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A B S T R A C T

Research into football talent identification has focused heavily on developing and validating assessments that 
predict football performance and subsequent attainment. However, establishing the predictive validity of an 
assessment is not the same as determining how the information it provides should be used to make selection 
decisions. Football academies must make repeated selection decisions using imperfect information, which re
quires balancing the need to reduce candidate numbers with the resources required for further assessment. Here, 
we use simulations to examine how assessment information of different predictive strengths can be used within a 
sequential selection process. Specifically, we examine how imperfect predictors can be used to efficiently reduce 
candidate populations while preserving predefined target performers, how the order of assessments influences 
screening efficiency, and how sequential assessment can reduce resource requirements. Experiment 1 showed 
that an assessment explaining approximately half of the variation in performance could still reduce a candidate 
population by more than 50% while retaining all target performers. Experiment 2 showed that the order of 
assessment matters: using stronger information earlier allowed approximately 7–11 additional players per 100 
candidates to be removed while retaining all target performers. Experiment 3 showed that reserving more 
resource-intensive assessments for the smaller groups following earlier screening stages reduced total assessment 
time by 70–87% but this came at the cost of retaining modestly larger final candidate groups. Together, these 
findings demonstrate that even assessments explaining only moderate variation in the underlying performance 
criterion can support substantial candidate reduction, and that their screening value depends on when they are 
introduced and the resources required to obtain them. The sequential framework provides a way to use existing 
information about predictive strength to determine which assessments should be used, when they should be 
introduced, and which players require further evaluation.

Introduction

For more than three decades, research into quantitative approaches 
in football talent identification has focused heavily on the search for 
better predictors of football performance and subsequent attainment 
[1–3]. This has led to considerable effort directed toward identifying the 
technical, physical, psychological, tactical and developmental charac
teristics associated with differences in football performance and subse
quent attainment, with assessments typically evaluated by their ability 
to explain variation in performance outcomes, distinguish among ath
letes competing at different levels, or predict subsequent attainment 

[1–8]. This work has provided valuable insights into the attributes 
associated with football performance and the predictive validity of 
different assessment approaches [1–3,9,10]. However, establishing the 
predictive validity of an assessment is not the same as determining how 
the information it provides should be used within a selection system. 
Predictive validity tells us how strongly an assessment is related to a 
relevant performance outcome; it does not, by itself, tell us what se
lection decision should follow from that information. Academies must 
make repeated selection decisions using incomplete information, 
commonly integrating scouting and coach judgement with other sources 
of player information. These decisions may concern whether a player 
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should be removed, retained, or assessed further, and the appropriate 
decision may depend on both the information currently available and 
where the player is within the selection process. We therefore consider 
talent identification from the broader perspective of decision-making 
under uncertainty: given the imperfect information currently available 
about a player, what decision can reasonably be made, and what in
formation should be collected next? We use this term as a conceptual 
framing of the selection problem rather than to imply a complete formal 
decision-theoretic model. In many complex environments, effective 
decisions depend not only on the predictive accuracy of individual 
sources of information, but on how that information is used within the 
constraints of the decision system [11].

A sequential decision framework recognises that complex selection 
problems are rarely solved through a single assessment event. Instead, 
information can be gathered progressively, with the information avail
able at one stage determining which candidates can reasonably be 
removed and which require further assessment [12,13]. Here, we 
examine a specific form of this problem: how far can a candidate pop
ulation be reduced using assessment information that is related to, but 
does not perfectly predict, an underlying performance criterion, while 
preserving a predefined set of target performers (for example, the 
highest-performing 5 or 10% of the candidate population)? This allows 
us to distinguish the predictive strength of an assessment from its 
screening value. Predictive strength describes how closely an assessment 
is related to the underlying performance criterion, whereas screening 
value describes how much the candidate population can be reduced 
while preserving the predefined target performers. This distinction has 
parallels in personnel-selection research, where the practical value of an 
assessment depends not only on its predictive validity, but also on the 
selection decisions it informs and the consequences of those decisions 
[14-16]. This deliberately controlled simulation design allows the ef
fects of predictive strength, information order and assessment re
quirements on screening outcomes to be isolated while other features of 
the decision process are held constant. The simulations therefore do not 
constitute a complete formal decision-theoretic model; utility or loss 
functions, risk preferences, reliability and formal uncertainty reduction 
are not independently modelled.

This perspective is particularly relevant to football academies 
because they must select relatively small numbers of players from much 
larger candidate pools. Early decisions may determine who warrants 
further observation or invitation to subsequent trials, whereas later 
decisions may determine academy entry, retention or release [17–21]. 
Staged selection itself is not unique to football, with talent detection, 
identification and selection representing related processes within 
broader sporting talent pathways [22,23]. For example, Bullock et al. 
[22] described a talent-identification programme in skeleton in which 
26 athletes identified initially from 30-m sprint performance were 
reduced to 10 following a selection camp and subsequently to four 
selected for World Cup competition. More recently, the multi-sport 
YouFor2032 programme provides a contemporary example of sequen
tial talent identification across 19 Olympic sport disciplines. The pro
gramme comprises seven phases from talent strategy and recruitment 
through talent detection, selection and confirmation to subsequent 
development and integration; following initial testing, shortlisted ath
letes can progress through selection into a 12-week talent-confirmation 
phase [23]. Such systems provide clear precedents for progressively 
evaluating and reducing candidate populations across successive stages, 
but also highlight an important distinction from the problem considered 
here. In many individual sports, later-stage assessment can increasingly 
approximate or directly measure the performance criterion that ulti
mately defines competitive success, such as time, speed or distance. 
Football provides no equivalent directly measurable individual crite
rion; instead, selectors must integrate multiple imperfect sources of in
formation that differ in both their relationships with match performance 
and the resources required to obtain them. The contribution of the 
present framework is therefore not just staged selection itself, but also an 

explicit examination of how information of different predictive 
strengths and assessment requirements can be used across those stages.

Evaluating the consequences of such selection decisions using 
observational data is difficult. Once a player is deselected from an 
academy or development pathway, their subsequent trajectory is often 
no longer observed, creating a fundamental missing-data problem: we 
rarely know what would have happened had that player been retained. 
Similar “selective label” problems occur across decision systems in 
which outcomes are observed primarily for individuals who survive 
earlier selection stages [24]. The present simulations do not model or 
correct selective-label bias; instead, they deliberately bypass this 
observational constraint by generating the underlying performance 
criterion for every individual. This provides a controlled environment in 
which predictor–criterion relationships, assessment order, selection 
stringency and resource requirements can be varied while the conse
quences of retaining or removing every candidate remain observable. 
The generated criterion is used retrospectively to evaluate how far a 
candidate population can be reduced while preserving predefined target 
performers; it is not information that practitioners would possess pro
spectively, nor should it be interpreted as future developmental poten
tial or eventual elite attainment. This simplification is a strength of 
simulation because it allows general properties of sequential screening 
to be isolated that may be difficult or impossible to identify from 
observational talent-identification data [25]. Simulation therefore pro
vides a way to take empirically estimated predictor–criterion relation
ships and ask a complementary question: given information of a 
particular predictive strength, how can that information most effectively 
be used within a sequential selection system?

The value of this distinction becomes apparent because early and late 
stages of a selection pathway represent different decision problems. 
Screening 1000 young players is fundamentally different from making a 
final decision among 20 highly selected candidates. Early in the 
pathway, even an imperfect predictor may have substantial value if it 
can reduce the number requiring further assessment while preserving 
the target performers. In the present simulations, this screening capacity 
is evaluated under a deliberately conservative zero-false-negative 
constraint: the poorest candidates in a task are removed only up to the 
point where the next removal would exclude a predefined target 
performer. Because the underlying performance criterion is known, this 
is a retrospective measure of screening capacity rather than a prospec
tive estimate of false-negative probability. The relevant question for an 
early-stage assessment is therefore not simply “how much performance 
variance does this measure explain?”, but “how much candidate 
reduction can information of this predictive strength support while 
preserving the target performers?” Later in the pathway, when candi
dates are more similar and the consequences of decisions become 
greater, additional and more discriminating information may be 
required.

Assessment resources provide a further reason why information may 
have different value at different stages. Talent-identification systems can 
initially consider hundreds or thousands of players, yet only a small 
proportion can receive intensive assessment, coaching and monitoring 
[2,3]. Controlled technical assessments such as dribbling and passing 
can provide relatively repeatable estimates from brief, standardised 
observations, whereas more contextually representative assessments 
such as 1v1 contests, small-sided games and match observations may 
require repeated observations across different opponents, teammates 
and contexts to obtain stable estimates of individual performance. Their 
relevant cost is therefore not simply the duration of a single trial or 
game, but the assessment effort required to obtain useful 
individual-level information. Rapid assessments may consequently be 
valuable when candidate pools are large, whereas more 
resource-intensive assessments can be concentrated on progressively 
smaller groups. Importantly, reliability itself is not independently par
ameterised in the present simulations; differences in the observation and 
replication required to obtain stable estimates provide the practical 
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rationale for the fixed assessment-time requirements used in Experiment 
3. The resulting question is not simply which assessment is the strongest 
predictor, but how predictive information should be balanced against 
the resources required to obtain it.

We therefore use simulation modelling to examine three funda
mental properties of sequential talent identification. First, how does 
predictive strength influence the screening value of an assessment? 
Experiment 1 tests how much candidate reduction is supported by 
different levels of predictor–criterion association while preserving pre
defined target performers. Second, does the order in which information 
is introduced influence screening efficiency? Experiment 2 tests whether 
stronger predictors provide greater screening value when introduced 
earlier in the pathway. Third, how should the information provided by 
an assessment be balanced against the resources required to obtain it? 
Experiment 3 compares sequential assessment, in which increasingly 
resource-intensive assessments are reserved for progressively smaller 
candidate groups, with comprehensive assessment in which every 
candidate completes every assessment. Together, these experiments test 
how predictive strength, information order and assessment resources 
influence the capacity of sequential screening to reduce candidate 
populations while preserving predefined target performers. Prediction 
and decision-making are therefore not competing approaches: infor
mative and appropriately validated predictors remain fundamental to 
effective selection. Rather, our central proposition is that predictive 
accuracy alone does not determine how information should be used 
within an efficient talent-identification system.

Methods

Simulation framework

Across all simulations, talent identification was modelled as a 
sequential decision problem rather than a single prediction task. The 
objective of each simulation was to evaluate how different sources of 
assessment information could be used to progressively reduce a candi
date population while preserving predefined target performers on the 
generated underlying performance criterion. Because this criterion was 
generated by the simulation, the performance ranking of every indi
vidual was known. This allowed us to identify the predefined target 
performers and then determine retrospectively how far screening based 
on imperfect assessment information could proceed before one of those 
performers would be removed. Such outcomes are typically difficult to 
quantify in real talent-identification systems because players who are 
deselected are often no longer monitored.

Three simulation experiments were developed to examine different 
properties of sequential screening. Experiment 1 examined how the 
predictive strength of an assessment influences its screening capacity. 
Experiment 2 examined whether screening efficiency depends on the 
order in which information of different predictive strengths is intro
duced, comparing strongest-to-weakest and weakest-to-strongest 
sequential strategies with simultaneous evaluation using all available 
information. Experiment 3 examined how the information provided by 
an assessment can be balanced against the resources required to obtain 
it, testing whether assessment effort could be reduced by reserving 
increasingly resource-intensive assessments for progressively smaller 
candidate groups.

Population sizes were selected for illustrative purposes. Experiments 
1 and 2 used populations of 100 players to make proportional changes in 
candidate retention directly interpretable, whereas Experiment 3 used 
1000 players to illustrate the resource consequences of sequential 
assessment within a large initial candidate pool. Candidate-pool size and 
selection stringency were treated as distinct properties. For example, 
retaining the top 10 of 100 candidates represents the same proportional 
selection target as retaining the top 100 of 1000, whereas retaining the 
top 10 of 1000 represents a substantially more stringent selection 
problem. We therefore examined sensitivity to selection stringency 

directly by varying the number of target performers retained in Exper
iments 2 and 3.

The simulations were designed as illustrative tests of general deci
sion principles rather than as representations of a specific academy se
lection system. Consequently, the parameter values define the scenarios 
examined rather than prescribing universal thresholds or assessment 
pathways for football talent identification.

Experiment 1: how does predictive strength affect the efficiency of early- 
stage screening?

The first simulation examined how strongly an assessment must 
relate to the underlying performance criterion before it becomes useful 
within an early-stage selection process. Rather than testing whether a 
measure could accurately identify the single best individual, we exam
ined whether imperfect assessment information could substantially 
reduce the number of candidates requiring further evaluation while 
preserving all predefined target performers.

A population of 100 players was generated with an observed player 
characteristic sampled from a standard normal distribution (mean = 0, 
SD = 1). This variable represented any measurable source of information 
that may contribute to player evaluation, such as technical skill, physical 
performance, or scouting assessments.

The generated underlying performance criterion was simulated as: 
Performance = Predictor + ε, where ε represents variation in the crite
rion not explained by the measured predictor. This unexplained varia
tion represents the combined influence of any factors affecting the 
performance criterion that are not captured by the assessment, including 
measurement error, tactical ability, psychological factors, develop
mental differences, environmental influences, and random variation.

The amount of unexplained variation was systematically manipu
lated by sampling ε from normal distributions with mean = 0 and 
standard deviations of 0.2, 0.6, 1.0, 1.4, 1.8, and 2.2, thereby producing 
progressively weaker predictor–criterion relationships.

For each predictive-strength condition, 5000 independent datasets 
were generated (total = 30,000 datasets; 3,000,000 simulated player 
observations). For each dataset, linear regression was used to quantify 
the predictor–criterion relationship using the coefficient of determina
tion (R²). Mean R² values were calculated across replicates.

To evaluate screening capacity, the 10 highest-ranked players on the 
generated underlying performance criterion were first defined as the 
target performers. All players were then ranked according to the 
measured predictor. Beginning with the lowest predictor-ranked player, 
candidates were removed sequentially until the next removal would 
eliminate one of the 10 target performers. The number of candidates 
remaining at this stopping point was recorded for each simulation.

Selection outcomes for each predictive-strength condition were 
summarised using the mean and median number of players retained, the 
corresponding mean proportion of the candidate population that could 
be removed, and the 2.5th and 97.5th percentiles of the number retained 
across simulations. These percentiles describe variation among indi
vidual simulated selection exercises rather than uncertainty around the 
estimated mean. Given the large number of simulation replicates, 
comparisons among predictive-strength conditions focused on the 
magnitude and distribution of selection outcomes rather than null- 
hypothesis significance tests.

This allowed us to determine whether information explaining only 
modest variation in the underlying performance criterion could still 
provide screening value by reducing the number of players requiring 
additional evaluation while preserving all predefined target performers. 
All simulations and analyses were conducted in R (version 4.3.2), with 
linear models fitted using the base lm() function and distributional 
summaries calculated across the 5000 replicates within each predictive- 
strength condition.
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Experiment 2: does the order of information acquisition influence selection 
efficiency?

The second simulation examined whether the order in which infor
mation is introduced influences the efficiency of sequential selection. 
Populations of 100 players were generated with three correlated pre
dictor variables (W, X and Y) and a generated underlying performance 
criterion (Z). Predictors were moderately intercorrelated (r = 0.40), 
while their relationships with Z differed in strength (W: r = 0.60; X: 
r = 0.50; Y: r = 0.40). These relationships were specified through a 
multivariate normal correlation structure. For each simulated popula
tion, target performers were defined according to their rank on Z before 
the assessment strategies were applied.

Three assessment strategies were compared. In the strongest-to- 
weakest sequential strategy, players were first ranked using W. Begin
ning with the lowest-ranked player, candidates were removed sequen
tially until the next removal would exclude a target performer. Predictor 
X was then introduced and the remaining players were reranked using 
the mean of W and X, after which the same removal procedure was 
repeated. Finally, Y was introduced and the remaining players were 
ranked using the mean of all three predictors, and the removal pro
cedure was repeated. The weakest-to-strongest sequential strategy fol
lowed the same procedure but introduced predictors in the reverse order 
(Y, X, W). Predictors were equally weighted as they accumulated within 
both sequential strategies so that the two strategies differed only in the 
order in which information became available.

The composite strategy represented simultaneous evaluation using 
all three predictors. To avoid deriving predictor weights from the same 
candidate population to which they were subsequently applied, com
posite weights were specified from the population correlation structure 
used to generate the simulations. Standardised multiple-regression co
efficients for predicting Z from W, X and Y were calculated from this 
known correlation matrix and fixed across all simulated candidate 
populations. The resulting relative weights were 0.533 for W, 0.333 for 
X and 0.133 for Y. Players were ranked according to this weighted 
composite score and removed sequentially from the lowest-ranked in
dividual upward until the next removal would exclude a target 
performer. This strategy therefore represented a fully informed com
parison in which all three sources of assessment information were 
available before any candidate was removed.

Selection stringency was varied by defining the target group as the 
top 10, top 5 or top 2 performers on Z. Each selection criterion was 
simulated independently 5000 times for each strategy. Selection effi
ciency was summarised as the mean and median number of players 
removed and retained, the corresponding proportion of the original 
candidate population removed, and the 2.5th–97.5th percentile range of 
outcomes across simulations. Differences between strategies were 
expressed directly as the additional number of candidates that could be 
removed while preserving all target performers and as the proportion of 
simulated candidate populations in which one strategy removed more 
players than another. Given the large number of simulation replicates, 
comparisons focused on the magnitude and distribution of these effects 
rather than null-hypothesis significance tests. All simulations were 
conducted in Python 3.11.

Experiment 3: should the strongest predictors of football performance 
always be prioritised?

The third simulation examined how the predictive information pro
vided by an assessment can be balanced against the resources required 
to obtain it. Specifically, we tested whether a sequential assessment 
pathway could reduce assessment requirements by reserving increas
ingly resource-intensive sources of information for progressively smaller 
candidate groups while preserving predefined target performers. A 
population of 1000 players was generated with four correlated assess
ment variables representing dribbling, passing, 1v1 performance and 

small-sided game (SSG) performance, together with a generated un
derlying performance criterion.

Assessment variables were moderately intercorrelated (r = 0.40). 
Their relationships with the underlying performance criterion were 
parameterised to represent progressively stronger predictive informa
tion across the assessment pathway. Dribbling and passing each 
explained 36% of the variation in the underlying performance criterion, 
1v1 performance explained 50%, and SSG performance explained 64%. 
These values were selected as illustrative football-relevant parameters 
informed by previous empirical work [9,26,27] and should therefore be 
interpreted as defining the simulated scenario rather than as universal 
properties of these assessment types. For each simulated population, 
target performers were defined according to their rank on the generated 
underlying performance criterion before either assessment strategy was 
applied.

Two assessment strategies were compared. Under the sequential 
strategy, all players first completed the dribbling assessment. Players 
were ranked and removed sequentially from the bottom of the ranking 
until the next removal would exclude a target performer. The remaining 
players then completed the passing assessment and were reranked ac
cording to their mean performance across dribbling and passing, after 
which the same removal procedure was repeated. Remaining players 
subsequently completed the 1v1 assessment and were reranked ac
cording to their mean performance across the three available assess
ments, and the removal procedure was repeated. Finally, the remaining 
group completed the SSG assessment and was ranked using the mean of 
all four assessments. Assessments were equally weighted as information 
accumulated across stages so that candidate reduction at each stage was 
based on all assessment information available at that point in the 
pathway.

The composite strategy represented simultaneous evaluation in 
which all 1000 players completed all four assessments before any can
didates were removed. To avoid deriving predictor weights from the 
same candidate population to which they were subsequently applied, 
composite weights were specified from the population correlation 
structure used to generate the simulations. Standardised multiple- 
regression coefficients for predicting the underlying performance crite
rion from the four assessments were calculated from this known corre
lation matrix and fixed across all simulated candidate populations. The 
resulting relative weights were 0.146 for dribbling, 0.146 for passing, 
0.291 for 1v1 performance and 0.417 for SSG performance. Players were 
ranked according to this weighted composite score and removed 
sequentially from the lowest-ranked individual upward until the next 
removal would exclude a target performer. The composite strategy 
therefore represented a fully informed comparison in which information 
from all four assessments was available before selection.

Selection stringency was varied by defining target performers as the 
top 20, top 10 or top five players according to the generated underlying 
performance criterion, corresponding to the highest-performing 2%, 1% 
and 0.5% of the initial candidate population, respectively. Each selec
tion criterion was simulated independently 5000 times.

Assessment resource requirements

The resource requirements assigned to assessments in Experiment 3 
represented the assessment effort required to obtain a sufficiently stable 
estimate of individual performance, rather than simply the duration of a 
single trial or game. This distinction is important because football as
sessments differ substantially in the amount of replication required to 
estimate individual performance consistently. Highly standardised 
physical and technical tests minimise contextual variation, such that 
performance is determined primarily by the focal player and relatively 
stable estimates can be obtained from a small number of repeated trials. 
As assessments become increasingly representative of football, however, 
observed performance becomes progressively dependent on interactions 
with opponents, teammates and the changing game context [28]. A 
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single 1v1 contest therefore reflects the performance of both players, 
while performance in a small-sided game is additionally influenced by 
multiple teammates and opponents [26]. Estimating an individual 
player's typical performance consequently requires repeated observa
tions across varied opponents and team compositions so that these 
contextual influences can be averaged across observations. Empirical 
work using the assessment framework that motivated the present sim
ulations illustrates this difference: controlled sprint and dribbling per
formance can be estimated from two or three trials per player [9,29]
whereas representative assessments require repeated contests against 
multiple different opponents in 1v1 [26], and repeated small-sided 
games with systematically varied team compositions to obtain stable 
player-level estimates [30]. These empirical differences provide the 
practical basis for the assessment-resource requirements used in 
Experiment 3; reliability itself, and the relationship between additional 
replication and measurement precision, were not independently 
modelled.

Assessment costs were parameterised using illustrative estimates 
from these published studies based on the assessment protocols repre
sented in the simulation. With six assessors available, dribbling required 
two minutes per player (total of 20 min for 60 players) and passing five 
minutes per player (total of 50 mins for 60 players) when players are 
distributed equally among assessors. The 1v1 assessment required two 
hours per 50 players with six assessors, while the repeated SSG assess
ment required three hours per 40 players using six assessors. These 
values therefore represent the estimated assessment effort required to 
obtain an individual-level performance estimate under each protocol, 
incorporating the practical requirements for replication, randomisation, 
observation and scoring.

For the sequential strategy, total assessment time was calculated 
from the number of players entering each stage of the pathway. Under 
the composite strategy, all 1000 players completed every assessment. 

Selection efficiency was summarised using the mean and median num
ber of players retained, the 2.5th–97.5th percentile range of outcomes 
across simulations, total assessment time, hours saved relative to 
simultaneous assessment, and the proportional reduction in assessment 
time. Given the large number of simulation replicates, comparisons 
focused on the magnitude and distribution of differences between stra
tegies rather than null-hypothesis significance tests.

All simulations and analyses were conducted in Python 3.11.

Results

Experiment 1: how does predictive strength affect the efficiency of early- 
stage screening?

Decreasing predictive strength progressively reduced the ability of a 
single assessment to eliminate candidates while preserving all target 
performers (Fig. 1). When unexplained variation was low (SD = 0.2; 
mean R² = 0.961), only 14.0 of the original 100 players needed to be 
retained on average to preserve all 10 target performers, corresponding 
to an 86.0% reduction in the candidate pool. At SD = 0.6 (R² = 0.734), 
30.6 players were retained, representing a 69.4% reduction.

Importantly, substantial screening efficiency remained at moderate 
predictive strength. At SD = 1.0, the assessment explained approxi
mately half of the variation in the underlying performance criterion (R² 
= 0.50), yet only 48.4 players needed to be retained on average. Thus, 
an assessment with substantial unexplained variation could still reduce 
the candidate population by 51.6% while retaining all 10 predefined 
target performers.

Screening efficiency declined progressively as predictive strength 
weakened (Fig. 1). At R² = 0.340, 61.4 players were retained (38.6% 
reduction), increasing to 69.7 players at R² = 0.239 (30.3% reduction) 
and 74.1 players at R² = 0.177 (26.0% reduction). Across the simulated 

Fig. 1. Relationship between the simulated predictor and generated underlying performance criterion under six levels of added normally distributed variation (SD =
0.2, 0.6, 1.0, 1.4, 1.8 and 2.2). Vertical lines indicate the mean predictor cut-off for candidate removal while preserving all 10 predefined target performers. Shaded 
regions represent the standard deviation of the cut-off value.
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range, therefore, reducing predictive strength from R² = 0.961–0.177 
increased the average number of candidates requiring further assess
ment from 14.0 to 74.1.

Although these mean effects were estimated precisely across 5000 
replicates, outcomes varied among individual simulated selection ex
ercises, particularly at intermediate predictive strengths. For example, 
at R² ≈ 0.50, the median number retained was 47 players, while 95% of 
simulations required between 22 and 82 players to be retained. This 
variation describes differences in screening outcomes among individual 
simulated candidate populations when an imperfect predictor is applied, 
rather than uncertainty around the estimated mean effect.

Experiment 2: does the order of information acquisition influence selection 
efficiency?

Selection efficiency differed substantially among assessment strate
gies and depended on the order in which information was introduced 
(Fig. 2). When the objective was to preserve the top 10 performers, the 
strongest-to-weakest sequential strategy removed an average of 57.8 of 
the original 100 players, compared with 49.9 players using the weakest- 
to-strongest strategy and 47.2 players using the composite strategy 
(Fig. 3). Thus, beginning with the strongest predictor allowed an addi
tional 10.6 players per 100 candidates to be removed relative to eval
uating all predictors simultaneously using the composite score.

The same pattern was evident under more stringent selection criteria 
(Fig. 3). When preserving the top five performers, the strongest-to- 
weakest strategy removed an average of 75.1 players, compared with 
67.8 using the weakest-to-strongest strategy and 65.4 using the com
posite strategy. When preserving only the top two performers, the cor
responding values were 88.7, 84.3 and 81.8 players, respectively. The 
advantage of strongest-to-weakest sequential assessment over the com
posite strategy therefore corresponded to an additional 10.6, 9.7 and 6.8 
players removed per 100 candidates when preserving the top 10, five 
and two performers, respectively.

The advantage of beginning with the strongest predictor was also 
highly consistent among simulated candidate populations. The 
strongest-to-weakest strategy removed more players than the composite 
strategy in 96.5% of simulations when preserving the top 10 performers, 
95.8% when preserving the top five, and 90.0% when preserving the top 
two. By comparison, the weakest-to-strongest strategy produced only a 
small average advantage over the composite strategy, removing 
approximately 2–3 additional players per 100 candidates across the 
three selection criteria.

Across all strategies, the number of candidates that could be removed 
increased as the target group became more selective (Fig. 3). The 
consistent advantage of the strongest-to-weakest sequence indicates that 
sequential screening efficiency depended not simply on collecting 

information in stages, but on when the most informative assessment 
entered the process. Introducing stronger information early allowed 
larger reductions in the candidate pool before subsequent assessments 
were required.

Experiment 3: should the strongest predictors of football performance 
always be prioritised?

Sequential assessment substantially reduced the resources required 
to preserve all target performers, although the fully informed composite 
strategy produced somewhat greater final discrimination among can
didates (Fig. 4). Assessing all 1000 players using all four assessments 
required 134.4 h with six assessors. When preserving the top 20 per
formers, the sequential pathway required an average of only 39.9 h, 
saving 94.5 h and reducing total assessment time by 70.3% (Fig. 5).

The resource advantage increased as the selection objective became 
more stringent. Preserving the top 10 performers required an average of 
26.7 h under sequential assessment, representing a saving of 107.7 h or 
80.1% relative to assessing every player using all four assessments. 
When preserving the top five performers, sequential assessment 
required only 17.4 h, saving 117.0 h and reducing assessment time by 
87.0%. Across the three selection criteria, sequential assessment there
fore required an average of 28.0 h compared with 134.4 h for simulta
neous assessment, corresponding to an average reduction in assessment 
effort of 79.2%.

This reduction in assessment effort involved a trade-off in the num
ber of players retained at the end of the selection process (Fig. 5). When 
preserving the top 20 performers, the sequential strategy retained an 
average of 94.7 players, compared with 76.8 under the composite 
strategy. Corresponding values were 47.8 versus 38.3 players when 
preserving the top 10 performers and 22.4 versus 18.5 players when 
preserving the top five. Thus, collecting all four sources of information 
from every candidate produced somewhat greater final discrimination, 
whereas sequential assessment retained a larger final candidate group in 
exchange for substantially lower assessment requirements.

Discussion

Talent-identification research has generated a substantial body of 
evidence concerning the ability of different assessments to predict 
football performance and subsequent attainment. In this study, we asked 
a complementary question: how can information of different predictive 
strengths be used most effectively within a staged selection process? 
Using simulation models, we show that the screening value of assess
ment information depends not only on its predictive strength, but also 
on when that information is introduced and the resources required to 
obtain it. Across three experiments, we show that: (1) assessments 

Fig. 2. Example relationships between (A) W, (B) W + X and (C) W + X + Y and the generated underlying performance criterion (Z) for a single simulated pop
ulation of 100 individuals. Individuals ranked 1–2 on Z are shown in red, ranks 3–5 in blue and ranks 6–10 in orange; all remaining individuals are shown in black. 
Solid lines indicate linear regression lines of best fit.
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Fig. 3. Mean number of individuals removed at each stage of sequential assessment under strongest-to-weakest and weakest-to-strongest predictor ordering. Panels 
A–C represent selection criteria requiring preservation of the top 10, top 5 and top 2 target performers on the generated underlying performance criterion (Z), 
respectively. The regression-weighted composite approach is shown as a single-stage comparison because all predictor information is combined before selection. 
Candidate removal proceeded only while all predefined target performers were preserved.
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explaining only moderate variation in the underlying performance cri
terion can still provide substantial screening value, (2) screening effi
ciency depends on the order in which information is introduced, with 
stronger information providing greater value when introduced earlier 
when assessment costs are equivalent, and (3) sequential assessment can 
substantially reduce resource requirements by using the most resource- 
intensive assessments on progressively smaller candidate groups.

A major implication of this framework is that assessments should not 
be evaluated only by how much variation in performance they explain. 
Measures with modest predictor–criterion relationships may have 
limited ability to discriminate accurately among the highest-performing 
individuals but may still provide useful information for an earlier 
screening decision. In a sequential selection pathway, early-stage as
sessments can be used to reduce large player populations while preser
ving predefined target performers under the imposed zero-false-negative 
constraint. Experiment 1 demonstrated this principle by showing that 
even measures explaining only moderate variation in the underlying 
performance criterion could substantially reduce candidate numbers 
while retaining all target performers. A simple technical or physical 
assessment may therefore contribute substantial screening value even 
when much of the variation in the performance criterion remains un
explained. The critical question for such an assessment is not whether it 
predicts performance perfectly, but how much candidate reduction its 
predictive strength can support at that stage of the pathway.

The second major implication is that screening value depends on 

Fig. 4. Example relationships between (A) dribbling, (B) dribbling + passing, (C) dribbling + passing + 1v1 and (D) dribbling + passing + 1v1 + SSG assessment 
information and the generated underlying performance criterion for a single simulated population of 1000 individuals. Individuals ranked 1–2 on the underlying 
performance criterion are shown in red, ranks 3–5 in blue and ranks 6–10 in orange; all remaining individuals are shown in black. Solid lines indicate linear 
regression lines of best fit.

Fig. 5. Mean number of individuals remaining after each stage of sequential 
assessment under three selection stringencies requiring preservation of the top 
20, top 10 or top 5 performers on the generated underlying performance cri
terion. Sequential assessment progressively incorporated dribbling, passing, 
1v1 and small-sided-game (SSG) information. The regression-weighted com
posite approach represents the mean number retained when all four assess
ments were administered to all 1000 candidates before selection.
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when information is introduced, while its practical value also depends 
on the resources required to obtain it. Experiment 2 demonstrated that, 
when assessment costs were equivalent, introducing the strongest pre
dictor first consistently produced greater screening efficiency than 
either introducing information in the reverse order or evaluating all 
predictors simultaneously. This advantage was substantial and highly 
consistent across simulated candidate populations, showing that 
screening value depends not only on predictive strength but also on 
when information enters the decision process. Experiment 3 extended 
this principle by incorporating differences in assessment effort. 
Sequential assessment reduced total assessment requirements by 
70–87%, depending on selection stringency, by restricting increasingly 
resource-intensive assessments to progressively smaller candidate 
groups. Importantly, this efficiency involved a trade-off. Comprehensive 
assessment of every player produced somewhat greater final discrimi
nation, whereas sequential assessment retained modestly larger final 
candidate groups at substantially lower resource cost. The advantage of 
sequential assessment therefore does not arise because it creates more 
information, but because it allocates assessment effort more selectively. 
The appropriate strategy consequently depends on the objectives and 
constraints of the system: when resources are limited, retaining a 
somewhat larger candidate group at an early stage may allow substan
tially greater assessment effort to be concentrated on the candidates for 
whom subsequent decisions are most difficult (Fig. 6).

The numerical outcomes of these simulations should not be inter
preted as prescribing a universal selection pathway for football acade
mies. The 70–87% reduction in assessment effort observed in 
Experiment 3 is conditional on the predictor strengths and assessment- 
resource requirements represented in that simulation and should not 
be interpreted as a universal estimate of the savings produced by 
sequential assessment. The optimal sequence will necessarily depend on 
the characteristics of a particular system, including the size of the 
candidate population, the predictive information provided by available 
assessments, the stability of the resulting performance estimates, and the 
resources required to obtain them. Future applications could addition
ally incorporate the relative consequences assigned to different selection 
errors. The practical contribution of the framework is therefore not a 
fixed ordering of assessments or set of selection thresholds, but a means 
of making these trade-offs explicit. Empirical estimates from a particular 
academy or development system could be incorporated within the same 
framework to identify context-specific assessment pathways and test 
whether sequential allocation improves decision efficiency in practice.

A limitation of the present study is that the simulations were 
designed to test general principles of selection rather than reproduce the 
full complexity of football development. Real talent pathways involve 
changing motivation, coaching quality, injury, psychological develop
ment, environmental influences and differences in opportunity that 
cannot be fully captured within a simulation model. However, this 
simplification is also a strength of the approach because it allows specific 
mechanisms to be isolated under conditions where the underlying per
formance criterion is known and the consequences of alternative 
screening decisions can be observed directly—something rarely possible 
using observational academy datasets. Future studies should therefore 
extend this framework using longitudinal player data to examine how 
sequential decision models perform within applied talent-development 
environments. The simulations also assume relatively simple linear re
lationships between assessment information and the underlying per
formance criterion. Relationships within applied talent-identification 
systems may instead be nonlinear, threshold-dependent or change 
across development, which could alter the quantitative relationship 
between assessment information and screening efficiency. Future ex
tensions should therefore examine whether the same sequential decision 
principles hold under alternative functional relationships and develop
mentally changing predictor structures. In addition, predictor in
tercorrelations were fixed at r = 0.40 in Experiments 2 and 3 to provide 
a common moderate correlation structure. The incremental value of 
adding information will necessarily depend on the degree of redundancy 
among assessments, with highly correlated measures expected to pro
vide less additional information than more independent measures. 
Future applications should therefore examine alternative correlation 
structures and, where possible, parameterise these relationships using 
empirical correlations from the assessment system being evaluated.

An important consideration for any talent-identification system is 
that selection decisions can reproduce or amplify existing structural 
inequalities in access to development opportunities. Differences in so
cioeconomic circumstances, geography, access to coaching and facil
ities, competition opportunities and other structural factors can 
influence both the performance information available to selectors and 
the opportunities subsequently provided to athletes [23,31–33]. Recent 
evidence from a large multi-sport talent-identification programme pro
vides a particularly clear example: even among athletes who met pre
defined selection criteria, regional athletes were less likely to receive 
offers than metropolitan athletes and faced systematically higher 
empirical selection thresholds [23]. These concerns apply to 

Fig. 6. Conceptual model of sequential talent identification as progressive information acquisition and candidate reduction under resource constraints.
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talent-identification systems generally, but are especially important 
whenever early selection decisions determine access to subsequent 
assessment, coaching and development. Predictive validity alone should 
therefore not be considered sufficient justification for an early screening 
measure, and any staged selection system requires explicit safeguards 
against systematic disadvantage. These should include monitoring 
stage-specific retention patterns across relevant socioeconomic, 
geographic or opportunity groups, examining whether predictor–crite
rion relationships and decision thresholds operate similarly across 
groups, and providing additional observation or formal opportunities for 
re-entry where appropriate.

An important advantage of making these processes explicit within a 
sequential framework is that such safeguards can themselves become 
measurable components of the selection system. Because predictors, 
thresholds and deselection decisions are explicitly defined, the frame
work can identify where differential retention occurs, quantify its 
magnitude and test whether alternative thresholds, assessment weight
ing, additional observation or other interventions reduce those in
equalities. The same outcomes can then be monitored in subsequent 
cohorts to determine whether changes to the selection system have 
actually reduced the identified disparities. Transparency does not itself 
ensure equitable outcomes, but it provides a mechanism through which 
equity can be explicitly evaluated, audited and improved rather than 
assumed. Equity should therefore be evaluated alongside screening ef
ficiency when implementing the framework.

Youth football provides a clear example of another source of sys
tematic bias because players are typically grouped into annual age co
horts despite substantial differences in chronological age, biological 
maturation and physical development. Relative age effects and matu
ration biases are well documented, with older and earlier-maturing 
players more likely to enter elite development pathways, despite these 
advantages not necessarily reflecting greater long-term potential [19, 
34–37]. Although these developmental processes are not represented in 
the present simulations, the broader sequential framework provides a 
structure within which such biases could be examined in future models. 
From a sequential decision perspective, these biases are particularly 
important because errors made early in the pathway may permanently 
remove individuals before later-developing attributes can be expressed 
or recognised. For example, a physically immature player excluded 
during an initial screening stage may never reach later stages where 
technical ability, learning capacity or tactical understanding could be 
recognised.

The explicit structure of a sequential framework also provides op
portunities to examine potential responses to these developmental bia
ses. Rather than only determining whether age or maturation bias exists, 
future simulations could test how age-adjusted, maturity-adjusted or 
developmentally informed measures influence selection outcomes. An 
important challenge, however, is determining what should be adjusted. 
Age- and maturation-related advantages are commonly quantified for 
individual physical or technical characteristics, yet adjustment of these 
measures may not adequately represent their effects on competitive 
performance in team sports. A more direct approach would be to 
quantify how chronological age, biological maturation and body size 
influence performance within representative competitive tasks and use 
these relationships to inform developmental corrections. Estimating 
these effects is more difficult because competitive performance is rela
tional: the observed performance of a focal player depends not only on 
their own characteristics, but also on those of their opponents and, in 
more complex game formats, their teammates. Developing methods that 
separate these interacting effects could therefore provide more appro
priate developmental adjustments for sequential screening than cor
recting isolated physical attributes alone. Although approaches such as 
bio-banding attempt to reduce developmental differences, they are 
often applied after initial selection has already occurred. Incorporating 
developmentally informed corrections directly into early-stage 
screening decisions may therefore provide a way to reduce 

developmental false-negative errors and improve the retention of 
players whose performance develops later. More broadly, monitoring 
and re-entry could themselves be incorporated as additional stages 
within a sequential decision framework, allowing previously excluded 
players to re-enter a selection pathway as new information about their 
development becomes available. Future simulations could therefore 
examine how developmental corrections, monitoring frequency and re- 
entry opportunities alter the trade-off between screening efficiency and 
developmental false-negative decisions.

In conclusion, improving talent identification may require greater 
attention not only to developing and validating predictors, but to how 
predictive information is used within selection systems. The present 
simulations show that assessment information can be evaluated not only 
by its association with an underlying performance criterion, but by the 
candidate reduction it supports while preserving predefined target 
performers, when that information is introduced, and the assessment 
resources required to obtain it. By providing a controlled environment in 
which the underlying criterion is known for every individual, simulation 
allows these properties of sequential screening to be isolated and tested 
in ways that are difficult using observational talent-identification data. 
This framework therefore provides a bridge between the extensive 
empirical literature on predictive validity and the practical problem of 
deciding how that information should be sequenced and used within 
staged selection pathways.
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