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About this series

This is the fourth of seven papers examining how
artificial intelligence can be used responsibly in
performance sport. Each paper stands alone. Together
they set out a single argument, which is that the durable
advantage in sport comes from better decisions rather
than from more data, and that better decisions require
systems designed around the person who is accountable
for them.

This paper concerns children. That changes what may be
built, what may be recorded and who decides, and the
difference runs through every chapter rather than sitting
in a compliance appendix at the back.

Editorial balance. Roughly seven parts in ten of this
document is evidence and sector analysis, two parts in
ten is original framework, and one part in ten concerns
the Athleet.Al platform itself.

ILLUSTRATIVE MATERIAL CITATION

Every club, player, scout and scenario
in this paper is invented. Cases are
marked illustrative scenario wherever
they appear. Published research and
official statistics are cited and
numbered; invented material is never
presented as evidence.

Forrest, P. (2025). Casting the Net Wider:
Al as a Force Multiplier for Talent
Discovery, Development and Retention in
Grassroots and Academy Football.
Athleet.AI Performance Intelligence
Whitepaper Series, Paper Four. Version
1.0, October 2025.

HOW TO READ THE EVIDENCE TAGS

Every substantive claim carries a tag stating what kind of
evidence supports it.

PEER-REVIEWED A primary study in a peer-reviewed
journal.

REVIEW A systematic review or meta-analysis.

CONSENSUS A consensus statement, governing-body
position or regulator guidance.

SURVEY A national survey, official statistic or
methodological commentary.

PRACTICE Practitioner opinion, including the author's
own.

ATHLEET.AI The author's own framework, proposed
rather than proven.

Where a figure could not be traced to a primary source it
has been left out rather than estimated.

Legal, regulatory and safeguarding notice. Chapter 10 describes data protection law, regulator guidance and safeguarding
standards. Nothing in this document constitutes legal advice. The provision of legal advice sits outside the terms of any engagement
with the author or with Athleet.Al, and the material is presented to support discussion and further review by qualified advisers.

Nothing here replaces a club's obligations under its governing body's safeguarding policy, or the judgement of a designated
safeguarding officer. Where this paper draws a practical implication that a source does not itself state, the text says so.
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A NOTE FROM THE AUTHOR

The players nobody watched twice

Football believes it has the widest talent net in world sport. It watches more chil-
dren, in more countries, more often, than any other game. The evidence
assembled in this paper suggests something less comfortable, which is that the
net is wide and it is also full of holes cut in a very particular shape.

Birth month cuts one. Biological maturity cuts a much bigger one. Where a child
lives cuts another, and so does what a family can afford in petrol and Saturday
mornings. None of these holes has anything to do with foothall ability, and all of
them operate before anybody has watched a player for a second time.

I have spent my working life on how organisations turn what they know into what
they do, and I coach in a different sport at a very different level, which is where
the parallel becomes uncomfortable. Every coach I know can name a child they
stopped seeing at 13 who they suspect would have been worth watching at 16.
Nobody can check, because nothing was written down.

That is the gap this paper addresses. It argues that artificial intelligence can
widen the net by helping people observe more, remember better and look again,
and it argues at some length that anything which scores, ranks or predicts a child
should be refused outright. The second argument is not a caveat attached to the
first. It is half the paper.



TWO PAGES THAT CIRCULATE ON THEIR OWN

Executive summary

Football's talent problem is not finding the best player in Saturday's match.
It is that the system for recognising potential is narrow, biased in ways it
can name, and almost entirely without memory. Players are seen once,
judged against children who are a year older or a year further into puberty,
and then either signed or forgotten, with no record surviving either
decision.

This paper argues that the honest opportunity is capacity and memory
rather than prediction. A system can help people observe more players,
record what they saw in a usable form, hold the context that makes a com-
parison fair, and prompt somebody to look again. It argues equally firmly
that no model should rank a child, score their potential, or be trained on a
club's own past selections, because such a model learns the club's history

rather than the game.

1

Early success predicts remarkably little. Across 189 study
samples, 89.2 per cent of internationally ranked under-17 and
under-18 athletes never reach international level as seniors.
Junior performance explains around 2.2 per cent of the
variance in senior performance.

3

Birth month remains a powerful filter that washes out later.
Players born in the first quarter made up 43 to 46 per cent of
European national youth squads against 9 to 18 per cent born
in the last, and yet early-born professionals are no better
valued in the transfer market.

5

Selection often rewards physical maturity rather than
football. In a four-year study of Dutch players aged eight to 12,
sprint speed over 30 metres was the strongest single predictor
of academy selection.

2

Maturity bias is larger than the relative age effect and grows
with age. Across 12 academies and 1,011 players, maturity
selection bias reached a very large effect by under-18. In one
national pathway, no late-maturing player appeared in the
under-15 or under-16 international squads at all.

4

Scouts watching the same children do not agree. \When 83
scouts rated the same 24 under-11 players, inter-rater
reliability coefficients ran between 0.02 and 0.09. Scouts also
report believing they can judge adult potential from around the
age of 13 and a half.

6

The Al research in this area is not ready to be sold. No
systematic review of machine learning applied to talent
identification in football had been published when this paper
was written. The nearest critical review, covering Al across
athlete identification, selection and development, concludes
that the scope and the usefulness of these methods remain
relatively unknown.

What follows for a club, an academy or an association

The recommendation is cheaper and slower than the technology allows.
Record observations properly, with the date, the observer and the context.
Record birth month and maturity band alongside every judgement so that a
comparison can be made fair. Keep the record when a player is not taken,
and build a routine that looks at it again. None of this requires a model and
all of it removes bias that is currently invisible.



What should be refused is narrower and firmer. No score attached to a child.
No ranking. No prediction of adult potential. No system that communicates
with a child without an adult in the loop. Data protection law asks for an
impact assessment before deploying anything that profiles children, for
human decision-making rather than a human rubber stamp, and for a con-
tract that establishes whether a supplier trains its own models on club or
player data.

None of that is expensive, which is the part that tends to disappoint. The
changes that would widen the net most are administrative rather than tech-
nical, and a club can make the first of them on a Tuesday evening with a
phone and a shared record. What a system adds is consistency, reach and
recall, and it adds those only once somebody has decided what is worth
writing down.

Chapter 14 proposes a regional pilot across an academy and a network of
community clubs, with an independent evaluation partner and measures
on players observed, follow-up rate, diversity of the observed pool, and re-
entry. The evidence base for Al in talent identification is currently too thin
to support anything else, and a pilot of that shape is the only way I know of
to make the case rather than assert it.

A reader who wants the argument without the product can stop at
Chapter 13. Chapters 1 to 5 set out what the pathway actually selects for,
chapters 6 to 9 what a system can honestly do about it, and chapters 10 to 13
what it must be prevented from doing.



PART ONE

A narrower net than football believes

Four chapters on who actually gets seen, what the judgement is
worth, and why the honest opportunity is memory rather than
prediction.



CHAPTER ONE

Why the existing net is narrower than

football assumes

Football watches an enormous number of children and remembers almost

none of them. Those two facts together define the problem.

The scale of English football alone is remarkable. Figures attributed to the Foot-
ball Association and reported in a parliamentary library briefing put participa-
tion at 15.7 million people, supported by more than a million volunteers across
roughly 18,000 accredited clubs.’® survey The underlying report could not be
located during the preparation of this paper, so those numbers are cited at one
remove and should be read as an order of magnitude. Even discounted, they
describe a recruitment pool no other sport in the country can approach.

Against that pool sits a filtering process that is short, local and unrecorded. A
scout watches a fixture. An impression forms. A player is invited or is not, and in
the second case nothing at all persists. The child returns to community football
carrying a judgement that nobody wrote down and that nobody will revisit, and
the club retains no record that it ever saw them.

The consequence is that football is unable to learn from its own decisions. A club
cannot ask which of the players it declined went on to succeed elsewhere, because
it does not know who it declined. It cannot ask whether its scouts are systematic-
ally missing a particular kind of player, because it holds no data on the players
they passed over. Every season the process starts again from nothing.

1.1 What early success is actually worth

HOW LITTLE A GOOD UNDER-17 TELLS YOU

THE CORE CLAIM

The opportunity in talent discovery
is capacity and memory. It is not
prediction, and the published
evidence on prediction is unusually
clear about why.

of international-level
under-17 and under-18
players go on to reach
international level as
seniors. Put the other
way, 89.2 per cent do not.
Each square is roughly
half a per cent.

of the reliable variance in senior performance is
explained by junior performance, pooled across 129
effect sizes and 13,392 athletes.

The profile that wins as a junior is often the opposite
of the one that wins as a senior. Adult world-class

athletes tend to have specialised later and
progressed more slowly.

GULLICH AND COLLEAGUES, 2023, SYNTHESISING 189 STUDY SAMPLES BARTH AND COLLEAGUES, 2024 AND 2022

FIGURE 1 The junior-to-senior transition, as the evidence describes it. Each square is roughly half a per cent.

Glllich and colleagues, 2023; Barth and colleagues, 2024 and 2022. REVIEW

A synthesis of 189 study samples found that around 89.2 per cent of international-
level under-17 and under-18 athletes never reach international level as seniors,
meaning successful juniors and successful seniors are largely disjoint popula-
tions.!'® REVIEW A meta-analysis of 129 effect sizes across 13,392 athletes found
junior performance explained about 2.2 per cent of the reliable variance in senior
performance.’> REVIEW A third synthesis of 71 studies covering 9,241 athletes



found that adult world-class athletes typically specialised later and progressed
more slowly than those who peaked as juniors.}” REVIEW

Those three findings are drawn across Olympic sports rather than football alone,
and a football-specific effect could differ. They are nonetheless the most methodo-
logically robust evidence available, and they point the same way. The profile that
wins at 16 is frequently the opposite of the profile that succeeds at 26.

THE ARGUMENT IN ONE PARAGRAPH

Football should stop trying to identify who will be good and start making sure it can still find them later.
That means observing more players, recording the context that makes a comparison fair, keeping the
record of the ones not taken, and building a routine that looks again. None of it requires a prediction, and
all of it is within reach of clubs that own nothing more sophisticated than a shared spreadsheet today.

CHAPTER TWO

The pathway's hidden filters

Five filters operate before anybody has watched a player twice, and not one of
them measures football.

THE PATHWAY'S HIDDEN FILTERS

Birth month Q1-born players made up 43 to 46 per cent of European national youth squads, against 9 to 18 per cent born in Q4.
HELSEN AND COLLEAGUES, 2005

Biological maturity In one national pathway, no late-maturing player appeared in the under-15 or under-16 international squads at all.
SWEENEY AND COLLEAGUES, 2023

Maturity, again Across 12 academies and 1,011 players, maturity selection bias grew with age and reached a very large effect by under-18.
CURNYN AND COLLEAGUES, 2025

What is measured Sprint speed over 30 metres was the strongest single predictor of academy selection between the ages of nine and 12.
Who is doing the looking Eighty-three scouts rating the same 24 under-11 players agreed with one another almost not at all.

LUDIN AND COLLEAGUES, 2023

None of these filters is about football ability, and all of them operate before anybody has watched a player twice.

FIGURE 2 Five documented filters in the talent pathway, none of which is a measure of football ability.

References 1, 5,6,18and 31. PEER-REVIEWED

2.1 Birth month, and why it fades

The relative age effect is the best-known filter and the least serious of the two age-
related ones. Analysis across European youth football found players born in the
first quarter of the selection year making up 43 to 46 per cent of national youth
squads against 9 to 18 per cent born in the last quarter.! PEER-REVIEWED A meta-
analysis of 38 studies across 14 sports and 16 countries confirmed the effect as



consistent and generally small to moderate, strongest among adolescent males at
representative level.? REVIEW

Two later findings complicate the picture usefully. An analysis of English
under-18, under-21 and senior squads found significant bias toward relatively
older players persisting through the youth ages and no significant skew at senior
level.# PEEr-REVIEWED A large study of European professionals found early-born
players over-represented and no better valued in the transfer market.?

PEER-REVIEWED The effect is therefore a selection bias rather than a performance
advantage, and it washes out by adulthood, which is to say after most of the
damage is done.

There is a corollary that deserves more attention than it gets. An 11-season study
at one English academy found that relatively younger entrants who survived
selection progressed to professional contracts at a markedly higher rate than the
relatively older ones.®> PEER-REVIEWED That is a single-club sample and should not
be generalised. If it holds more widely, the players a club works hardest to
identify are precisely the ones it currently filters out.

2.2 Maturity, which is the bigger problem

Biological maturity is the filter clubs discuss least and should discuss most.
Across 12 academies and 1,011 players, one study found a small-to-moderate relat-
ive age effect alongside a much larger maturity selection bhias that grew with age,
reaching a very large effect by under-18.5 PEER-REVIEWED In a national talent path-
way of 159 players, the maturity bias was moderate to very large and increased
with age, with no late-maturing player appearing in the under-15 or under-16
international squads.® PEER-REVIEWED

Both studies are cross-sectional and neither follows players into adulthood, so
they document who gets selected rather than who succeeds. What makes the find-
ing serious is that the bias grows through exactly the years in which academies
commit resources, which means the sport is progressively concentrating
investment on the children who happened to grow first.

Maturity-matched competition has been trialled as a response. In a maturity-
banded tournament involving 115 academy players, earlier maturers reported
greater physical and technical challenge, and later maturers reported more
opportunity to show technical and tactical ability.'® PEER-REVIEWED That is
perception data from one tournament, so it establishes that the format changes
the experience rather than that it changes outcomes.

2.3 Where a child lives, and what a family can afford

A systematic review of the birthplace effect in football confirms that players from
smaller cities are over-represented among professionals, with population density
and proximity to talent centres rather than facility quality appearing to be the
operative mechanism.® ReviEw The original cross-sport work established the
pattern two decades ago.” PEER-REVIEWED Neither study identifies coach or scout
judgement as the mechanism, and I have not found work that isolates it, so the
practical inference below is mine rather than theirs.

Socioeconomic position appears in the football literature too, though the avail-
able study is small and its measure imperfect. In 58 academy players at one Eng-
lish club, those rated by coaches as having higher potential came from signific-
antly higher socioeconomic backgrounds using a postcode-derived classification.
° PEER-REVIEWED The authors' own framing matters here, since coach-rated poten-
tial is itself a subjective judgement and the finding may reflect scouting bias as
much as anything about the players.

THE UNDERDOG FINDING

Across 11 seasons at one English
academy, relatively younger
entrants who survived selection

were markedly more likely to reach a

professional contract. Single-club
evidence, and worth knowing.
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CHAPTER THREE

Al as aforce multiplier

The honest claim is that a system helps people see more and remember better.
Any stronger claim runs ahead of a literature its own authors describe as

exploratory.

The temptation in this field is obvious. Scouting is subjective, inconsistent and
expensive, so a model that ranks players looks like an answer. The published
evidence is unusually direct about why it is not.

No systematic or scoping review of machine learning applied to talent identifica-
tion in football had been published when this paper was written. That is a finding
rather than an omission, and it is the first thing to put to a supplier selling in this
space. What does exist is a critical review of how artificial intelligence is being
used across athlete identification, selection and development, which concludes
that the scope and the utility of these approaches, and the difficulties attached to
them, remain relatively unknown, and that a balanced approach embracing both
innovation and critical evaluation is needed if the tools are to help rather than
disrupt.’® REVIEW A companion paper is more specific about why. It names data
availability, quality and ownership as the first obstacle, and the labelling problem
in supervised learning as the second, since longitudinal work is complicated by
missing data and by imbalance in the outcome itself. The development of a junior
into a top-tier senior is rare, and a rare outcome produces biased models that
generalise badly.?® COMMENTARY

Underneath the methodological weakness sits a deeper problem that better data
would not fix. Any model of talent needs a label, and the only labels readily avail-
able are past human decisions, meaning who was signed, who was retained, who
reached a professional contract. Every one of those labels encodes the filters
described in Chapter 2. A model trained on them will reproduce birth-month bias,
maturity bias and geographic bias faithfully, and will present the result with a
confidence interval.

The clearest published account of this failure comes from healthcare, where an
algorithm used cost as a proxy for need and systematically underestimated the
needs of Black patients because less had historically been spent on their care.*

PEER-REVIEWED The mechanism transfers directly. Selection history is football's
version of cost.

THE LABEL PROBLEM

A model trained to predict who gets

signed learns who the club has

historically signed. That is not talent

identification. It is an expensive
mirror.

11



3.1 What a system can honestly do

THE WIDER TALENT NET

The net today The net that could exist
® Seenonce ® Seenrepeatedly
Asingle fixture, in a single week, in one weather. Several observations across a season, held against each other.
© Seenlocally ® Seenwider
Within an hour of a training ground, and mostly in affluent postcodes. Community clubs and schools contributing to the same record.
® Seenearly > ® Seenincontext
Scouts report believing they can judge from around 13 and a half. Birth month, maturity status and access recorded alongside the observation.
® Seen and forgotten ® Seenagain
The player not taken leaves no record anywhere. The deselected player retrievable at 17, because the record survived.

Widening the net is a capacity problem before it is an analytical one. Nothing here requires a model to rank anybody.

Athleet.Al framework, drawing on references 1, 6, 16 and 19

FIGURE 3 The net as it operates and the net that could exist. Nothing in the right-hand column requires a model to rank anybody.

Athleet.Al framework, drawing on references 1, 6, 14 and 18. ATHLEET.AI

Four jobs are both useful and safe. Capture, meaning a scout dictating an observa-
tion at the roadside rather than typing it on Sunday night, which is the difference
between an observation that reaches the record and one that does not. Context,
meaning birth month and maturity band attached automatically so that a judge-
ment can later be read fairly. Retrieval, meaning the ability to find every observa-
tion of a player across four years in seconds. And prompting, meaning a system
that remembers a coach said a player was worth another look and asks about it in
March.

None of that ranks anybody. All of it addresses the actual constraint, which is that
human attention is finite and human memory is worse than anybody admits.

CHAPTER FOUR

From snapshot to trajectory

One observation ranks a group. Several observations, held against each other,
describe a development rate, and only the second is worth acting on.

The judgement football currently runs on is a snapshot. A scout forms an impres-
sion in 90 minutes and that impression, once recorded as a decision, is rarely
revisited. The evidence on how reliable such impressions are is worth reading
before building anything on top of them.

12



THE JUDGEMENT THE PATHWAY CURRENTLY RUNS ON

0.02t00.09 13.6 years 38 biases

The range of inter-rater reliability coefficients when 83 The age from which scouts, surveyed in one study, Identified in a recent framework of cognitive biases
scouts rated the same 24 under-11 players. reported believing they could judge adult potential. relevant to talent identification decisions.

Two scouts watching the same child essentially Scouts also reported integrating information intuitively, Firstimpression, outcome and availability biases are all
disagree. despite describing structured procedures. named among them.

What follows, and what does not

Unreliable human judgement is an argument for structuring and recording observation, and for gathering more of it. It is not an argument for replacing the judgement with a model, since a
model trained on these decisions inherits exactly this unreliability and presents it with a decimal point.

FIGURE 4 Three findings about scouting judgement. The conclusion is an argument for structuring and recording observation, and against replacing

it with a model.

References 13, 14,31 and 32. PEER-REVIEWED

When 83 scouts rated the same 24 under-11 players, inter-rater reliability coeffi-
cients ran between 0.02 and 0.09, which is to say that two scouts watching the
same children essentially disagree.®® PEER-REVIEWED The players were very
young, and reliability may improve at ages where technical differences are
clearer. A survey of 125 scouts found they reported believing they could predict
adult potential from around 13.6 years of age, focused on easily observable tech-
nical attributes, and ultimately integrated information intuitively despite
describing structured procedures.!* PEER-REVIEWED A recent framework cata-
logues 38 distinct cognitive biases relevant to these decisions.??> SURVEY

One finding cuts against the obvious conclusion and deserves to be stated. In a
study of 96 coaches and scouts rating player videos, unstructured overall ratings
performed marginally better than structured collection combined mechanically,
when tested against later market value.’® Peer-ReVIEWED The differences were
marginal and market value is itself contaminated by human judgement, so this
should not be read as intuition beating structure. It is a caution against assuming
that imposing a form on a scout automatically improves anything.

13



4.1 What trajectory adds

SNAPSHOT AGAINST DEVELOPMENT TRAJECTORY

The club selects here

LEVEL Late developer

Early maturer

What changes if you wait

® Development rate becomes visible, and it is a
different signal from current level.

® Response to coaching can be observed rather
than assumed.

® Maturity status can be estimated and the
comparison adjusted.

® The player who was behind at 13 is still in the
record at 16.

Age 12

lllustrative curves, drawn to show a mechanism rather than measured data. The evidence that the two trajectories exist and cross is at references 3, 5, 6 and 18

One observation ranks a squad. Several observations, held against each other, describe a trajectory. Only the second is worth acting on.

FIGURE 5 Two illustrative trajectories and the point at which a club typically selects. The curves show a mechanism rather than measured data; the
evidence that both trajectories exist is at references 3, 5, 6 and 17.

ATHLEET.AI

Development rate is a different signal from current level and it is invisible in a
single observation. A player improving quickly from a low base and a player
static at a high one look identical on a Saturday and are entirely different proposi-
tions. Capturing the difference requires only that observations are dated, attrib-
uted and kept, which is a records problem rather than an analytical one.

What clubs currently select on tells against them here. In a four-year study of 110
Dutch players aged eight to 12, sprint speed over 30 metres was the strongest
single predictor of academy selection.'® Peer-REVIEWED The outcome in that study
is selection rather than adult success, so it documents what scouts select for.
Sprint speed at 11 is substantially a measure of how far through puberty a child is.

ILLUSTRATIVE SCENARIO
The invented January and the invented August

Two invented boys are both 11. One was born in September and is 14 months further into his growth. He is
quicker, stronger in contact and wins more of the ball. The other was born in August, is technically the
better player and loses most physical duels.

A scout watching once will take the first, and will be able to give good reasons. A record that noted both
birth dates, both maturity bands and both coaches' comments would let somebody ask a different question
in two years' time. The system is not required to know which boy is better. It is required to make sure the
second one still exists in the record when the answer becomes visible.

14



CHAPTER FIVE

Smarter training for developing

players

Finding a promising player achieves nothing if the environment then loads
them like a small adult through the fastest growth of their life.

The management problem examined across this series applies with particular
force to a growing child. What the stage of development requires, what the
coaches plan, how the player responds, what is then decided, and whether the

decisions are building something that lasts.

THE MANAGEMENT PROBLEM EVERY PAPER IN THIS SERIES EXAMINES

1 2 3 4
Demand Dose Response Decision
> > o » )
What the event, the The planned What objective and Progress, hold, modify,
development stage and combination of load, subjective data indicate recover or investigate. A
life outside sport actually volume, intensity, about adaptation, judgement, not an
require. density and technical fatigue and readiness. output.
complexity.
\

Durability revises the next dose

Load is not a single number, and more data does not by itself produce a better decision.

FIGURE 6 Demand, dose, response, decision, durability and value, read at pathway level.

Athleet.Al framework, used across the whole series. ATHLEET.AI

Durability

Whether repeated
decisions are building
capacity or quietly
spending it.

6

Value

What improved
availability is worth to
the athlete and to
everyone invested in
them.

15



5.1 Growth changes the athlete underneath the plan

GROWTH, MATURATION AND TRAINING DEMAND

TIMING OF PEAK GROWTH

Earlier maturing Ontime Later maturing

What a club can do about it

® Record maturity status as a band, never as a
number attached to a child.

® Compare a player against others at a similar stage
rather than the same birthday.

® Expect technical regression around fastest
growth, and plan for it.

® Never let a maturity estimate reach a selection
meeting as evidence of potential.

11 12 13 14 15 16 17

Three children of the same chronological age, growing at different times. The bands are illustrative. The consequence is not.

Maturity estimation carries substantial individual error, and the direction of that error is systematic. It belongs in a coach's thinking and nowhere near a decision record.

FIGURE 7 Three children of the same chronological age, growing at different times. The bands are illustrative; the consequence for selection and

loading is not.

Athleet.Al framework. ATHLEET.AI

Around the period of fastest growth a young player's coordination, limb lengths
and force production all change, and technical performance frequently regresses
temporarily. A club that treats that regression as a decline in ability rather than a
consequence of growth will release exactly the wrong children.

The practical response is a record rather than a model. Note maturity status as a
band, compare players against others at a similar stage, expect and plan for tech-
nical regression, and keep the maturity estimate out of any selection meeting as
evidence of potential. The estimation methods carry substantial individual error,
as the companion athletics paper in this series sets out at greater length, and the
direction of that error runs the wrong way for exactly the children a club should
be protecting.

5.2 Theload nobody is counting

A talented 14-year-old may play for an academy, a school, a district team and a
Sunday side, and each organisation sees a reasonable amount of football. Nobody
sees the total. This is the most tractable safety problem in youth football and the
answer is a question rather than a sensor. Ask what else the player does in a week,
record the answer, and revisit it each term.

My own view, which goes beyond what the evidence establishes, is that a shared
record of total weekly footbhall across organisations would do more for young
players' durability than any wearable a club could buy. It is also, as Chapter 13
sets out, exactly the kind of thing a federated architecture is for.

A HARD RULE

Record maturity as a band and
never as a number attached to a

child. The estimation error is large

and its direction is systematic.

16



CHAPTER SIX

The coach capacity problem

One coach, 20 players and a Tuesday evening is the constraint that actually

shapes how much development any child receives.

Individual development is discussed as a philosophy and delivered as a resource.

A coach responsible for 20 players across a season has, realistically, minutes per

player per month to think about any individual one of them, and the plan defaults
to the group because attention is finite.

THE COACH AND SCOUT CAPACITY MULTIPLIER

OUT OF 12 PLAYERS SEEN

Players a scout can watch in a week

n still has to be there

Observations that reach a shared record
the roadside rather than typec

Players reviewed against their own history
on I v the scout

Follow-up prompts actually acted on

remember

Players still traceable two years later

t, rat

Illustrative rather than measured. The multiplier is in what survives the observation, not in the number of observations.

12

4to12

2to12

1to8

0to12

FIGURE 8 The capacity multiplier. Proportions are illustrative. The gain is in what survives the observation rather than in the number of observations.

Athleet.Al framework. ATHLEET.AI

The multiplier does not work by having a person watch more football. It works by
ensuring that what they saw reaches a durable record, that the record is com-
pared against the player's own history, and that somebody is prompted to follow
up. A scout who watches 12 players and files two reports has effectively watched
two.

Research on coach education in grassroots football maps how policy is formu-
lated and enacted, and describes a pathway shaped as much by administrative
structure as by developmental need.** PEER-REVIEWED Work on English scouting
practice is thinner still, with the available account principally establishing that
rigorous evidence about how recruitment decisions are made is scarce.’® SURVEY
That scarcity is itself a finding, and it should temper any claim that a product is
codifying established best practice.

SPECIFICATION

What a capacity tool must do, and must not

- Capture an observation in under a minute, at the side of a pitch, in the rain, on a phone.

- Attach date, observer, fixture, birth month and maturity band without anybody typing them.
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+ Retrieve every previous observation of the same player instantly, including ones by other people.

« Prompt a follow-up when a player has been flagged and not revisited.

« Produce no score, no ranking and no prediction about any child, at any point, for anyone.

CHAPTER SEVEN

The connected player record

The asset is the record, and its value comes as much from what it refuses to

hold as from what it holds.

THE CONNECTED PLAYER RECORD

Observation Context Development

A scout's written note Birth month within the year Individual objectives

A coach's session comment Maturity status, as a band Progression review notes
' 4 > .

Video, where consent allows Club, school and travel Attendance and continuity

Who watched, and when Other sports played Response to coaching

What this record must never contain

® Aranking, a score or a probability attached to a child.
e Any clinical interpretation of pain, injury or growth.
e Anything a parent could not be shown on request, in plain language.

FIGURE 9 The four columns of a connected player record, and the three things it must never contain.

Athleet.Al framework, informed by references 35t0 39. ATHLEET.AI

Four kinds of information make a record useful. What was observed, with the
observer named and the date attached. The context that makes the observation
comparable, meaning birth month, maturity band, and the practical circum-
stances of access. The development picture, meaning objectives, attendance, con-
tinuity and response to coaching. And the decision, meaning what was con-
cluded, by whom, what the family was told, and when it will be revisited.

The exclusions matter as much. No score, ranking or probability attached to a
child. No clinical interpretation of pain, injury or growth, which belongs to quali-
fied people and not to a talent record. And nothing a parent could not be shown
on request, in plain language, which is a simpler test than any policy and catches
most of what should not be there.

That last test does real work. A club that would be uncomfortable showing a
parent a note is a club that has written something it should not have, and the
discomfort arrives faster and more reliably than a compliance review.

Decision

What was decided

By whom, and on what date

What the family was told

When it will be revisited

THE TEST

Could a parent be shown the whole

record, in plain language, on
request, without the club being
embarrassed? If not, the record is
wrong.
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CHAPTER EIGHT

Late developers and deselected
players

Release is the most consequential judgement football makes about a person,

and the one it documents least well.

Every academy releases most of the children it signs. That is arithmetic rather
than failure, since the places at the top are few. What is a failure is the manner of
it, and the sport's habit of retaining almost nothing afterwards.

THE TALENT RE-ENTRY LOOP

Not selected

The decision is made, and the
reasoning is written down rather
than delivered and forgotten.

Told properly

The family receives a clear
account, and a named person
they can speak to.

Keptin the game

A route back to community
football, with the club's active
help rather than a leaflet.

Still observed

Reconsidered

The player continues to appear
in the shared record, because
grassroots contributes to it.

At 15, at 16, at 18, prompted by
the record rather than by a
chance sighting.

Roughly nine in ten internationally ranked juniors do not become internationally ranked seniors. A pathway with no way back is discarding most of its own future.

FIGURE 10 The talentre-entry loop. Each step is an organisational commitment rather than a technical feature.
Athleet.Al framework. ATHLEET.AI

The qualitative evidence on release is short on sample size and long on clarity. An
interpretative study of four released players described release as a multi-stage
process experienced as traumatic, with delayed low mood and identity difficulty,
worsened by inadequate aftercare.?®> PEER-REVIEWED Interviews with eight parents
across five English clubs found that families wanted direct, honest communica-
tion during the retain and release cycle and saw clubs and families as jointly
responsible for managing the harm.?* PEer-REVIEWED Both are very small samples
and neither claims prevalence. Both describe something clubs recognise immedi-
ately.

A study of 12 academy players aged nine to 15 reported performance anxiety, fear
of deselection and active concealment of difficulty from coaches and parents.?
PEER-REVIEWED Research on how academy coaches enact the English develop-
ment plan found work intensification, reduced autonomy and pressure to present
compliance for audit.? Neither is a comfortable read and both
describe the environment into which any new system would be introduced.

PEER-REVIEWED

8.1 Building aroute back

Re-entry requires four things, none of them technical. A decision recorded with
its reasoning. A conversation with the family that a person owns. A genuine route
back to community football that the club actively supports. And a record that per-

TWO VERY SMALL SAMPLES

The release literature rests on
studies of four players and eight

parents. They establish mechanism

rather than prevalence, and this
paper treats them accordingly.
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sists so that the player can be reconsidered at 15, 16 or 18 on the strength of
evidence rather than a chance sighting.

Given that roughly nine in ten internationally ranked juniors do not become
internationally ranked seniors, a pathway with no way back is discarding a large
share of its own future. My own view, going beyond what any study establishes, is
that re-entry rate is the measure that would most improve English football's
talent system if clubs were asked to publish it.

8.2 What the progression numbers actually say

Conversion statistics circulate widely and survive scrutiny poorly. A verified ten-
year follow-up of 198 academy players at two Spanish clubs found 6.1 per cent
became professional, of whom seven reached the top division, meaning roughly
3.5 per cent of the original cohort.?! PEER-REVIEWED An English study of 382
academy graduates across 33 clubs measured how much they played rather than
how many turned professional, and found only a weak relationship between the
number of graduates a club produced and the minutes they received.?
PEER-REVIEWED

No verified England-wide academy conversion rate appears in the peer-reviewed
literature. The widely quoted round numbers could not be traced to a primary
source during the preparation of this paper, and that absence is reported here
rather than papered over with a plausible figure.

CHAPTER NINE

Widening access without scaling bias

A system deployed across a biased pathway makes the pathway faster. Whether
it makes it fairer depends entirely on decisions taken before anything is

switched on.

The optimistic reading of this technology is that it reaches players the current
process misses. The pessimistic reading is that it industrialises the filters
described in Chapter 2. Both are available, and which one occurs is settled by
design choices rather than by the technology.

Three design decisions do most of the work. The first is refusing to train on selec-
tion outcomes, for the reason set out in Chapter 3. The second is recording context
alongside every observation, so that a comparison between an August-born late
maturer and a September-born early maturer can be made honestly rather than
accidentally. The third is measuring the composition of the observed pool rather
than only the quality of the players signed, because a process can be improving
on quality while narrowing on reach.

9.1 The female pathway, and what the evidence does not cover

The wider sport-science literature carries a marked sex skew, with an analysis of
5,261 publications covering roughly 12.5 million participants finding female
participants made up around 34 per cent of the total.*>? PEER-REVIEWED A review
covering two decades of talent identification in football named the female
pathway explicitly as under-researched.? SURVEY

A MEASURE WORTH ADOPTING

Report the birth-month and

geographic distribution of everyone
observed, not only of those signed.
A pathway that will not measure its

own reach cannot claim to be
widening it.
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The practical consequence is direct and rarely stated by suppliers. Any model in
this area has been built and tested on boys. Deployed in a girls' pathway it is oper-
ating outside the population it was validated on, and it should be required to say
so on screen rather than in a technical appendix.

9.2 Cost, transport and the Saturday morning

Access to the pathway is mediated by things no scout observes. Whether a family
can reach a fixture 40 minutes away, whether the kit and subscription are afford-
able, whether a parent can attend, and whether anybody in the family already
knows how the system works. The birthplace literature establishes that
geography shapes who is seen,”® REVIEW and the small English study on
socioeconomic position suggests the same forces reach into coach judgement
itself.® PEER-REVIEWED

Technology addresses a narrow slice of this and should not pretend otherwise. It
can translate communication into the languages a community actually speaks. It
can make the process legible to a family with no prior contact with football. It can
record where observations happen, which makes a geographic gap visible to
somebody who can act on it. It cannot pay for petrol, and a club that presents a
platform as an inclusion strategy is avoiding the more expensive conversation.

CHAPTER TEN

Safeguarding children and families

Everything in this paper concerns children, which raises the bar on what may

be built and lowers the tolerance for getting it wrong.

This chapter describes law, regulator guidance and safeguarding standards, and
the notice at the front of this paper applies to all of it. A club should take its own
advice.

The Child Protection in Sport Unit publishes standards for safeguarding and pro-
tecting children in sport, which are the framework most governing bodies build
their own requirements on.>®> consensus Those standards say nothing about arti-
ficial intelligence, and when this paper was written no safeguarding body had
published guidance that did. The requirements therefore have to be assembled
from data protection law, which is adequate to the task. Article 35 of the UK GDPR
requires a data protection impact assessment before high-risk processing begins,
and names systematic and extensive automated evaluation of personal aspects,
where significant decisions rest on it, as exactly such a case.?® CONSENsUs Art-
icle 22 gives a young person the right not to be subject to a decision taken solely
by automated means where it affects them significantly, together with rights to
human intervention, to make representations and to contest the outcome. And
because a processor may act only on the controller's documented instructions, a
club that has not asked in the contract whether a supplier trains its models on
club or player data has not established that it does not.

On data protection, the Age Appropriate Design Code applies to services likely to
be accessed by children in the United Kingdom and sets 15 standards, among
them the best interests of the child, impact assessments, transparency, default
settings, data minimisation and restrictions on profiling and on nudge tech-
niques.’” CcoNseNsUs It is a statutory code rather than optional guidance, and its

BEFORE, NOT AFTER

The impact assessment is

described as something to complete
before deployment. A club running

one after a pilot has already
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restriction on profiling is the provision most directly relevant to anything that
would score a young player.

10.1 Two things the industry commonly gets wrong

Two points of precision are worth stating, because both are frequently mis-
described in sales conversations. Article 9 of the UK General Data Protection Reg-
ulation covers data revealing health and biometric data used for identification.
Routine football performance metrics are not automatically special category data
on that definition,3 consensus and a supplier claiming blanket special-category
status for all player data is overstating the position, as is a club that assumes the
reverse. On my own reading the boundary sits where a metric reveals health
status, and a club should verify that with its own adviser rather than with this

paper.

Second, section 80 of the Data (Use and Access) Act 2025 will replace Article 22 of
the UK GDPR with new provisions on automated decision-making, defining mean-
ingful human involvement and retaining stricter conditions where special
category data drives a solely automated significant decision.?® consensus It had
not been commenced when this paper was written, so the existing Article 22 is
the operative law. The section also contains no child-specific provisions, which
surprises people who assume otherwise. Children's additional protection in this
context comes through the Age Appropriate Design Code rather than through that
section.

10.2 Who the record belongs to

A charter of player data rights developed in professional football sets out eight
rights over performance and personal data, including access, portability, rectific-
ation and erasure, citing survey evidence that 80 per cent of professional players
surveyed wanted access to their own performance data.*® consensus That
charter addresses professional adults. No equivalent instrument covers academy
minors, which is a gap the sport should close in its own policies rather than wait
for.

There is also a live legal dimension. A group action brought by current and
former players concerning the processing of performance and tracking data has
been running since 2020 and is documented in legal and trade commentary rather
than in academic literature.** PRAcTICE It is cited here as a real dispute that clubs
should be aware of rather than as evidence of anything, and its eventual outcome
may matter more to this field than any technical development.

answered the question it was meant

to ask.

THE REFUSALS, RESTATED

- No score, ranking or predicted potential attached to a child, in any interface, for any user.

- No model trained on the club's own past selection decisions.

+ No interpretation of pain, injury, growth or body composition.

+ No direct communication between a system and a child without an adult in the loop.

- No deployment before a data protection impact assessment has been completed and reviewed.
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CHAPTER ELEVEN

Transitions and career durability

The pathway's transitions are where players are lost, and they are the points at

which a record is worth most.

A young footballer passes through a series of transitions, each of which resets the
information around them. A new age group, a new coach, a loan, a release, a move
to a different club, an attempt to return after time away. At every one of those
points the accumulated understanding of the player is at risk, and at most of them
it is lost.

The dropout literature identifies the recurring reasons that children leave organ-
ised football, and a systematic review specific to the sport catalogues them.?”

REVIEW A meta-analysis of prospective studies across team sports provides the
more methodologically rigorous synthesis.? REVIEW Enjoyment, perceived com-
petence and relatedness recur across both, which is to say that most of what
determines whether a child stays is created by a coach on a Tuesday rather than
by a system.

Where a system helps is in noticing and in continuity. A player whose attendance
halves after Christmas is signalling something, and it is more often about enjoy-
ment, transport or a falling out than about football. A record that persists across a
change of coach means the new coach inherits a player rather than a stranger.
Neither requires analysis.

11.1 Alternative pathways as a designed outcome

Most children in an academy will not have a professional career, and a system
built only around the ones who do has failed the great majority of its users. The
alternative pathways are real and largely undersupported. Community football,
coaching, officiating, the university route, and simply remaining a participant for
the next 40 years are all outcomes a club should be able to point a released player
towards.

My own view, which goes beyond the evidence, is that a club's re-entry and
alternative-pathway rate is a better measure of its academy than its conversion
rate, because conversion is dominated by factors the club does not control and re-
entry is dominated by factors it does.

WHAT A SYSTEM CONTRIBUTES

Noticing. A player whose
attendance halves after Christmas
is telling the club something, and no
club currently looks.

CHAPTER TWELVE

Value for clubs, sponsors and
communities

The commercial case is real, and it is smaller and slower than the sector's usual

pitch.

Four kinds of value follow from the argument in this paper, and they are worth
separating because they accrue to different people over different periods.
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For an academy, the value is coverage and reduced waste. Observing more players
with the same staff, and retaining a record of those not taken, increases the
chance of finding a player who would otherwise have been missed and reduces
the chance of investing years in one who was selected mainly for being born in
September. Both are plausible on the evidence in Chapter 2 and neither has been
demonstrated by a controlled study.

For a community club, the value is being seen. A grassroots club contributing
observations to a shared regional record acquires a standing relationship with the
professional game that it currently lacks, and its players acquire a route that does
not depend on a scout happening to attend the right fixture.

For a sponsor or an owner, the value is credible social impact rather than a per-
formance return. A pathway that can demonstrate a wider observed pool, a docu-

R . . R No controlled study has shown that
mented re-entry route and published measures on reach is doing something a atalent-identification system

community programme cannot easily claim and cannot easily be accused of  improves pathway outcomes.
: : Anyone claiming a return here is
inventing.

& describing a hope, and should say
so.

STATE IT AS AHYPOTHESIS

For a governing body, the value is evidence. A federated record across a region
generates the first honest picture of who the pathway sees and who it loses, which
is a question the sport currently answers by anecdote.

HOW TO STATE THE ECONOMICS HONESTLY

The value of finding one additional academy-standard player, or of retaining one late developer, can be
modelled and should be, provided every such model is labelled as a scenario. There is no published evid-
ence that any system produces those outcomes. A club presenting a projected return from this technology
is presenting an assumption dressed as a forecast, and should be asked which of its inputs are measured.

CHAPTER THIRTEEN

A federated talent ecosystem

A single national database of children is both a governance problem and a
reason clubs will decline to take part. The shape that works is federated.

The obvious architecture for a wider net is a central register of every young
player in the country. It is also the wrong one, for two reasons that reinforce each
other. It concentrates children's data in a single place, which is precisely what
safeguarding guidance counsels against, and it asks community clubs to hand
over their only real asset to organisations that have not historically given much
back.
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GRASSROOTS-TO-ACADEMY INFORMATION ARCHITECTURE

Owns its own records. Sees its own players, and what it chooses to share.

Academy

Sees what has been shared, adds its own observations, and writes decisions back.

The federated shape matters. A single central database of children is both a governance problem and a reason clubs will decline to take part.

Community club The four rules

1 Aclub never loses control of its own record by
contributing to a shared one.

T 2 Nothing is shared about a child without consent that a
returns parent understood.
County or regional body 3 Every decision written into the record names the
Holds the shared standard, the consent framework and the escalation route. person who made it.

4 Aplayer and their family can see everything held
about them.

FIGURE 11 A federated architecture across three tiers, and the four rules that make it acceptable to the clubs at the bottom of it.

Athleet.Al framework. ATHLEET.AI

The federated shape puts the standard, the consent framework and the escalation
route at regional level, leaves ownership of each record with the organisation that
created it, and moves only what has been consented to. A community club keeps
its own record whether or not it shares anything. An academy sees what has been
shared, adds its own observations, and writes decisions back so that the club that
developed a player learns what happened to them.

13.1 Documentation, and the questions it answers

Two practices from machine learning transfer directly and cost almost nothing.
Model cards document a system's intended use, its performance across subgroups
and its known limitations.*> PEER-REVIEWED Datasheets document a dataset's
motivation, composition, collection and maintenance.*® PEER-REVIEWED In a youth
context both should be a condition of purchase, and the subgroup section of a
model card is where a supplier has to state that their system was built and tested
on boys.

The argument for simplicity applies with unusual force here. An influential posi-
tion in machine learning holds that post-hoc explanations of opaque models can
mislead in high-stakes settings, and that inherently interpretable models should
be preferred where accuracy permits.** PEER-REVIEWED When the stakes concern a
13-year-old and the person interpreting the output is a volunteer, a transparent
rule beats a sophisticated model with a plausible explanation attached.

13.2 What a governing body should hold

Three assets belong at the level above the club. The shared observation standard,
so that a note written in one place means the same thing in another. The consent
and safeguarding framework, so that no club has to construct one alone. And the
evidence base, meaning the first honest regional picture of who the pathway
observes, who it signs, who it releases and who returns.

A systematic review of 70 studies on talent identification in football concluded
that the advantages associated with selection are technical, tactical, anthropomet-
ric, physiological and psychological, and that they change non-linearly with age,
maturity and position.!? REVIEW No single measurement at a single moment is

WHY IT HAS TO BE FEDERATED

A grassroots club's record is its only

asset in this relationship. An
architecture that requires it to be
surrendered will be declined, and
should be.
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sufficient, which is an argument for a longitudinal record rather than for a better

test.

IMPLEMENTATION ROADMAP

CHAPTER FOURTEEN

Implementation roadmap

A regional pilot with an independent evaluator, measures on reach rather than
only on quality, and a published result whichever way it goes.

The evidence base for artificial intelligence in talent identification is, on its own
reviewers' assessment, exploratory. What the sector needs next is an evaluation

rather than a rollout.

THE TALENT PATHWAY Al READINESS MODEL

STAGE 2

STAGE 1 A shared list
Notebooks and

memory
One record of who was

Scouting reports on paper or in
aphone, held by the person
who wrote them.

Nobody can answer who we

observed, when, by whom, and
what was written.

The club can answer who we

saw. saw.

STAGE 3

Context attached

Birth month, maturity band,
access and continuity recorded
alongside the observation.

The club can answer what we
were comparing.

STAGE 4

Trajectory over
snapshot

Repeated observations held
against each other, with
prompts to look again.

The club can answer how they
developed.

STAGE 5

A pathway that learns

Decisions recorded, re-entry
routine, evidence shared across
the region.

The pathway can answer why it
chose.

Stages one to three cost almost nothing and remove most of the bias described in this paper. No model is required to reach stage four.

FIGURE 12 The talent pathway readiness model. Stages one to three cost almost nothing and remove most of the bias described in Chapter 2.

Athleet.Al framework. ATHLEET.AI

Casting the Net Wider - Paper Four of Seven
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14.1 Where assistance may act

CONSEQUENCE OF GETTING IT WRONG

High
Do not use Recommend, then review

Consequence high, evidence weak. The system may gather and present, and Consequence high, evidence adequate. A named person approves before
nothing else. anything reaches the athlete.

Inform only Safe to automate

Consequence low, evidence weak. Useful as a prompt for the coach to look, Consequence low, evidence adequate. Administrative and preparatory work
not as an instruction belongs here.

Strong
STRENGTH OF THE EVIDENCE BEHIND THE RECOMMENDATION

WORKED EXAMPLES @ Drafting Tuesday's session ® Flagging achange in attendance @ Moving an athlete to a new event group @ |Interpreting a reported pain

@ Writing the message to parents
FIGURE 13 Consequence of error against strength of evidence, with youth-football examples. The upper-left quadrant is larger here than in any other

paper in this series, because the consequence is higher and the evidence is thinner.

Athleet.Al framework, used across the whole series. ATHLEET.AI

14.2 Aregional talent and development pilot

PROPOSED STRUCTURE

- Before anything begins. A data protection impact assessment completed and reviewed. A named safe-
guarding officer with authority to halt the pilot. A written statement of the refusals in Chapter 10,
agreed by every participating organisation.

- Season one, first half. Records only. One academy and a network of community clubs recording obser-
vations with date, observer, birth month and maturity band. No assistance of any kind, and a baseline
taken on players observed, follow-up rate and pool composition.

- Season one, second half. Capture, retrieval and prompting added. Scouts dictate rather than type. The
system surfaces prior observations and asks about players flagged and not revisited. Still no scores and
no rankings.

- Season two. Re-entry routine established, with released players remaining in the shared record by con-
sent and a scheduled reassessment. An independent evaluation partner reports at the end.

The measures should expose failure rather than demonstrate success. Players
observed and follow-up rate test capacity. The composition of the observed pool
tests reach. Retention tests whether anything improved for those already inside,
and re-entry rate tests whether the pathway acquired a memory.

14.3 What good looks like in three years PUBLISH EITHER WAY

An evaluation published only when

A region that has done this well will look much as it does now. Most of the chil-  itflattersthe technologyis acase

d i1 still tb f . 1 football b that i ith t study. The distinction matters more
ren will still not become professional footballers, because that is arithmetic. 0 <00t than anywhere else in

What will have changed is that the club can say who it observed rather than only this series.

who it signed, that a judgement made at 12 is still readable at 16, and that a

released player has a route back. The strongest thing this technology can do for a
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young footballer is to make sure the sport can still find them after deciding,
wrongly, that they were not good enough.

END MATTER

Pathway readiness checklist

Sixteen things to settle before anything is deployed. The first eight cost nothing
and remove most of the bias in this paper.

]

]

Every observation dated and attributed

Who watched, when, in what fixture, in what
conditions.

Birth month recorded with every judgement

So that a comparison can be read fairly two
years later.

Maturity recorded as a band, never as a number

The estimation error is large and its direction is
systematic.

The record kept when a player is not taken

This is the single change that would most
improve the English pathway.

A written rationale for every retain and release
decision

Including what the family was told and when it
will be revisited.

A scheduled reassessment for released players

At 15, at 16, at 18, prompted by the record rather
than by chance.

Total weekly football across all organisations

Asked as a question each term and written
down. No sensor required.

Composition of the observed pool reported

Birth month and geography of everyone seen,
not only of those signed.

]

[

[

L]
L]

L]

]

]

A data protection impact assessment completed
before deployment

Reviewed, and repeated when the system
changes.

A named safeguarding officer with authority to halt

Not consulted afterwards, and able to stop
without a committee meeting.

The refusals written into policy

No score, no ranking, no prediction, no training
on past selections, no direct contact with a child.

A contractual answer on third-party model training

In the contract rather than the sales meeting.

A route for a family to see, correct and remove

Operable by the club, in plain language, without
contacting the supplier.

A model card from any supplier

Stating the population the system was built and
tested on, including its sex.

An honest count of useless prompts

Reported alongside the useful ones, or the tool
will be abandoned quietly.

A written definition of a disappointing result

Agreed before the pilot starts, by the people who
will want to redefine success at the end.
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GLOSSARY

END MATTER

Glossary

Terms used in a specific sense in this paper, defined once and held to through-

out.

Bio-banding
Grouping young players by biological maturity rather
than chronological age for training or competition.

Birthplace effect

The over-representation among professional players of
those raised in communities of a particular size,
associated with density and proximity rather than facility
quality.

Deselection

The decision not to retain a player in a pathway. Used in
this paper in preference to release when the emphasis is
on the judgement rather than the event.

Development trajectory

The rate and shape of a player's improvement over time,
which is a different signal from their current level and
invisible in a single observation.

Federated architecture

An arrangement in which each organisation retains its
own records and shares only what has been consented to,
with the shared standard held above them.

Label

The outcome a model is trained to predict. In talent
identification the only readily available labels are past
human selection decisions, which is the central problem
described in Chapter 3.

Maturity band

A coarse category describing how far through bhiological
maturation a young player is, used in this paper in
preference to any numeric estimate.

Peak height velocity

The point of fastest growth in adolescence. Estimated
non-invasively with substantial individual error and a
systematic direction to that error.

Re-entry

A designed route by which a player not selected can be
reconsidered later, on the strength of a surviving record
rather than a chance sighting.

Relative age effect
The advantage held by children born early in a selection

year, largest in the youngest age groups and washing out
by adulthood.

Responsible Al

Systems designed so that their limits are visible, their
outputs are contestable, and accountability rests with an
identified person.

END MATTER

Method and evidence grading

How the sources were selected and checked, what could not be verified, and

what the reader should distrust.

Sources were gathered from the peer-reviewed literature, governing-body public-
ations, regulator guidance and primary legislation, with priority given to system-
atic reviews and meta-analyses over single studies. Every reference below was
checked against the publishing journal, publisher or issuing body, and verified
independently a second time before publication. Where a figure could not be
traced to its original source it was omitted rather than approximated.

Casting the Net Wider - Paper Four of Seven
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What could not be verified

Four things were searched for and not confirmed, and their absence shapes this
paper. No England-wide academy-to-professional conversion rate appears in the
peer-reviewed literature, so the widely circulated round numbers are not used
and a Spanish cohort is cited and labelled as Spanish. The Football Association
report behind the participation figures in Chapter 1 could not be located, so those
figures are cited through a parliamentary library briefing and flagged in the text
as being at one remove. No peer-reviewed account of the players' data group
action exists, so legal and trade commentary is cited and labelled as such. And no
evaluated deployment of an artificial intelligence tool in an English talent
pathway appears in the published literature.

Two points of law commonly stated wrongly

Article 9 of the UK General Data Protection Regulation covers data revealing
health and biometric data used for identification. Routine performance metrics
do not automatically fall within it, and this paper does not claim they do. Section
80 of the Data (Use and Access) Act 2025 contains no child-specific provisions, it
had not been commenced when this paper was written, and children's additional
protection in this area comes through the Age Appropriate Design Code. Both
points were checked during preparation because both are commonly asserted the
other way.

What to distrust in this paper

Three things. The capacity multiplier in Chapter 6, the trajectory curves in
Chapter 4 and the growth bands in Chapter 5 are illustrative models rather than
measured data, and are labelled as such in their captions. The release literature
rests on studies of four players and eight parents, which establish mechanism
rather than prevalence. And the geographic selection finding in Chapter 2 comes
from a cross-sport programme in another country and is cited as corroborating
evidence rather than as a football result.
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WHERE THIS GOES NEXT

A regional talent and
development pilot

The argument in this paper is testable, and the only honest way to test it is across
a professional academy and a network of community clubs, with an independent
evaluator and a published result.

Athleet.AI works with academies, community clubs and county associations to
run a two-season cohort pilot using the design in Chapter 14. The coach, scout,
player and parent experiences are parts of one governed environment rather
than separate applications, every output passes through a named person, and
the refusals in Chapter 10 are written into the deployment rather than left to a
setting.

What a pilot involves

- One academy, a network of community clubs and an independent evaluation partner.

« A first half-season of records only, so the gain from recording properly is separated
from any gain from the technology.

+ A data protection impact assessment completed before anything begins, and a named
safeguarding officer with authority to halt.

* Measures on players observed, follow-up rate, the composition of the observed pool,
retention and re-entry.

*No score, no ranking and no prediction attached to any child, at any point, for any
user.

Athleet Ai
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