009). Deselected players
outperformed selected players in terms of cross accuracy and
number of aerial duels, which is difficult to interpret, particu-
larly without knowledge of player positions and context within
individual games, which may have impacted involvement in
these specific actions. Equally, without knowing the nature and
context of individual matches, or the impact of samples data on
a match, data derived from samples can be difficult to interpret
and may need complementing through subjective sources of
data such as the coach’s SEO.

SEO

The coaches’ SEOs proved to be a significant difference
between the selected and deselected players, confirming the
impact of subjective data on the processes for (de)selection.
This finding is in agreement with previous research that high-
lights coaches’ subjective ratings of players contribute to (de)
selection (Kelly et al., 2022; Sieghartsleitner et al., 2019), and is
perhaps unsurprising when considering that the coaches who

are responsible for providing match ratings are also key stake-
holders in the (de)selection process. In contrast, some research
has demonstrated that a coach’s SEO may be inconclusive in
determining selection status in elite youth soccer players (Kite
et al., 2024), suggesting that the proximity of ratings to the (de)
selection decisions may affect results. Equally, when consider-
ing a coach’s SEO, the ratings made by coaches and the (de)
selection decision itself are possibly confounded by (sub)con-
scious biases (Barraclough et al., 2024; Hill et al., 2023; Johnston
& Baker, 2020).

Modelling (de)selection outcome

Considering the study aims, the full model utilising all data
sources (Signs, Samples, SEO) and combined objective and
subjective data was the best classifier of (de)selection. The
findings emphasise the benefits of a multidisciplinary approach
and the practical utility of using both objective and subjective
data during (de)selection processes (Dugdale et al., 2021; Honer
et al, 2021; Sieghartsleitner et al., 2019). Relatively large
Cls were produced for the model coefficients, possibly due to
the small sample size, highlighting some variability in the
ORs. However, whilst the final full model (Model 7) only slightly
outperformed the combination of signs and SEO in Model 5,
the inclusion of the samples data improved the model fit. Such
findings are in keeping with previous research advocating the
use of objective and subjective multidimensional data sources
in the creation of classification models (Honer et al.,, 2021;
Sieghartsleitner et al., 2019).

Despite the inclusion of samples data, it failed to reach
significance as a predictor in the model. This lack of significance
may be due to the technical performance similarities between
players within the academy. Overall, despite the statistically
significant impact of the signs data and SEO data as predictors,
the full model’s accuracy only reached 78%, meaning 14 players
were incorrectly classified as either selected or deselected,
highlighting the inability of data alone to fully represent the
complexity involved in the (de)selection process (Baker et al.,
2018; Den Hartigh et al., 2018).

Limitations

This study provided a novel approach to examining real-world
(de)selection decisions in an elite youth male soccer academy.
Whilst the results of the study highlight the utility of using both
objective and subjective sources in understanding (de)selec-
tion decisions, some methodological limitations were present
within the study. Firstly, the use of retrospective data to estab-
lish (de)selection classification fails to consider the importance
of longitudinal changes (Barraclough et al., 2022; Johnston
et al., 2018; Till & Baker, 2020). Equally, such an approach
does not provide confirmation of the rationale for the (de)
selection decisions, rather, it provides a theoretical explanation
and insight into such processes.

It is important to highlight that the coaches used in the
current study were involved in both providing their subjective
match ratings (i.e., SEO) and the (de)selection decision itself. As
discussed previously, the ratings and the selection decision
may therefore be related and are possibly confounded by



(sub)conscious biases (e.g., Barraclough et al.,, 2024; Hill et al.,
2023; Johnston & Baker, 2020). However, such a situation is
a representative of typical practice in real-world applied
environments.

Further, the sample size from within a single academy
reduces the generalisability of the results. For example,
different academy environments may demonstrate unique
organisational structures, environments, and philosophies,
which may influence or alter the way their (de)selection
processes occur. Equally, the sample utilised within the
study had already been ‘selected’ for inclusion within an
academy, likely leading to a more homogeneous sample.
This restriction of range (Bergkamp et al., 2019) may be
characterised by minimal differences between players
within specific squads, including not accounting for posi-
tional differences, perhaps explaining only 5 of 21 observed
predictors displaying statistically significant differences
between selected and deselected players.

Additionally, whilst our analysis included 5 players with
data points at both age groups, no improvement was found
in model fit when trying to incorporate possible dependency
or correlations between the data. Finally, as the best score for
each player and predictor was utilised in the analysis, the
effects of potential development or changes in scores were
not accounted for, which may be an equally important ave-
nue for future research.

Practical applications

This study may inform youth sports organisations utilising simi-
lar (de)selection processes. The classification models employed
are a potentially effective demonstration of the application of
data within such a setting. Our findings suggest that more
physically capable players (signs), perceived to be performing
better in matches (SEO), had increased odds of being classified
as a selected player. Such findings may provide further insight
and reflection into (sub)conscious biases involved surrounding
(de)selection processes. Additionally, the statistical significance
of the coaches’ SEOs and the signs data within the full model
highlight how both objective and subjective data may be
associated with (de)selection decisions. Findings of the current
study can be applied practically to raise awareness, promote
discussion, and demonstrate the potential for reflective prac-
tice in relation to the rationale for (de)selection decisions in
youth sports organisations.

Conclusion

This study showed that a combination of signs, samples and
SEO data provides some explanation when classifying (de)
selected elite youth male soccer players. Overall,
a combination of both objective and subjective signs, samples
and SEO information provided the highest accuracy for classify-
ing (de)selection outcome. The use of physical attribute data
combined with a coach’s SEO demonstrated significant associa-
tions with the (de)selection decision. Coaches and practitioners
should reflect on their current (de)selection practices and con-
sider the potential use of multiple multidisciplinary data
sources to augment decision-making. Further, the potential of
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machine learning techniques and analysis should be acknowl-
edged to explore the understanding of (de)selection processes.
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