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Abstract

The purpose of this long-term retrospective analysis was to determine whether anthropometric and
physical performance data could predict success in elite youth Scottish soccer players. Stature, body
mass, sprint, jump and aerobic performance were collected from 512 players (U10 to U17) across a
10-year period. Players participated in an average of four profiling sessions (range: 1-14) and up to a
maximum of three per year (August, December, and May) with standardisation applied to the surface,
test order, time, and protocols. One hundred players were awarded professional contracts.
Associations between variables were quantified with mixed-effects linear models. Prediction was
assessed with least absolute shrinkage and selection operator (LASSO) regression developed on a
training set (2/3 data) and tested with proportion of error on a leave-out (1/3 data) test set.
Confidence intervals were obtained through bootstrap LASSO samples. A strong relative age bias was
identified with 50% of successful players born in the first quarter of the year. Successful players were
on average taller and performed better in sprint and jump tests (p<0.05). However, effects were small
and even when variables were combined, proportion of errors identified were similar to random
guessing (0.45[95%Cl:0.41 — 0.49]). The results indicate that whilst successful players as youths
demonstrate on average distinct anthropometric and physical profiles, these differences are unlikely
to provide a reliable source to predict success within an already talented group. Practitioners should
use data collected to guide exercise prescription but be aware of its substantive limitations in
predicting success in isolation.
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Introduction

Talent identification and development (TID) is a key driver within many soccer academy structures.
Additionally, competition to identify and develop a country’s most talented players becomes
increasingly important under financial constraints. Talent identification in soccer frequently comprises
anthropometric, psychological, physiological and soccer-specific skills profiling (Williams and Reilly,
2000). More holistic approaches may also consider sociological factors (Williams and Reilly, 2000) and
the influence of maturation on trainability and development (Unnithan et al., 2012). However, despite
the importance of TID there are limited data collected over the long-term to identify which factors can
predict success in elite soccer academy graduates (Larkin and Reeves, 2018) and if individual factors
such as physical performance are predictive (Bergkamp et al., 2019). The physical demands of soccer
require in general a well-developed aerobic capacity, and anaerobic power to effectively engage in
discrete game related tasks such as tackling, dribbling, sprinting, and accelerating (Deprez et al.,
2015a). In addition, specific anthropometric profiles may provide advantages, particularly with regards
to positional roles (Deprez et al., 2015a). Reflecting these large physical demands, it is well established
that performance in physical tasks can differentiate between elite and non-elite youths in soccer
(Slimani and Nikoladis, 2017). Additionally, study of anthropometric and physiological profiles of male
soccer players have demonstrated that differences between elite and sub-elite cohorts and their
playing positions can be observed as early as eight years old (Deprez et al., 2015a; Slimani and
Nikoladis, 2017). However, it remains unclear whether data on individual players can be used to
predict development and success during a soccer career.

A common method used to quantify success within a soccer academy is to identify player progression
and ultimately the awarding of professional contracts. Lago-Penas et al., (2014) investigated the
association of physical performance with continued academy progression across multiple age groups
in elite Spanish academy players. A single physiological testing session conducted midway through the
season identified that for certain positions successful players were significantly leaner and
demonstrated greater jumping performance (Lago-Penas et al., 2014). Whilst the majority of
measurements recorded identified no significant differences between successful and non-successful
players, trends were identified for tests of muscular power with successful players tending to
demonstrate higher values. The authors also identified positive associations between stature, mass
and performance in muscular power tests (Lago-Penas et al., 2014). Therefore, it is possible that
success may have been due to maturation status rather than physical performance per se.

A long-term prospective study investigating the associations between anthropometrics, physical
performance and success was conducted by Honer and colleagues (2017) using nationwide data
collected as part of a German TID program. The study involved 14,718 under 12 (U12) youth males
representing the top 4% of soccer players. Anthropometrics and physical performance were assessed
by measuring stature, body mass, 20 m sprint and agility times during a single baseline data collection
session, with players followed up 8-10 years later. Data were also collected on skill performance
quantified during dribbling, ball control and shooting drills. Eighty-nine of the players ultimately
became professionals and 913 became semi-professionals. Univariate analyses of the U12 baseline
data identified significant differences in mean values for height, weight and all physical and skill
performance tests. Consistent rank order effects were identified for all variables with those obtaining
professional contracts being taller, heavier and better performing in all tests at U12. However, the
significant differences identified were influenced by the large sample size, with effects sizes calculated



for all variables indicating negligible effects (72<0.016). To determine whether baseline assessment
could predict success, complex logistic regression using performance tests to create latent variables
was conducted. The model was able to explain only 25% of variation in the data, indicating that factors
beyond those considered in the study were important in determining success. Importantly, this
assessment of the predictive capability of the model is likely to be overestimated as the predictive
model was built on the entire data set. For a realistic assessment of predictive capability cross-
validation with a “leave-out” set of data would be required to assess the degree of overfitting in the
original assessment. An adjunct analysis was completed by Leyhr et al., (2018) with similar data
collected from a single regional performance centre (N = 1,134) and included multiple assessments
between U12 and U15 age groups. The results showed that performance in all tests improved non-
linearly across the four years and that successful players awarded professional or semi-professional
contracts (N = 145) demonstrated significantly greater performances across all tests except 20 m sprint
performance. Whilst regression models were able to explain substantial variance in performance
tests, Leyhr et al., (2018) did not assess whether data collected across time points could be used to
predict which players were awarded the contracts.

Le Gall et al., (2010) investigated anthropometric and physical differences of elite French youth soccer
players (U14 — U16) over an 11-year period. Comparisons were made across the academy graduates
who were subsequently grouped into those that played international soccer, those that were awarded
professional contracts and those that achieved only amateur status (Le Gall et al., 2010). Out of a total
of one hundred and fifty-three potential univariate statistical comparisons, only five identified
significant differences between the groups. However, when the data were combined using
multivariate statistics and spit by position, significant differences were identified for a larger range of
variables. The authors concluded that whilst talent selection is likely influenced by a range of factors,
their results demonstrated that fitness assessment data were important in determining whether
already successful players would ultimately achieve the highest level of success (Le Gall et al., 2010).
However, Le Gall et al., (2010) also concluded that further research was required to assess the extent
to which anthropometric and physical profiling data could be used in selection. As with previous
research, it is unclear the extent to which relatively small differences in a single aspect of distributions
(e.g. means) with substantive standard deviations, can prospectively identity those that will become
the most successful players.

A potential confounder when examining the relationship between physical performance and success
within TID programs is the relative age effect (RAE). The phenomenon is common in youth sport where
some players can be almost a year older than the youngest within a single year bracket, leading to
intellectual, physiological and psychological differences (DeMeis and Stearns, 1992). Within the elite
English system, the entry point to soccer academies demonstrate strong RAE bias and associated
advantages with regards to size and physical performance criteria (Lovell et al., 2015; Cumming et al.,
2018). The RAE bias has also been shown to continue throughout academy age ranges (Cumming et
al., 2018). Whilst relative age was not shown to be influential in determining success in the large
prospective study conducted by Honer et al., (2017), bias was already introduced into the sample with
a skew towards players born in the first half of the year. Research conducted within Italian soccer has
demonstrated that RAE is apparent at academy age and within non-elite adults but is less pronounced
within the top division (Brustio et al., 2018). Given the inconsistency in findings regarding RAE and its
relation to success in soccer, and its close connection with anthropometry and physical performance,
its inclusion in further research investigating prediction of success is warranted.



Given the financial restrictions that exist in many soccer academies there is often a focus on collecting
inexpensive field-based physical tests to guide the TID process. Whilst the majority of previous
research demonstrates that successful players will on average exhibit different anthropometric
profiles and demonstrate greater physical performance, there is a paucity of information describing
the ability to use the data and actually predict future success, rather than retrospectively explain
variation in the data. Where such research has been conducted, there are often limitations including
using all the data to build statistical models and not assessing overfitting through cross-validation
(Honer et al., 2017). Therefore, the purpose of the present study was to determine using rigorous
validation, whether retrospective data collected from an elite soccer academy over a longitudinal
period could be used to predict success, and if so, which variables were most influential. It was
hypothesised that whilst significant differences in anthropometry and physical performance would
exist, these average differences would generate inaccurate predictions.



Methods

A retrospect analysis of physical performance data comprising sprint, counter movement jump (CMJ)
and aerobic endurance were assessed from 2006 to 2016 from an elite Scottish soccer academy whose
players were involved in age matched competitive games across all playing positions. The data tracked
512 players, of which 100 were awarded professional status contacts, 362 were released and did not
attain professional status at their parent or any other club, and 50 remained within the academy
system at the final point of data collection. The data were collected as per the Club Academy Scotland
criteria to “conduct research on players on a regular basis”, with informed consent obtained by players
and guardians through the contractual process. The retrospective analysis presented here received
ethical approval by the institutional review board at the Robert Gordon University. Consistency was
obtained across the entire data collection period by standardising playing surface (indoor sports hall),
testing order, time of collection (seasonal observations on three evenings per year in August,
December and May), consistent guidance regarding nutrition and hydration, and consistent
involvement of a single practitioner overseeing the process and providing training to all support staff
involved. Players that were injured did not participate and to increase validity, assessments conducted
for the purpose of return to play, or for those on trial and not signed to the academy were excluded
from the analysis. A total of 56 testing sessions were included over the ten years, comprising data
from 512 players and a total of 2021 testing battery results. The average number of testing batteries
completed by the players was 4 with a range of 1-14.

Given the consistency of the testing battery, the clear guidelines provided, and the regular inclusion
of aspects of the tests in physical conditioning sessions, players were well familiarised with the testing
process. The assessment battery comprised measurement of stature and body mass, followed by
performance of CMJ with hands on hips, 20 m sprints (with intervals recorded at 5, 10 and 20 m) and
the YoYo Intermittent Recovery Test Level 1 (YYIR1). Stature was measured using a free-standing
stadiometer (SECA Height Measure, Hamburg, Germany) and body mass measured using digital scales
recording to 0.1 kg (SECA floor scale, Hamburg, Germany). A single measurement was recorded for
stature then body mass due to time limitations. Participants then performed the same standardised
warm-up comprising a progressive and intermittent dynamic structure (4x15 m jog, 12x15 m walking
dynamic stretches incorporating all major muscle groups, 4x15 m leaps/bounds, 10x body mass
squats, 4x15 m progressive acceleration/decelerations). Physical testing began with three repetitions
of the CMJ to a self-selected counter movement depth on an infra-red jump mat (MuscleLab IR Jump
MAT, Ergotest, Langonsund, Norway). Repetitions that involved a pause during the counter
movement, any flexion of the knees prior to landing, or landing outside the centre point of the jump
mat were excluded, with additional trials allocated in order to obtain 3 successful jumps. The greatest
jump height recorded was used for subsequent analyses. Immediately following the CMJ, participants
performed the sprint protocol comprising 3x15 m warm-up runs (1x80%, 1x90% and 1x100%
perceived maximum) followed by 3x20 m maximum sprint efforts with timing gates recording split
times to the nearest 0.01 s (Speed Trap Timing, Brower Timing Systems, Utah, USA). Each sprint was
separated with a recovery period of at least 1:10, with the start line located 1 m behind the initial
timing gate. Participants initiated sprints with one foot self-selected in front of the other. The sprint
that recorded the lowest time to complete the 20 m was selected for further analysis along with the
associated 5 m and 10 m split times. A ten-minute recovery period was provided between sprints and
the YYIR1 assessment using recommended criteria for test termination. Appropriate test validity and
reliability for all equipment and protocols adopted in the testing battery have been established



previously with similar age groups within soccer (Bosquet et al., 2009; Paul and Nassis, 2015, Dugdale
et al., 2019; Deprez et al., 2015b).

Statistical Analysis

Existence of a relative age bias was assessed by comparing the number of births across the four yearly
quarters using a y? test. Mixed-effect linear regression models were performed for each of the
physical tests. Chronological age was entered as a covariate and standardised by subtracting the
minimum value of 10 to assist interpretation. Relative age was included as a four-level factor variable
according to the quarter of birth, and player success was entered as a binary variable according to
whether or not a player received a professional contract. A random intercept and slope for age was
included for each player. The association of covariates with player success were then modelled using
least absolute shrinkage and selection operator (LASSO) logistic regression with multiple imputation
(zhang, 2016) and bootstrapping (n=10,000). Relative age and all anthropometric and physical
performance variables collected across the testing battery were included in the models. Optimal
LASSO penalty was obtained via tenfold cross-validation. Continuous regression inputs were centered
and scaled by dividing values by two standard deviations to facilitate comparisons with binary
predictors and to assist with model interpretation (Gelman, 2008). Finally, the ability to predict player
success was assessed through bootstrap LASSO models and pairing individual testing profiles of
successful players with an equal number of testing profiles from non-successful players. Each LASSO
bootstrap model was trained on two thirds of the data and then tested on a leave-out one third test
set. Predictive capability was assessed by quantifying the proportion of error and 95% confidence
interval (Cl). All analyses were performed using the R programming language (version 3.5.3).



Results

The breakdown of testing batteries performed across the different age groups are presented in table
2, with the results showing a relatively even split across the under 11 to under 17 age groups. Of the
100 players awarded a professional contract, the age group at which these players entered the
Academy was also relatively evenly split across under 11’s to under 17’s (Table 2).

A relative age bias was identified across the entire group of 512 players, with the proportion of births
across the four yearly quarters equal to: Q1 = 0.37; Q2 = 0.28; Q3 = 0.22; and Q = 0.13 (ng 64,
p<0.001). A stronger relative age bias was identified across the 100 players awarded a professional
contract with the proportion of births across the four yearly quarters equal to: Q1 = 0.50; Q2 = 0.26;
Q3 =0.20; and Q = 0.05 (y2= 40.9, p<0.001).

The effects of chronological age, player success and relative age on average performance across the
physical measures were assessed via mixed-effects linear regression models (Table 3). Linear effects
of chronological age indicated that for the majority of variables an average improvement of between
2 to 10% was achieved each year. Successful players were on average taller (p<0.05), were faster over
20 m (p<0.01) and demonstrated greater vertical jump performance (p<0.01). However, despite
significant differences in average values, there was considerable variation and overlap between
successful and non-successful players (Figure 1). Regression coefficients for relative age indicated a
trend towards players born in the first quarter of the year being taller, heavier and better performing
in physical tests. However, the majority of coefficients were non-significant due to large standard
errors.

Associations between predictor variables and success were quantified on imputed data sets
comprising a total of 1850 testing battery. Mixed-effects binomial regression models controlling for
age were completed for each predictor (Table 4), with significant associations identified for relative
age (Q3 vs. Q1: p<0.05 and Q4 vs. Q1: p<0.001), height (p<0.05), 20 m sprint time (p<0.05), CMJ height
(p<0.001), YYIR1 level (p<0.05) and YYIR1 distance (p<0.05). All predictors were then simultaneously
included in LASSO regression with bootstrap samples. The most frequently included predictors
comprised age, relative age (Q4 vs. Q1), stature and CMJ performance. However, associations
between predictors and contract success were low, with the greatest reduced odds ratio equal to 0.73
when comparing relative age (Q4 vs. Q1), and the greatest increased odds ratio equal to 1.2 for CMJ.
The ability to predict whether a given physical profile would lead to success was assessed by
calculating the proportion of error on the LASSO training set (2/3 of data) and testing set (1/3 of data),
with bootstrap samples to obtain Cls. With error of 0.5 obtained with random guessing, results
demonstrated effectively no ability to predict success with 0.43 (0.39 — 0.47) error proportion
obtained with the training set and 0.45 (0.41 — 0.49) error proportion obtained with the test set.



Discussion

The present study conducted a retrospective analysis of anthropometric and physical performance
data collected across a ten-year period with male youths from an elite Scottish soccer academy. The
analysis featured the modelling of routinely collected data to determine whether successful players
awarded a professional contract were different on average from non-successful players, and given the
paucity of previous information, to assess whether any differences found had the potential to reliably
predict success. The analyses demonstrated strong relative age bias and consistent differences in
average values of anthropometric and physical performance between successful players awarded a
professional contract and non-successful players. However, predictive modelling conducted under a
rigorous cross-validation process was unable to distinguish between successful and non-successful
players and prediction was shown to perform similarly to random guessing. The results demonstrate
that whilst small average differences exist and indicate an advantage in anthropometric and physical
performance variables for successful versus non-successful players, the substantial variation and
overlap is such that prediction with the data on a case by case basis is ineffective.

The results presented here describing significant differences and trends of greater physical
performance of successful versus non-successful youth soccer players are consistent with previous
research defining success based on either progression through an academy system (Lago-Penas et al.,
2014; Hirose and Seki, 2015; Deprez et al., 2015b; Leyhr et al., 2018) or being awarded professional
contracts (Deprez et al., 2015b; Martinez-Santos et al., 2016 ; Honer et al., 2017; Los Arcos and
Martins, 2018). However, whilst the research base has clearly established that average differences are
likely to exist, multiple factors limit the predictive capability and associated errors when using
anthropometric or physical performance data. In the largest cohort study conducted by Honer et al.,
(2017) with 14,718 youth players, it was identified that successful players performed better on
average in all physical and skill performance tests. However, effect sizes associated with each test in
isolation were small (<0.016) and would therefore be unable to effectively predict. When data across
multiple tests were combined, Honer et al., (2017) demonstrated that more effective models could be
developed. However, percentage of explained variance was only 25% with multivariate models and
therefore predictive capability would also be expected to be ineffective. Additionally, models
presented by Honer et al., (2017) were developed using the entire data set and therefore likely to
overfit the data. In the present study LASSO regression models that seek to shrink coefficients to zero
and develop parsimonious solutions were used. In addition, models were developed on a training set
and then tested on a leave-out set to assess potential issues with overfitting. Collectively, the results
from the present study highlight the limited ability of factors that demonstrate small average
differences to predict successful players, either individually or in combination through multivariate
models.

Whilst the results presented here demonstrate the inability for anthropometric and physical
performance data to predict success within an already talented group of individuals, physical
development remains important in the TID pathway (Williams and Reilly, 2000). Research has
established clear differences between elite and sub-elite cohorts (Deprez et al., 2015a; Slimani and
Nikoladis, 2017) and it is argued that players that do not exhibit sufficient physical capability are
unlikely to progress through an academy system (Deprez et al., 2015b). In the present study, the single
most influential factor predicting success was relative age, with the largest difference identified
between those born in the first quarter and last quarter of the year. The finding of a strong RAE is



consistent with previous research (Jimenez and Pain, 2008; Lovell et al., 2015; Adronikos et al., 2016;
Mann and van Ginnekan, 2017; Cumming et al., 2018) and of significant concern when attempting to
identify and develop a countries most talented players (Doyle and Bottomley, 2019).
Underrepresentation of players born in the later months of the year represents a loss and inefficiency
in TID (Jimenez and Pain, 2008), even if the RAE becomes less apparent at the level of senior squads
(Brustio et al., 2018; Ford and Williams, 2011). A range of approaches have been implemented to
reduce the RAE, with “bio-banding” activities been shown to have a positive influence within youth
soccer (Cumming et al., 2017; Abbott et al., 2019). Bio-banding involves grouping players according to
maturation status or biological age to support late maturing players in terms of physical challenge and
early maturating players in terms of technical and psychological competencies (Cumming et al., 2017).
Empirical data from technical variables within bio-banding has revealed shorter passing sequences
and more dribbles for late developers whilst providing early developers increased tackles and an
avoidance of long passes (Abbott et al., 2019). However, whilst the manipulation of age categories in
groups of 3 or 6 months may have the potential to reduce the REA (Sierra-Diaz et al., 2017), such a
system may create financial burdens that would be challenging for many TID programs. In contrast,
educating scouts not to focus on competitive success, but instead, to focus on technical capabilities,
skills and physical capabilities with greater context of relative age may reduce selection bias
(Adronikos et al., 2016; Mann and van Ginnekan, 2017). Practitioners and TID managers should
consider the implementation of competitive bio banding opportunities for their clubs as part of their
long term TID process. Competition with external organisations can ensure developmental
opportunities as observed by Abbott et al., (2019) whilst the involvement of scouts and decision
makers in these bio-banded environments could potentially enhance coach education (Adronikos et
al., 2016), but certainly allow for players to be assessed in the absence of a negative REA context.

In a recent review of methodological issues related to TID research in soccer, Bergkamp et al., (2019)
identified a number of challenges that are relevant to the present study. Bergkamp et al., (2019)
argued that whilst research such as that presented here can increase understanding of important TID
factors, determining success in terms of progression or attainment of professional contracts is limited
and research should focus on the extent to which explanatory factors can predict actual soccer
performance. However, at present no single objective measure exists and the development of a valid
and reliable measure of individual soccer performance is likely to be a complex process to account for
multiple non-linearly interacting components and context-specific elements in relation to opposition,
country of investigation, different positions and tactics employed (Baker et al., 2015; Davids et al.,
2013; Franks et al, 1999). Bergkamp et al., (2019) also identified the limitation of building predictive
models focusing solely on anthropometry and physical performance, and the need to include more
soccer specific explanatory measures. Whilst the development of such measures is unlikely to be as
challenging as that to develop a criterion measure of soccer performance, additional research is
required to determine valid and reliable tests and processes such as whether these measures should
be collected longitudinally and then suitably transformed for analyses. An additional limitation of the
present research inherent in other TID studies include the restriction of the analysis to a relatively
homogenous population. Analysis of the relative age bias in the present study noted substantial
departures from that seen in the wider population indicating a strong initial selection bias and as a
result a restricted range for predictors to identify successful and non-successful players (Bergkamp et
al., 2019). This limitation in future can be avoided by including data from a wider population, however,
this would also require an effective criterion measure of soccer performance to incorporate the
additional data.



Practical implications

The present study employed a low-cost method that could feasibly be used by a soccer academy to
use data routinely collected to inform their TID programme. By building up a bank of information and
categorising players based on their success, there is the potential to build models that could be used
to make predictions of future prospects whilst continually updating models with the subsequent
generation of new data. Previous research has demonstrated that successful players from soccer
academies tend to exhibit on average different anthropometric and physical performance profiles,
suggesting that this information which can be collected at low cost could be used as a source for
predictions. However, the current study which assessed this hypothesis in a rigorous statistical manner
has demonstrated that this is unlikely to lead to effective results and was very similar to random
guessing. Using similar robust statistical procedures, researchers and practitioners within soccer
academies that are continually collecting data should assess whether accurate predictions can be
made combining data across a holistic range of dimensions including physiological, technical,
psychological, tactical skills and expertise from technical coaches.

The finding of a very strong RAE is an important one, particularly for soccer academies that operate
under financial restraints. Academies should consider processes such as coach and scout education
programmes to reduce the negative impacts of controllable factors such as the RAE. Economy of TID
programmes is an important consideration and enhanced coach education together with enhanced
player development opportunities such as bio-banding could reduce unnecessary release of players
that are at the point, underdeveloped as opposed to untalented.

Whilst the present study demonstrated the limitations of using anthropometric and physical
performance profiling data to predict who will become a successful player, the information is still likely
to be an important part of the talent development process with data being used to assist the creation
and individual tailoring of physical training. Additionally, the creation of normative data can be used
by soccer academies to monitor for continual progression of physical capabilities as advances in
exercise science and increased availability of technology occurs.
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Table 1: Testing battery data across age groups (mean # standard deviation)

Test U10s Ulls Ul2s Ul3s U14s U15s Ul7s

Stature (cm) 136.1+4.7 143.2+6.0 147.9+6.6 155.4+7.6 162.8+7.9 171.0+7.1 175.2+6.3
Mass (kg) 31.5+3.7 35.5+4.9 38555 43.8+7.0 51375 59.0+8.1 65.7+7.6
BMI (kgm™2) 17.0+1.3 17.2+15 17.5+15 18.2+1.6 19.2+1.6 20.1+2.0 21.3+19
5 m Time (s) 1.14 £ .07 1.13+.07 1.11 +.07 1.08 £.07 1.06 £.07 1.04 £ .07 1.03 £.07
10 m Time (s) 2.02+.11 2.00+.10 1.96 £ .07 1.91+.09 1.85+.09 1.81+.11 1.78 £.11
20 m Time (s) 3.63+.20 3.57+.16 3.50+.16 3.39+.15 3.26+.16 3.14+ .14 3.07+.14
CMJ (cm) 20.0+3.6 23.4+43 25.5+4.6 27.1+4.4 30.8+5.3 33.8+49 36.3+5.0
YYIR1 Level 15.1 £ .96 15.7+1.3 16.5+1.4 17315 179+15 189+1.6 19.1+1.8
YYIR1 Distance (m) 822 +.279 1037 £ 377 1273 £ 425 1524 + 449 1728 £ 471 2041 £ 512 2114 + 573

Table 2: Summary of testing observations and number of players ultimately awarded a professional
contract across age groups

Age group U10s Ulls Ul2s Ul3s Ul4s Ul5s Ul7s
Number of testing 68 378 312 305 339 287 332
observations (%) (3.4%) (18.7%) (15.4%) (15.1%) (16.8%) (14.2%) (16.4%)
Number of playe‘rs from cohort 3 19 11 18 14 13 2
awarded professional contract
Table 3: Mixed-effects linear regression models (regression coefficients [standard errors])
qguantifying effects of chronological age, relative age and player success on physical factors assessed.
Independent Intercept Age Successful Relative Age  Relative Age  Relative Age
Variable Q2 Q3 Q4
Stature (cm) 140%*** 5.2%** 1.8* -.97 -1.1%* -2.2
[0.71] [.11] [.82] [.71] [.78] [.95]
Mass (kg) 31.1%** 4.9*** .68 -14 -1.3 -.76
[.54] [.09] [.77] [.65] [.73] [.88]
BMI (kgm™) 16.6%** H5H*E -.01 .09 -.22 12
[.14] [.02] [.19] [.17] [.18] [.22]
5 m Time (s) 1.2%%* -0.02%** -.007 .000 .008 .008
[.005] [.001] [.005] [.006] [.006] [.008]
10 m Time (s) 2.0%** .04 ** -.01 -.01 .01 .007
[.0083] [.001] [.01] [.009] [.009] [.01]
20 m Time (s) 3. 7% -.09*** -.04** -.009 .005 .01
[.01] [.002] [.01] [.02] [.02] [.02]
CMJ (cm) 21.3%** 2. 2%%* 1.2%* -.08 -.76 -1.1
[.38] [.07] [0.50] [.43] [.47] [.60]
YYIR1 Level 14.8%** ThH*E 12 -.28 -.24 -.38
[.11] [.02] [.15] [.14] [.15] [.19]
YYIR1 Distance (m)  737*** 233%** 37.4 -85.6* -75.7 -108
[34.2] [6.4] [45.2] [42.9] [47.1] [57.8]

Chronological age was centred by subtracting 10 from each age year. Therefore, intercept quantifies
the average value for U10 players that did not obtain a professional contract born in the first quarter
of the year. *p<0.05, **p<0.01, ***p<0.001.



Table 4: Mixed-effects univariate logistic and multivariate LASSO logistic regression models.

Predictor

Intercept
Age
Relative
Age Q2
Relative
Age Q3
Relative
Age Q4
Height

Weight
BMI

5m Time
10m Time
20m Time
cMl)
YoYo
Level

YoYo
Distance

Logistic LASSO Regression LASSO Regression LASSO Regression
Regression [Full data] [U10-U13] [U14 - U17]
Coefficient Coefficient % Coefficient % Coefficient %

[SE] [95%Cl] [95%Cl] [95%Cl]

-72% [-.82 —-.60] 100 | -.88t[-1.3--0.48] 100 -.70% [-.94 — -.45] 100
- 121 [.01-.23] 99 .05 [0 —.26] 74 .10 [0 -.26] 90
-.13 0[-.03-0] 4 0[-.44-0] 5 0[-.03-0] 6
[.13]
-.33%* 0[-.22-0] 28 0[0-0] 4 -.04 [-.39-0] 61
[.14]

-1.2%** -.31[-.86-0] 94 -.14[.91-0] 72 -.28 [-.83 - 0] 85

[.24]

.40* .13 [0—-.54] 70 .04 [0 —.88] 56 0[0-.37] 30
[.21]

.30 0[0-.36] 41 .26 [0-1.2] 75 0[0-0] 2
[.19]

12 0[0-.15] 10 0[0-.15] 6 0[0-0] 7
[.13]

-.16 0 [-.04 - 0] 5 0[0-.20] 13 0[-.27 -0] 21
[.13]

-11 0[0-0] 1 0[0-.20] 10 0[-.02-0] 4
[.14]
-.36%* 0[-.34-0] 43 0[0-0] 1 -.601 [-1.1 —-.08] 99
[.18]

VR .19 [0-0.47] 89 0[0-.50] 41 .01 [0 - .40] 54

[.15]

31* 0[0-0.36] 38 0 [0-.04] 4 .01 [0-.44] 52
[.15]

.33%* .02 [0-0.39] 55 0[0-.19] 9 0[0-.35] 33
[.15]

% represents the percentage of bootstrap samples for which the predictor was included in the model
[non-zero regression coefficient]. *p<0.05, ***p<0.001. TLASSO models not including 0 in either 0.025
or 0.975 quantile.




Figure 1: Distribution of countermovement jump (CMJ) performances across age groups between

successful and non-successful players.
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