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About this series

This is the first 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 supplies the framework the other six draw on.
Where a sport-specific paper says that a control belongs
to the buyer rather than the supplier, this is the paper that
says why.

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.AI platform itself. Readers who want the
argument without the product can stop at Chapter 13.

HOW TO READ THE EVIDENCE TAGS

Every substantive claim in this paper carries a tag stating
what kind of evidence supports it. The tags are used
consistently across the series.

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

REVIEW A systematic review or meta-analysis.

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

COMMENTARY Methodological criticism, which carries
weight without being primary data.

PRACTICE Practitioner opinion, including the author's
own.

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

Where the evidence is thin, the paper says so. Where it
points the other way, the paper says that too.
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A NOTE FROM THE AUTHOR

The question nobody asks the supplier

I have sat on both sides of this table. I have built artificial intelligence products
and sold them, and I have coached athletes who were on the receiving end of
somebody else's. The two experiences agree on one thing. The question that
decides whether a performance system helps or harms is almost never asked in
the room where it is bought.

That question is not what the software can do. It is who will be answerable for
what it says, on the Tuesday evening when it is confidently wrong and an athlete
has already read it.

Sport has spent a decade being sold prediction. The published evidence for indi-
vidual prediction is weak, and has been weak for as long as the products have
been on sale. That is not a scandal. Sport is difficult, athletes are heterogeneous
and the outcomes are rare, so the models were always going to struggle. What is a
scandal is that the weakness has been so rarely disclosed to the people signing the
contracts, and that the disclosure obligation has been so widely assumed to sit
with somebody else.

This paper is my attempt to put the obligation back where it belongs. It is written
for the person who has to answer for the decision, not for the person who built
the model. It sets out what to insist on before deployment, what to record during
it, and what to measure afterwards. Most of it costs nothing but attention.

Ishould say plainly that I have a commercial interest. I run a company that builds
software in this area. I have therefore tried to write the paper that would make my
own product harder to sell badly. Several of the recommendations here would
rule out categories of product that are commercially straightforward to build.
That is deliberate. A market in which nobody can tell a governed system from an
ungoverned one is a market in which the governed one loses, and I would rather
compete on ground where the difference is visible.

Test the citations rather than the author. Every one of them is listed, and every
one has been checked twice.



TWO PAGES THAT CIRCULATE ON THEIR OWN

Executive summary

Sport is buying artificial intelligence faster than it is governing it. The gap is
not primarily an ethical problem, though it is that as well. It is a perform-
ance problem. Coaches do not act on advice they cannot interrogate, ath-
letes do not trust systems that will not explain themselves, and a club that
cannot say who approved a decision cannot learn from it. Ungoverned Al is
not dangerous mainly because it is unsafe. It is wasteful because it is
unused.

This paper sets out a governance and operating model that a federation,
club or institute can adopt without creating a new department. It rests on
classifying decisions rather than technologies, on stating what kind of evid-
ence stands behind every number, and on putting a name and a date against

every decision that affects a person.

1

Individual prediction does not currently work well enough to
govern a career. Hamstring injury models tested across
seasons returned a median area under the curve of 0.52,
where 0.5 is a coin. The acute to chronic workload ratio adds
nothing to an intercept-only model, at 0.574 against 0.5, within
its own training sample.

3

The law already gives athletes more than most clubs deliver.
Access, portability, rectification, erasure, human intervention
where automated decisions apply and a prior impact
assessment are all existing rights. What is missing is an
explanation on request and a record that travels with the
athlete, and neither requires new law.

5

Sport is barely in scope, which is the problem. The word
athlete appears nowhere in the European Union's Artificial
Intelligence Act, and sport appears only in its recitals. No
governing body had published a binding instrument on
performance Al. Sport will be governed by whatever it writes
for itself.

What follows for a board

2

A counted fact beats the models. Track and field athletes who
completed more than 80 per cent of planned training weeks
were seven times more likely to hit a performance goal, at an
area under the curve of 0.72. That is a threshold anybody can
audit, and it outperforms the black boxes on published
numbers.

4

A human signature is not oversight. Automation bias is well
documented in clinical decision support, and its mediators are
workload, task complexity and time pressure, which describe
atraining ground exactly. The European legislature made the
same judgement, obliging deployers to guard against over-
reliance by name.

6

There is a hard line at health. A dashboard that reports what
an athlete did sits outside the medical device regime. A tool
that applies automated reasoning to output an individual's
future risk of injury has described itself into the regulatory
definition, which names prediction, prognosis and injury
expressly.

Adopt five controls and one habit. Classify every decision by consequence
and reversibility before classifying the software. State the evidence grade
behind every number a practitioner sees. Require that recommendations
show provenance, uncertainty, assumptions and alternatives. Name who
recommends, who approves, who acts, who reviews and who answers, and
never let those collapse into one person. Ask the 12 procurement questions



in Chapter 11 before signing. The habit is writing decisions down, with their
reasons, on the day they are made.

None of that is expensive. The register fits on one page, the three meetings
already exist under other names, and the discipline of recording a reason
costs a minute. What it buys is the ability to learn from a season rather than
remember it, and the ability to answer for a decision after the people who
made it have moved on.

Chapter 13 sets out the operating model and a 100-day sequence for adopt-
ing it. The call to action at the end of this paper is a readiness assessment,
which is the cheapest useful thing an organisation can do before it buys
anything else.



PART ONE

What is actually being governed

Three chapters on the difference between governing a technology
and governing a decision, and on why the second is the only one
that works.



CHAPTER ONE

Why responsible Al is a performance

capability

Trustworthiness is usually filed under compliance. It belongs under perform-

ance, because a system nobody trusts is a system nobody uses.

Start with the failure that actually happens. A club buys a performance platform.
It arrives with a readiness score, a risk flag and a dashboard. Within a season the
medical team has stopped looking at the flag because it was wrong about some-
body they knew was fine, the coaches have stopped looking at the score because it
disagreed with what they saw on the grass, and the analyst is the only person who
opens the software, chiefly to produce a report for a board that does not read it
either. Nobody has been harmed. A six-figure sum has been spent to change noth-
ing.

That is the modal outcome, and it is a governance failure rather than a technical
one. The model may well have been competent. What was missing was any mech-
anism by which a practitioner could find out why it said what it said, disagree
with it in a way the system recorded, and see whether their disagreement was
vindicated. Without that mechanism, the first wrong answer is fatal to adoption,
because there is no way to distinguish a system that is wrong occasionally from
one that is wrong systematically.

1.1 What trustis actually made of

Trust in this setting is not a feeling. It is composed of four things a buyer can spe-
cify and test. The first is provenance, meaning that every input can be traced to a
source and a date. The second is calibration, meaning that when the system says
it is unsure it is in fact unsure. The third is contestability, meaning that a practi-
tioner can disagree and have the disagreement recorded rather than merely
ignored. The fourth is memory, meaning that the record of what was recommen-
ded, decided and observed survives the person who made it.

All four are engineering requirements as much as ethical ones, and all four can be
written into a contract. None of them requires the model to be better. Most of
them make the model's weaknesses more visible, which is precisely why they are
resisted.

The argument of this paper is that these four properties are what convert a com-
petent model into a used one, and that the conversion is where the return on the
investment actually sits. A club with a mediocre model and excellent governance
will outperform a club with an excellent model and none, because only the first
club is capable of learning.

THE ADOPTION TEST

If a practitioner cannot register a
disagreement in a form the system
keeps, the system will be
abandoned the first time it is wrong
in front of somebody who knows
better.

THE ARGUMENT IN ONE PARAGRAPH

Responsible artificial intelligence in sport is not a tax on performance work. It is the mechanism by which
performance work compounds. Provenance lets a disputed number be checked. Calibration lets a coach
know when to look harder. Contestability lets expertise enter the system rather than bounce off it. Memory
lets a programme improve across a change of staff. Take those four away and what remains is an expensive

opinion generator that nobody is obliged to believe.



1.2 Why the sectoris unusually exposed

Three features of sport make the governance gap larger here than in most sectors.
Decisions are made fast, by small teams, under public scrutiny, which com-
presses the time available to interrogate anything. The population is small and
heterogeneous, which means models are trained on few examples of people who
differ from one another in the ways that matter. And a large proportion of the sub-
jects are young, which engages a body of law that most performance departments
have never read.

To those, add a fourth that is specific to this moment. Sport is not named in the
instrument most likely to regulate artificial intelligence in Europe. The word ath-
lete does not appear anywhere in Regulation (EU) 2024/1689, and sport appears
only in its recitals, never in an operative article and never in the high-risk annex.
33 coNseNsus A sports performance system falls within the high-risk regime only
derivatively, most plausibly where the athlete is an employee and the system
monitors or evaluates their performance. My own reading is that this leaves most
of the sector outside the regime, and a federation should take its own advice
rather than rely on mine. The practical consequence is the same either way. Sport
will be governed by what it writes for itself, or it will not be governed at all.

CHAPTER TWO

What sports Al actuallyis

Five different technologies travel under one word. They fail in different ways,
and they need different controls.

Almost every governance failure I have seen begins with a category error. A
board approves a policy on artificial intelligence as though it were one thing.
Meanwhile the club is running five, each with its own failure mode, and the
policy addresses none of them because it was written about a word rather than
about a system.



FIVE THINGS THE WORD COVERS

FAMILY WHAT IT ACTUALLY DOES WHERE IT EARNS ITS PLACE WHAT IT SHOULD NOT BE ASKED TO DO

Prediction Estimates a future value or the probability of an Forecasting availability across a squad; projecting a Individual injury forecasting. The published discrimination is
event from historical data. season's competition load. close to chance.

Optimisation Searches a space of options for the one that Scheduling, travel, fixture and facility planning, taper Any objective the club has not written down. It optimises what
best satisfies a stated objective. structures within stated constraints. you specify, not what you meant.

Computer vision Extracts positions, angles and events from Counting, timing, tracking and flagging events a Transverse-plane joint angles and anything requiring
video or optical tracking. human would otherwise log by hand. millimetre precision in fast rotation.

Language models Generates and summarises text, and answers Drafting, summarising, translating, retrieving from Anything asserted as fact without a retrievable source behind
questions over a document set. an approved knowledge base. it.

Automation Executes a defined sequence without a person Moving data between systems, producing recurring Any step where the sequence itself constitutes a decision
present at each step. reports, chasing missing records. about a person.

The governance question is never whether a club uses artificial intelligence. It is which of these five is running, on whose data, and who signs the output.

FIGURE 1 The five families the word covers, with the work each one earns and the work it should be refused.

Athleet.Al framework. The failure modes in the fourth column are supported by the evidence in Chapters 3, 5and 7. ATHLEET.AI

2.1 Predictionis the one that gets sold

Prediction estimates a future value from historical data. It is the family most
heavily marketed into sport and the family with the weakest published record,
which is a combination worth stating early. Chapter 5 gives the numbers. For now
the point is structural. Prediction fails quietly. An optimisation error produces an
obviously daft schedule. A vision error produces a joint angle a coach can see is
wrong. A prediction error produces a number that looks exactly like a correct
number, and it can only be evaluated by counting outcomes over a period longer
than most staff tenures.

That asymmetry is why prediction deserves the strictest control of the five, and
why the honest applications sit at squad level rather than individual level. Fore-
casting how many athletes are likely to be unavailable across a block is a plan-
ning question with a tolerable error. Forecasting which athlete will be injured on
which day is a different question, and the published evidence does not support it.

2.2 The others fail more usefully

Optimisation searches for the option that best satisfies a stated objective, which
makes it excellent at scheduling and travel and dangerous wherever the objective
has not been written down. It will optimise what you specify rather than what
you meant, and the gap between those two is where the trouble lives. Computer
vision extracts positions and events from video, and the series' second paper sets
out where its accuracy holds and where it does not.!” CcOMMENTARY Language
models generate and summarise text, which makes them genuinely useful for
drafting and retrieval and unsuitable for asserting facts without a retrievable
source behind them.

Automation is the family most often left out of AI policy altogether, on the
grounds that a scheduled data transfer is not intelligent. It belongs in the policy,
because the question is never how clever the step is. It is whether the step consti-
tutes a decision about a person. A rule that automatically moves an athlete from



one training group to another is a decision, however simple the logic that
produced it.

2.3 What follows for a policy document Zero

. . . . . . aqe MENTIONS OF ATHLETES
An artificial intelligence policy that does not name which of the five families are
The word athlete appears nowhere

in service, on which data, is not a policy. It is a statement of intent. The register ;0 European Union's Artificial

described in Chapter 13 asks for four things per system, which are the family, the  Intelligence Act. Sport appears only

data it reads, the decisions it touches and the person accountable for it. Most " iis recitals, and never in the high-
. . . . . risk annex.

organisations can complete that register in an afternoon, and most are surprised

by what appears on it.

ILLUSTRATIVE SCENARIO
The register nobody expected

An invented national programme sets out to register its artificial intelligence and expects to list two sys-
tems, being the athlete management platform and a video analysis tool. The completed register runs to
nine. It includes a scheduling optimiser inside the travel booking system, a language model embedded in
the email client that drafts replies to athletes, a wearable whose sleep staging is a proprietary model, an
automated rule that flags athletes for a welfare conversation, and a spreadsheet macro written by a depar-
ted analyst that nobody can explain but everybody uses. Only two of the nine had been through any
approval. The macro turned out to be the one that touched selection.

CHAPTER THREE

The decision-risk spectrum

Govern the decision, not the technology. The same model may be safely
automated in one setting and unacceptable in another.

The most useful move available to a board is also the cheapest. Stop asking
whether a technology is risky and start asking what the decision does to the
person on the receiving end, and how easily it can be undone. Those two ques-
tions produce a matrix that a performance director can complete in a morning
and that survives every change of supplier, because it describes the club's
decisions rather than anybody's software.

11



THE SPORTS Al DECISION-RISK MATRIX

HOW EASILY THE DECISION CAN BE UNDONE
A

Notatall
Confirm before it leaves the building Do not automate at all

Low stakes, hard to unsay. A named person presses send. about health.

who.

Cheap to undo, low stakes. Automate freely and keep an audit trail. atraining week.

Automate, and keep the log Recommend, with a named approver

A message to a parent. A published squad list. A record an athlete will read. Selection and deselection. Return to play. Contract decisions. Any inference

The system may assemble the evidence. A person decides, and the record says

Transcribing a meeting. Chasing a missing record. Producing a recurring report. Modifying tomorrow's session. Adjusting a rehabilitation progression. Reordering

Serious, but reversible next week. The system proposes and a coach disposes.

»

WHAT THE DECISION DOES TO THE ATHLETE

The control belongs to the decision, not to the technology

The same model may be automated in one quadrant and forbidden in another. Classify the decision first and the software second

>

Career-shaping

FIGURE 2 Consequence against reversibility, with the control each quadrant requires. The examples are illustrative and every organisation should

place its own.

Athleet.Al framework. ATHLEET.AI

3.1 The four quadrants

Low consequence and easily undone is the automation quadrant. Transcribing a
meeting, chasing a missing record and producing a recurring report belong here.
Automate freely, keep a log, and stop treating this work as though it needed a
policy debate. Most of the genuine time saving available to a performance depart-
ment sits in this quadrant and is neglected because attention has gone to the
glamorous end.

Low consequence but hard to undo is the confirmation quadrant. A message to a
parent, a published squad list, a record an athlete will read. The stakes are modest
and the words cannot be unsaid, so a named person presses send. This is the
quadrant most often mishandled, because the low stakes make automation
tempting and the irreversibility makes it costly.

High consequence but reversible within a week is where most performance work
actually sits. Modifying tomorrow's session, adjusting a rehabilitation progres-
sion, reordering a training week. The system proposes and a coach disposes, with
the approval recorded. This is the quadrant that justifies the whole investment,
and it is the one that fails when the recommendation arrives without provenance.

High consequence and hard to undo is the refusal quadrant. Selection and
deselection, return to play, contract decisions, and any inference about health. A
system may assemble the evidence for these decisions and present it well. It may
not make them, and the record should say who did.

12



WHAT THIS RULES OUT

No automated selection or deselection of any athlete. No automated return-to-play clearance. No system
that changes what an athlete is asked to do without a named person approving the change. No score
attached to a person under 18. These are not aspirations. They are the four lines this paper asks a board to
draw before it buys anything, and each of them is testable against a supplier's own documentation.

3.2 Why the matrix beats a technology policy

A technology policy ages badly. It is written about the products available when it
was drafted, and it is obsolete within two procurement cycles. A decision matrix
ages well, because the decisions a club makes about athletes have been broadly
stable for a century and will outlast every vendor in the market. When a new
product arrives, the question is not whether it is an AI product. It is which cells of
the matrix it touches, and whether the control for those cells is in place.

My own view, offered as practice rather than evidence, is that the matrix should
be completed by the people who make the decisions rather than by the people
who buy the software. The exercise surfaces disagreements about authority that
were previously invisible, and those disagreements are more valuable than the
finished grid.

13



PART TWO

The five controls

Data rights, validation, explanation, bias and accountability. Five
things to specify before a system reaches an athlete.



CHAPTER FOUR

Datarights and athlete agency

Most of what athletes ask for, the law already grants. The gap is between the

right and its delivery.

Conversations about athlete data usually begin in the wrong place, which is
whether athletes should have rights over their performance data. In the United
Kingdom and the European Union they already do, and have since 2018. The inter-
esting question is why so little of it reaches them, and what a club would have to
change to close the distance.

THE ATHLETE DATA RIGHTS MAP

What is collected Who actually holds it What the law already gives

Performance The club or programme Access and portability

Distance, speed, power, output against plan

Physiological
Heart rate, sleep, wellness questionnaires

Clinical
Injury, iliness, treatment, screening

Judgement
Coach notes, scout reports, selection

As controller, usually without saying so

The supplier
As processor, and sometimes beyond it

The device maker
Under its own consumer terms

The athlete
Rarely, and rarely in a usable form

Articles 15 and 20

Rectification and erasure
Articles 16 and 17

Human intervention
Article 22(3), where it applies

A priorimpact assessment
Article 35, before deployment

reasoning

The fourth column is where trust is won or lost, and none of it requires new law. It requires a decision, written down.

FIGURE 3 What is collected, who holds it, what the law already provides and what is still missing. The fourth column is the one that requires a

decision rather than a statute.

Rights in the third column are set out in references 34 to 39. The fourth column is the author's own analysis. ATHLEET.AIl

4.1 Whatthe law gives

Under the UK General Data Protection Regulation an athlete has a right of access
to their personal data and a right to receive it in a portable form, a right to have
inaccurate data corrected and, in defined circumstances, erased.?* CONSENSUS
Where a decision is based solely on automated processing and produces a legal
effect or similarly significantly affects them, they have a right to obtain human
intervention, to express a point of view and to contest the decision.?® CcONSENsuUs
Before high-risk processing begins, the controller must complete a data protec-
tion impact assessment, and a systematic and extensive automated evaluation of
personal aspects on which significant decisions rest is named in the regulation as
exactly such a case.®® CONSENsUS

Two features of that list deserve attention. The first is that the impact assessment
is required before the processing, not after the pilot. A club that runs the assess-
ment once the system is embedded has answered a different question from the
one the regulation asks. The second is that Article 22 bites only on decisions taken
solely by automated means, and almost no sporting decision is. That is why the
article is invoked so rarely and why relying on it as the principal safeguard is a
mistake. The protection that matters in practice comes from Article 35 and from
the accountability principle in Article 5, not from Article 22.5 CcONSENSUS

What is still missing

An explanation on request
No general right to one in law

Arecord that travels
The history stays with the club

A say in secondary use
Training a supplier's model

Anything after the career
Retention is rarely stated

15



4.2 What the sector has added, and what it has not

Professional football has gone furthest. A charter of player data rights developed
by the players' union with the world governing body sets out eight rights over
performance and personal data, covering information, access, revocation, restric-
tion of processing, portability, rectification, complaint and erasure.>> CONSENSUS
It is a serious document and it is worth reading. It is also, on my reading, a
restatement of rights the General Data Protection Regulation already provides. It
contains nothing on explainability, nothing on model validation and nothing on
artificial intelligence. The wider players' declaration adopted in 2017 is similar in
character, asserting a right to privacy and protection in the collection, storage
and transfer of personal data, and a right to have name, image and performance
protected and commercially used only with consent.5? CONSENSUS

Meanwhile a group action announced in 2020 asserted that third parties process
professional footballers' performance and tracking data without a valid basis, and
sought recovery of income going back six years. More than 400 players were
reported to have joined at the time.>® comMENTARY I have found no reported judg-
ment and no verifiable evidence that proceedings were determined, so it should
be described as an announced claim rather than a decided case. Its significance is
as a signal of appetite rather than as authority.

4.3 The fourthings a club can give that the law does not require

The interesting work sits in the fourth column of Figure 3, and none of it needs
legislation. An explanation on request, meaning that an athlete can ask why a
recommendation about them was made and receive an answer in the terms of
Chapter 6. A record that travels, meaning that an athlete leaving a programme
takes a usable version of their own history with them. A stated position on sec-
ondary use, meaning that the club has decided, and written down, whether a sup-
plier may train its models on athlete data. And a retention position, meaning that
somebody has decided what happens to a longitudinal record when a career ends.

My own view is that the last of these is the one to settle first, because it is cheap
while the record is small and contentious once it is valuable. An athlete who
cannot take their own history with them will reasonably conclude that the system
was never built for them, and they will be right.

BEFORE, NOT AFTER

The impact assessment is required

prior to the processing. An

assessment completed after a pilot
has already answered the question

it was supposed to ask.

SPECIFICATION

Four positions to write down before a system goes live

« Who is the controller and who is the processor, named in the contract rather than assumed.

« Whether athlete data may be used to train models the club does not own, stated as a yes or a no.

« What an athlete receives on request, in what format, and within what period.

« What happens to the record when the athlete leaves and when the contract with the supplier ends.

16



CHAPTER FIVE

Evidence and validation

This is the chapter where a paper of this kind is expected to become enthusi-
astic about machine learning. The published evidence declines to cooperate.

The claim that a model can predict which athlete will be injured, and when, has
been examined repeatedly and has not survived the examination. Stating that
plainly is more useful to a performance director than any amount of qualified
optimism, and it is the single most important thing this paper has to say about
evidence.

WHAT THE PUBLISHED MODELS ACTUALLY ACHIEVE

0.5
Hamstring injury, between seasons

RUDDY AND COLLEAGUES, 2018 0.52
median of 2013 and 2015 models tested across years

Acute to chronic workload ratio

IMPELLIZZERI AND COLLEAGUES, 2021 0.57
c-statistic within the training sample; an intercept-only model scores 0.5

Non-contact injury, one club

CAREY AND COLLEAGUES, 2018 0.65
best of four model families, reported as below this value

Hamstring injury, one club, one season

the best single result, from the simplest model
Completing 80 per cent of planned training

RAYSMITH AND DREW, 2016 0.72
a counted threshold, not a model

Acoin

The one line that beats the models is a counted fact
Availability against plan is transparent, auditable and prospectively validated. No club needs a model to count it.

FIGURE 4 What the published models achieve, on the discrimination measure their own authors report. A value of 0.5 is a coin toss. Bars show
reported ranges where the study gives them.

References 1, 2, 3 and 58. Figures as reported by each study; the comparison across studies is the author's own and the designs are not equivalent.
PEER-REVIEWED

5.1 The numbers

Researchers built hamstring injury models on two seasons of data from a profes-
sional Australian football competition, covering 186 players in one year and 176
in another. Within a single year the models ranged widely, with median areas
under the curve of 0.58 and 0.57. Tested across years, which is the only test that
matters for a tool a club would actually deploy, the median fell to 0.52 with a
range from 0.37 to 0.73.! PEER-REVIEWED The authors concluded that risk factor
data cannot be used to identify athletes at increased risk with any consistency.

A second group modelled training load and injury in the same sport across three
seasons, comparing regularised logistic regression, generalised estimating equa-
tions, random forests and support vector machines. For non-contact injuries the
predictive performance was described as only marginally better than chance,
below 0.65. The best single result, 0.76, was for hamstring-specific injury and
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came from the simplest model in the set.? Peer-REVIEWED That detail is easy to
skip and worth pausing on. The added complexity did not pay.

The acute to chronic workload ratio, which has done more than any other single
idea to shape load management practice, was dismantled by re-analysis. Substi-
tuting contrived chronic loads for real ones reproduced the reported effect. Real
data gave an odds ratio of 2.45, dividing acute load by a fixed value gave 1.95, and
randomly generated chronic loads gave ratios averaging 1.53. Neither the ratio
nor acute load alone conferred a meaningful predictive advantage over an inter-
cept-only model, at a c-statistic of 0.574 against 0.5, within the training sample.?

PEER-REVIEWED An earlier letter had already shown the mechanism, which is that
the acute load forms a substantial part of the chronic load, so the two components
of the ratio are not independent and the resulting association is mathematically
coupled.* COMMENTARY

5.2 Why this was predictable

None of this should have surprised anyone, and a critical review had said so in
advance. Validating a screening test requires three things, being a demonstrated
prospective relationship between the marker and injury risk, examination of the
test's properties in a relevant population using appropriate statistical tools, and
evidence that an intervention targeted at the identified high-risk group outper-
forms the same intervention given to everybody. The review found no example of
a screening test for sports injuries with adequate test properties, and no
intervention study supporting screening for injury risk.> comMENTARY The reason
is structural. Test performance is measured on a continuous scale, and substantial
overlap between players who go on to be injured and those who do not is exactly
what should be expected.

The consensus statements of the period were appropriately hedged. The Interna-
tional Olympic Committee's 2016 statements on load and injury and on load and
illness described the evidence as emerging, offered practical guidelines and
expressly identified research priorities.”® CONSENSUS A monitoring consensus
the following year observed that the field had developed so quickly that it had
given rise to industries aimed at developing new paradigms.® consensus The
consensus statements were careful. The industry that grew around them was not.

THE EVIDENCE AND VALIDATION LADDER

0.52

BETWEEN SEASONS

The median discrimination of

hamstring injury models tested on a

year they had not seen. A coin
scores 0.5.

Decision
What will now happen, who approved it, on what evidence and on what date.

Practitioner interpretation
The meaning an experienced person assigns to everything below.

Atime, a distance, a mass, a completed session. Anybody can check it.

Pattern observation PROMPT A LOOK
Something recurring in this athlete's record that no study has examined.

Model estimate PRESENT WITH ASSUMPTIONS
The output of a model whose assumptions cannot be seen from the number alone.

Validated derivation ACT, AND STATE THE ERROR

A quantity computed from measurement by a method with published error bounds.

Measured fact ACTONIT

OWNIT

Every rung deserves a different degree of trust. A recommendation that silently mixes them is the most common failure in performance software, and the easiest to test for.

FIGURE 5 Six rungs, each deserving a different degree of trust. The recommendation that mixes them without saying so is the most common failure

in performance software.

Athleet.Al framework, informed by references 11, 12and 13. ATHLEET.AI
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5.3 What good validation looks like

Clinical prediction has spent 20 years learning lessons that sport is now repeat-
ing, and the reporting standards it produced transfer without modification. A pre-
diction model should be reported against an established checklist so that a reader
can tell how it was built and on whom.! conseNsus Discrimination, the ability to
rank one athlete above another, is not sufficient. Calibration, the correspondence
between predicted risk and observed frequency, is what determines whether a
number can be acted on, and a hierarchy exists for describing it. Strong calibra-
tion is unrealistic and encourages overly complex models; moderate calibration,
meaning that among athletes given a predicted risk of a given value the observed
event rate matches it, is achievable and has been shown to guarantee decisions
that do no harm.'?>!® PEER-REVIEWED

The systematic review of covid-19 prediction models is the cautionary example
every sports buyer should read, because the field it examined had every incentive
to get this right. Of 66 models described in 51 studies, all were rated at high or
unclear risk of bias, calibration was rarely assessed, and the reviewers
recommended none of them for practice.’® ReviEw That was medicine, under
scrutiny, with resources. Sport should not assume it will do better unaided.

The commercial dimension makes it worse. Developers of proprietary prediction
models are often unwilling to report or release how those models were developed
and validated, and that reticence prevents any independent evaluation of per-
formance, interpretability or generalisability before a system is used on athletes.®

COMMENTARY A club cannot appraise what it cannot see, which is why Chapter 11
makes the validation study a condition of purchase rather than a courtesy.

SPECIFICATION
Three requirements for any predictive claim entering a performance department
- Performance on unseen data, reported. Not in-sample performance, and not performance on the popu-
lation the model was fitted to. The between-year figure is the one that describes deployment.

« Calibration, not only discrimination. A model that ranks well but is systematically overconfident will
produce a stream of interventions nobody needed.

- Subgroup performance. Stated separately for the athletes the club actually has, by sex and by level, or
stated as unknown.

CHAPTER SIX

Explainability a coach can use

Most explainability in this market is decorative. A usable explanation names its
inputs, states what it assumed and offers something to disagree with.

The word explainable has been attached to a great deal of software that explains
nothing. The most common form is a chart of feature importances, which tells a
coach that sleep contributed 23 per cent to a score without telling them which
night, which measurement, or what the system would have said had the number
been different. That is not an explanation. It is a decoration that satisfies a
procurement checkbox.
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6.1 Why post-hoc explanation is weaker than it looks

There is a serious technical literature behind this scepticism and a buyer should
know it exists. The central argument is that building a black box and then produ-
cing a post-hoc explanation for it is the wrong approach for high-stakes decisions,
because a post-hoc explanation is by construction not faithful to the model. If it
were perfectly faithful it would be the model. For many structured-data problems
there is little accuracy cost to using an inherently interpretable model in the first
place.’” COMMENTARY

Three empirical findings support the caution. Interpretability itself is underspe-
cified, with the literature offering diverse and sometimes non-overlapping
notions of what makes a model interpretable.'®* comMENTARY Interpretations are
fragile, in that two perceptually indistinguishable inputs with the same predicted
label can be assigned very different explanations, and small perturbations can
change feature importance dramatically without changing the prediction.'®

PEER-REVIEWED And some widely used saliency methods have been shown to he
independent of both the model and the data-generating process, which makes
them inadequate for exactly the tasks they are marketed for.?® PEER-REVIEWED

Taken together these do not say that explanation is impossible. They say that an
explanation generated after the fact by a separate mechanism is not evidence
about the model, and should not be accepted as governance. The practical
response is to require explanation by construction, which in sport usually means
preferring a simpler model whose inputs a practitioner can see.

6.2 What aregulator asks for

Guidance produced jointly by the Information Commissioner's Office and the
Alan Turing Institute sets out six types of explanation an organisation should be
able to give about an Al-assisted decision, covering the rationale, who is respons-
ible, what data was used, fairness, safety and performance, and impact.?

conseNnsus [t remains the most practical checklist available to anyone specifying
a system in this area. It is also, and this is worth knowing before it is cited in a
board paper, not statutory guidance. The Data Protection Act 2018 requires the
Commissioner to prepare four statutory codes, and this is not one of them.*

consensus  The United Kingdom's flagship explainability guidance therefore
carries less legal force than the Children's Code.

A TEST FOR SUPPLIERS

Ask what the system says when it
does not know. A product with no
answer to that question has not
been designed to be disagreed with.
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ANATOMY OF A RECOMMENDATION A COACH CAN ARGUE WITH

Provenance
Every input is named and dated, so a disputed number can be traced to its source

SUGGESTION

Reduce Thursday's high-speed running by about one third
and hold Saturday's intensity where it is.

Uncertainty

Stated in words the reader already uses, not as a probability nobody can calibrate.
BECAUSE

High-speed volume across the last two weeks sits well above this athlete's own recent
range.

Assumption
DRAWING ON What the system had to guess is visible, which is where most errors actually live.

Session records to 4 April, the availability log, and last Thursday's completion note.

ASSUMING
The reported hamstring tightness on 2 April was resolved. No medical record confirms it. Alternatives

Disagreement is made easy. A recommendation with no alternative is an instruction.
CONFIDENCE

Moderate. The pattern is clear in this athlete's record. The published evidence for acting on
itis weaker.

Accountability

The decision is a separate act by a named person, recorded as such.
DECISION Awaiting the coach. Nothing has reached the athlete.

FIGURE 6 The template this series proposes. Every element exists so that a practitioner can disagree with the recommendation in a specific place
rather than in general.

Athleet.Al framework, informed by reference 21. The scenario is invented. ATHLEET.AI

6.3 The template

A recommendation that reaches a practitioner should carry five things. It should
name every input and its date, so that a disputed number can be traced. It should
state its confidence in words the reader already uses rather than as a probability
nobody can calibrate. It should say what it assumed, because assumptions are
where most errors live and they are invisible in the output. It should offer at least
one alternative, because a recommendation with no alternative is an instruction.
And it should record the decision as a separate act by a named person, on a stated
date.

The fifth of these is the one suppliers resist, because it makes the software's role
smaller and the club's role larger. That is the correct division. My own view,
offered as practice, is that a club should ask to see a single real recommendation
from any product before buying it, and should judge the product on whether a
coach could argue with what appears on the screen.

CHAPTER SEVEN

Bias, inclusion and uneven evidence

The most consequential bias in sports Al is not in the algorithm. It is in the
literature the algorithm was trained to reproduce.

Discussions of algorithmic bias in sport tend to arrive by way of facial recognition
and stay there. The canonical audit found that commercial gender classification
systems misclassified darker-skinned women at error rates up to 34.7 per cent
while the maximum error for lighter-skinned men was 0.8 per cent, and that the
benchmark datasets were 79.6 and 86.2 per cent lighter-skinned subjects.?*



PEER-REVIEWED That is a real and instructive finding, and it is not the mechanism
most likely to harm an athlete.

7.1 The proxy label is the real risk

The mechanism to worry about is the choice of what to predict. A widely used
healthcare algorithm affecting millions of patients was found to be racially biased
because it predicted healthcare costs rather than illness, and unequal access to
care meant less money was spent on Black patients. At a given risk score, Black
patients were considerably sicker. Correcting the label would have increased the
proportion of Black patients receiving additional help from 17.7 to 46.5 per cent.?

PEER-REVIEWED The authors' generalisable conclusion is the sentence sport should
paste above its desks, which is that the choice of convenient, seemingly effective
proxies for ground truth can be an important source of algorithmic bias in many
contexts.

Sport is full of convenient proxies. A model of talent trained on who was previ-
ously selected learns the selection history rather than the talent. A model of read-
iness trained on who was withdrawn learns the caution of the medical staff. A
model of return to play trained on who was cleared learns the risk appetite of the
club that cleared them. In each case the model will be accurate against its label
and wrong about the world, and it will be most wrong about the athletes who
differ most from those in the training data.

7.2 The evidence base is unevenly built

Underneath the models sits a literature with a documented sex imbalance. An
analysis of 1,382 articles across three leading journals covering 6,076,580 parti-
cipants found 39 per cent were female, with the average per article ranging from
35 to 37 per cent.?> PEER-REVIEWED A later analysis of 5,261 publications from 2014
to 2020, covering 12,511,386 participants, found 34 per cent female, with 31 per
cent of publications studying males only against 6 per cent studying females only.
26 pEER-REVIEWED Read together, those two describe a gap that did not close.

The methodological consequence has been set out by a specialist working group,
which observed that the majority of high-quality sport and exercise science data
derive from studies with men as participants, reducing their application given
known physiological differences, and identified a shortage of specialist know-
ledge on female physiology alongside a reluctance to adapt experimental designs.
27 conseNsus A model trained on that literature will be confident about a popula-
tion it has barely seen, and it will not know that it is.

7.3 What a club can actually do

Three things, none of which requires new research. Require subgroup perform-
ance to be reported or declared unknown, which converts an invisible weakness
into a stated one. Require the system to widen its stated uncertainty for athletes
unlike its training population rather than answering with the same confidence for
everybody. And record the composition of the population the club is itself accu-
mulating, because a club that will not measure who its own data describes cannot
claim to be widening anything.

Documentation practices from outside sport make this routine rather than heroic.
Model cards accompany a trained model with benchmarked evaluation across
demographic and intersectional groups and disclose the intended context of use.*

CoNsENsUS Datasheets accompany a dataset with its motivation, composition,
collection process and recommended uses.!> coNsensus Neither is difficult. Both

34%
FEMALE PARTICIPANTS

Across 5,261 sport and exercise

science publications covering 12.5

million participants. The earlier
figure, to 2014, was 39 per cent.
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are rare in sports technology, and asking for them is a cheap way to find out how
seriously a supplier takes the question.

CHAPTER EIGHT

Human accountability

A human in the loop is a design pattern, not a safeguard. What makes it a safe-

guard is the separation of five roles that usually collapse into one.

Every organisation I have worked with believes it has human oversight, and most
of them have a signature. The two are not the same thing, and the difference is the
single most useful distinction in this paper.

WHO RECOMMENDS, WHO APPROVES, WHO ANSWERS

Recommends
THE SYSTEM

Reviews
A SECOND PERSON

Approves Acts
A NAMED PERSON THE PRACTITIONER

Produces an option, its Holds the authority to say yes. Looks at outcomes across
evidence and its uncertainty. Their name and the date go on

Never the last word. the record.

Delivers the change and reports
what actually happened, which

is rarely the plan. what the approver cannot.

The failure mode is a single box

When one person recommends, approves, acts and reviews, there is no oversight in the system, only a signature in the file.

The model says nothing about how good the software is. It is a statement about where authority sits, which is the part that survives a change of supplier.

FIGURE 7 Five roles that must not collapse into one person. The model describes where authority sits, which is the part that survives a change of

supplier.

Athleet.Al framework, informed by references 29 and 33.  ATHLEET.AI

8.1 What the evidence says about oversight

Automation bias is well documented. A systematic review of 74 studies drawn
from 13,821 retrieved papers found that although most research shows overall
improved performance with clinical decision support, there is often a failure to
recognise the new errors that such systems introduce. The mediators it identified
were user cognitive style, system characteristics, task-specific experience, trust
and confidence, together with environmental mediators of workload, task com-
plexity and time constraint, which pressurise cognitive resources.? REVIEW
Those three environmental mediators describe a training ground and a match day
exactly. The mitigators the same review identified were organisational, being
training and emphasising user accountability, alongside design choices such as
presenting information rather than a recommendation.

The older human factors literature frames the same problem as misuse, meaning
over-reliance on automation, alongside disuse, meaning neglect, and abuse,
meaning automation applied without regard to human consequences.03

cases, not case by case. Sees

Answers
A DIRECTOR
Accountable whether or not

they were in the room. Cannot
delegate this to a vendor.
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PEER-REVIEWED Sport manages to exhibit all three at once, often within the same
department.

The European legislature reached the same conclusion. The Artificial Intelligence
Act obliges providers of high-risk systems to enable overseers to remain aware of
the possible tendency of automatically relying or over-relying on the output, and
names automation bias in the legislative text. It requires that the overseer bhe able
to decide not to use the system, or to disregard, override or reverse its output. For
remote biometric identification it goes further and requires separate verification
by at least two people.’® consensus The legislature evidently did not think a
single signature was sufficient oversight either.

I should be honest about the limit of this argument. I could not find a study quan-
tifying how often human override fails in a deployed sporting system, and I am
not going to invent one. The case rests on mechanism and on the legislature's own
concession, which is weaker than a number and still strong enough to act on.

8.2 Thefiveroles

The system recommends. A named person approves. A practitioner acts and
reports what actually happened, which is rarely the plan. A second person
reviews outcomes across cases rather than case by case, because patterns are
invisible from inside a single decision. And a director answers, whether or not
they were in the room, and cannot delegate that to a vendor.

The failure mode is a single box. Where one person recommends, approves, acts
and reviews, there is no oversight in the system, only a signature in the file. That
configuration is extremely common in small performance departments, and the
honest response is not to pretend otherwise but to name a reviewer from outside
the department, which costs an hour a month.

ILLUSTRATIVE SCENARIO
The compliance posture that reads well and does nothing

An invented institute publishes a data protection protocol stating that it profiles athletes for pathway iden-
tification and funding recommendations, and that decisions are made with human input rather than being
automated or determined by algorithms. Every word is true and the document is well drafted. What it does
not say is who the human is, what they see before deciding, what proportion of the model's recommenda-
tions they have ever changed, or what happens to the record of a decision they did change. The protocol
establishes that a person is present. It establishes nothing about whether that presence is doing any work.

A real document of this kind exists in the United Kingdom high-performance
system, and it is worth reading precisely because it is careful and public.??

consensus The point of the invented version above is not that such statements
are dishonest. It is that a statement of human involvement is untestable unless
the organisation also records the override rate, and almost nobody does.

8.3 Making oversight testable

Three measurements convert a claim of human oversight into something a board
can audit. The proportion of recommendations that were changed before action,
which should never be zero and rarely above half. The proportion of decisions
where the recorded reason differs from the system's stated reason, which is where
practitioner expertise is actually entering. And the time between recommenda-
tion and decision, because a median measured in seconds is a rubber stamp
regardless of what the policy says.

24



None of those three requires new software. All three require the club to record the
decision alongside the recommendation, which is the habit this whole paper
reduces to.

CHAPTER NINE

Safeguarding, health and the medical
boundary

There is a line in law where a performance tool becomes a regulated medical
device. A good deal of what is being sold sits on the wrong side of it.

This chapter draws two boundaries. The first is around children, where the
applicable law is stronger than most performance departments realise and the
sport-specific guidance is weaker. The second is around health, where the regulat-
ory definition is more expansive than most suppliers admit.

9.1 Children

The Age Appropriate Design Code applies to information society services likely to
be accessed by children in the United Kingdom and sets 15 standards, among
them the best interests of the child, data protection impact assessments, transpar-
ency, detrimental use of data, default settings, data minimisation, data sharing,
restrictions on profiling and restrictions on nudge techniques.* CcONsensus It
came into force in September 2020 following a transition period and is a statutory
code rather than optional guidance. Its profiling standard requires that options
using profiling are off by default unless a compelling reason exists, and that pro-
filing is allowed only where measures are in place to protect the child from
harmful effects.

Whether the code applies directly to a club's internal player-management system
is arguable, since such a system may not be an information society service likely
to be accessed by children. A club relying on it should say that it is applying the
standards by analogy, as best practice, and should lead on the impact assessment
obligation in Article 35, which applies to any controller regardless.’® CONSENSUS

What does not exist is sport-specific guidance. The standards for safeguarding
and protecting children in sport, published in 2002 and revised in 2018, run to ten
headings covering policy and procedures, operating systems, prevention, codes
of conduct, equity, communication, education and training, access to advice,
implementation and influencing.® consensus Not one of them addresses data,
technology, profiling or automated decision-making. I searched for published
guidance on artificial intelligence and children's data in sport and found none,
and a bounded search of the peer-reviewed literature on children's data in sports
technology returned almost nothing on point. That absence is the strongest single
argument for a club writing its own position rather than waiting.



WHAT THIS RULES OUT

No score attached to a child. No ranking of children by predicted adult potential. No system that commu-
nicates with a child without an adult in the loop. No profiling of a young athlete without a completed
impact assessment that considers the child's interests specifically. The series' third and fourth papers
develop these into practical requirements for grassroots athletics and academy football.

9.2 The medical boundary

The second boundary is drawn by medical device regulation, and it is drawn fur-
ther out than the sports technology market behaves as though it is. In the
European Union, a medical device is defined to include software intended for one
or more specified medical purposes, and the list of purposes expressly names
prediction and prognosis, and expressly names injury.** CONSENSUs Software
intended to provide information used to take decisions with diagnostic or thera-
peutic purposes is classified as at least class Ila under Rule 11, rising with the
severity of the consequence.

United Kingdom guidance draws the same line in more practical language. Monit-
oring general fitness, health and wellbeing is not usually considered a medical
purpose, and apps monitoring sport or fitness measures such as heart rate are not
considered medical devices, although in specific cases where the intention is to
investigate physiological processes they may be. Software is most likely to be a
device where it results in a diagnosis or prognosis, providing future risk of dis-
ease, and decision support software is usually considered a medical device when
it applies automated reasoning such as a calculation or an algorithm.®
CONSENSUS

WHERE A PERFORMANCE TOOL BECOMES A REGULATED DEVICE

THE LINE

Outside the medical device regime Inside it, or close enough to need advice

® Records what happened
Distance covered, sessions completed, a wellness score as reported.

® Infers a future risk of disease or injury
Automated reasoning producing an individual prognosis.

® Summarises and retrieves
Assembles a record, finds the relevant note, drafts the message.

® Applies aclinical algorithm
A calculation or rule that supports a diagnostic or therapeutic decision.

® Reports general fitness
Heart rate and activity monitoring for fitness and wellbeing purposes.

® Investigates a physiological process
Where the stated intention moves from fitness to physiology.

® Influences treatment
Dose, progression, timing, or the content of a rehabilitation plan.

® Presents options
Explains the choices and leaves the practitioner to pick the path.

The definition names prediction and prognosis, and it names injury

A product that forecasts an individual's injury risk has described itself into the regulated definition, whatever the marketing says. Take advice before, not after.

FIGURE 8 The line as drawn by the regulator's own tests. The right-hand column is not a list of bad products. It is a list of products that need advice
before deployment.

References 44 and 45. The allocation of examples to each side is the author's own reading and is not a regulatory determination. PRACTICE

Read those two sources together and the implication for the market is uncomfort-
able. A product that forecasts an individual athlete's future injury risk has
described itself into the regulatory definition, whatever the marketing says. My
own view, which a club should verify with its own advisers rather than accept
from this paper, is that a substantial share of the injury-prediction products sold
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into sport have never tested themselves against Rule 11, and that the question is
more likely to be asked by a regulator than by a buyer.

The practical guidance is simple. If a system outputs a future risk of injury or ill-
ness for a named person, treat it as needing advice before deployment rather than
after. If it reports what happened and leaves the inference to a clinician, it is on
the other side of the line. Chapter 3's refusal quadrant and this boundary are the
same boundary seen from two directions.

CHAPTER TEN

Knowledge ownership and intellectual

property

The most valuable asset in a performance department is a coaching method

held in five or six heads. Nobody has decided who owns it.

Three kinds of knowledge meet inside a performance system and they are gov-
erned by different rules that almost nobody separates. There is athlete data,
which is personal data and belongs to a regime described in Chapter 4. There is
the supplier's model, which is the supplier's intellectual property and normally
not disclosed. And there is coaching methodology, which is the reason the club is
any good, which has usually never been written down, and which is silently
transferred to the supplier the moment the club starts entering it into their soft-
ware.

That third category is where the value leaks. A club that spends a decade develop-
ing a way of preparing athletes, and then enters that method into a platform
under terms permitting the supplier to improve its models using customer data,
has given away the asset it was trying to protect. The transaction is rarely deliber-
ate and rarely noticed, because it looks like data entry rather than like a transfer.

10.1 What to settle in the contract

Four positions, stated plainly. Whether the supplier may use club or athlete data
to develop or improve models the club does not own. Whether coaching content
entered into the system is licensed to the supplier and on what terms. What the
club receives on exit, in what format, and whether that includes the derived
record rather than only the raw inputs. And whether the supplier may reference
the club in marketing, which sounds trivial and is the clause most often used to
establish that a relationship was closer than it was.

Because a processor may act only on the controller's documented instructions, a
club that has not addressed model training in its contract has not established that
it does not happen.3® consensus That is a legal observation, not legal advice, and
a club should take its own.

10.2 The case for writing the method down

There is a second reason to take this seriously that has nothing to do with con-
tracts. A method that lives only in people leaves when they do. Every perform-
ance director I have spoken to can name a period when a change of staff cost the
organisation years, and none of them can produce the document that would have

THE ONE CLAUSE

Whether the supplier may train its
own models on your data is the

single clause with the largest long-

term consequence in most
performance software contracts.

27



prevented it. Artificial intelligence is genuinely useful here, and the use is
unglamorous. A system that captures why a decision was made, in the practi-
tioner's own words, at the time it was made, produces the institutional memory
that no amount of prediction ever will.

My own view is that this is the most undervalued application in the sector. It does
not require a model at all. It requires a habit and a place to put the record, and it is
the application least likely to be sold to you because there is no algorithm to
demonstrate.

CHAPTER ELEVEN

Procurement and assurance

Twelve questions asked before signature will tell a buyer more than any

demonstration.

Sport has no procurement framework of its own for artificial intelligence. I
looked, and found none published before this paper was written. What does exist
is public-sector guidance that transfers without modification, and a governing
body in receipt of public funding can adopt it directly and defensibly.

United Kingdom government guidelines for procuring artificial intelligence set
out ten considerations, and the eighth of them is to avoid black box algorithms
and vendor lock-in.*® consensus That is government procurement policy, pub-
lished in 2020, and it says in four words what the methodological literature takes
a paper to say. A parallel multi-stakeholder toolkit published the same month
covers the same ground for public buyers internationally.*> coNsensus Neither
was written for sport. Both work.

TWELVE QUESTIONS BEFORE SIGNING ANYTHING

Evidence Explanation Control
Show the validation study, its sample o Can a coach see the inputs behind a ° Who is the controller and who is the
and its error bounds. single recommendation? processor, in writing?
How does the model perform on e What does the system say when it o Is our data used to train models we
athletes like ours, by sex and by does not know? do not own?
level?

Which outputs are measured, which o What happens to the record if we

What is the performance on data the derived, which guessed? leave, and in what format?

model has never seen?

A supplier who cannot answer these is not necessarily selling a bad product. They are selling one you cannot govern.

Accountability

Which decisions does the supplier
expect a human to make?

What is logged when a
recommendation is overridden?

Who is liable when the system is
confidently wrong?

FIGURE 9 The responsible sports Al procurement scorecard. A supplier who cannot answer these is not necessarily selling a bad product. They are

selling one that cannot be governed.

Athleet.Al framework, informed by references 48 and 49. ATHLEET.AI
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11.1 How to use the twelve

Send them in writing before the demonstration rather than after it. A demonstra-
tion is designed to answer questions the supplier chose, and the 12 are designed
to answer questions the club needs. Score the responses as answered, partially
answered or not answered, and treat the pattern of non-answers as the finding. In
my experience the questions that go unanswered cluster, and the cluster tells you
what kind of company you are dealing with.

Two of the 12 deserve particular weight. The question about performance on data
the model has never seen separates suppliers who have done external validation
from those who have reported training performance and hoped nobody asked.
The question about what is logged when a recommendation is overridden separ-
ates products designed for governed use from products designed for demonstra-
tion.

11.2 Standards a buyer can point at

Three instruments give a board something external to reference without commis-
sioning anything. A national risk management framework for artificial intelli-
gence organises the work into four functions, being govern, map, measure and
manage.*® CONSENsUs An international management system standard for artifi-
cial intelligence exists and is certifiable, which matters because it lets a club ask a
supplier for evidence rather than assurance.#” consensus And an internal audit-
ing framework from the research literature sets out five stages of scoping, map-
ping, artifact collection, testing and reflection, each producing documents that
together form an audit report.!® CONSENSUS

None of these is a certification a sports body needs. All three are useful as a
vocabulary, because they let a performance director describe what they want in
terms a technology supplier already recognises.

SPECIFICATION
What to require in the contract, beyond the usual
- The validation study, its population and its error bounds, supplied before signature rather than on
request.
+ A statement of which decisions the supplier expects a human to make, in the supplier's own words.
« Export of the derived record, not only the raw inputs, in a documented format, on 30 days' notice.
+ An explicit position on whether club or athlete data may be used to train models the club does not own.

+ Notification when the model changes materially, because a system that is revalidated silently is a
different system.
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CHAPTER TWELVE

Proving value without overclaiming

Availability is the honest value metric. It is measurable, auditable, prospect-

ively validated, and it beats the models on their own ground.

Every organisation that buys a performance system eventually has to justify it,
and the temptation at that moment is to claim a causal effect the data cannot
carry. There is a better argument available, and it has the advantage of being true.

THE VALUE CHAIN A CLUB CAN ACTUALLY AUDIT

Better decisions More available athletes More completed plans Better competitive Value to everyone else
outcomes

Recorded, explained and Fewer interrupted preparations, Availability against plan is the Established prospectively in a Squad stability, sponsor

reviewed rather than more completed weeks. measure that survives audit. team sport and an individual certainty, longer careers.

remembered.

one.

86%

match availability across 1565 team-seasons in European football,
where lower injury burden tracked higher league finish and more

X

the likelihood of hitting a performance goal among track and field
athletes who completed more than 80 per cent of planned training

points per match. weeks.

This chain is a claim about association, not a promise of causation

The published studies are prospective cohorts, not trials. A club may reasonably act on them and should not advertise them as proof that software caused the result.

FIGURE 10 The chain aclub can audit at every link. The two figures are from prospective cohort studies, and the chain is an association rather than a

demonstrated causal path.

References 57 and 58. The chain itself is the author's own framework. = ATHLEET.AI

12.1 What the availability evidence supports

Researchers followed 24 European football clubs prospectively for 11 seasons,
covering 155 team-seasons, 7,792 injuries and 1,026,104 hours of exposure. Total
injury incidence was 7.7 injuries per 1,000 hours, injury burden was 130 days lost
per 1,000 hours and player match availability was 86 per cent. Lower injury
burden and higher match availability tracked a higher final league position;
lower incidence, lower burden and higher availability tracked more points per
match; and lower burden and higher availability tracked an increase in the club's
European coefficient.5” PEER-REVIEWED

The same relationship holds in an individual sport, where 33 international track

and field athletes were monitored weekly across 76 athlete-seasons over five

years. Athletes who completed more than 80 per cent of planned training weeks

were seven times more likely to achieve a performance goal, at an area under the

curve of 0.72. Training availability accounted for 86 per cent of successful sea-

sons, and for every modified training week the chance of success fell.5
PEER-REVIEWED

Set that 0.72 beside the 0.52 from Chapter 5. A counted threshold, requiring no
model at all, outperforms machine-learned injury prediction on the discrimina-
tion measure the modellers themselves chose. That comparison is not quite like
for like, since the studies ask different questions in different sports, and I say so

30



rather than let the rhetoric run. It remains the most useful single fact in this
paper for anyone deciding what to measure.

12.2 What may and may not be claimed

Both studies are prospective cohorts, not trials. They establish association
between availability and success, in populations that differ from most clubs. A
club may reasonably act on them. A supplier may not advertise them as proof that
software caused a result, and a club should refuse to repeat such a claim on a
supplier's behalf.

The defensible claim is narrower and more useful. A system that improves the
quality and the recording of decisions should, if the association holds, show up
first as more completed planned work, then as fewer interrupted preparations,
and only then as competitive outcomes, which are influenced by a great many
things software does not touch. Measure the first, expect the second and stop
short of promising the third.

THE ARGUMENT IN ONE PARAGRAPH

Do not try to prove that artificial intelligence made the team better. Prove that more athletes completed
more of what was planned, that more decisions have a recorded reason, and that the reasons stand up when
reviewed. Those are countable, they are auditable, and the published evidence links them to outcomes in
both a team sport and an individual one. Everything beyond that is a claim the data will not carry, and
making it is how credibility is lost.

CHAPTER THIRTEEN

The responsible performance system

Three meetings, one register and one habit. The operating model is deliber-
ately small, because a large one will not be adopted.

Everything in this paper reduces to an operating model that fits into meetings a
club already holds. I have deliberately not proposed an ethics committee, a new
head of anything, or a policy document with a version number. Those exist in this
sector and they do not work, because they sit beside the decisions rather than
inside them.
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THE RESPONSIBLE PERFORMANCE SYSTEM IN OPERATION

Board and assurance An owner named for every system in use The register of decisions that may not be Incidents, overrides and what was learned
automated
QUARTERLY
EVIDENCE UP AUTHORITY DOWN
Performance leadership Which recommendations were accepted and Availability and outcome against plan New systems entering or leaving service

which were not
MONTHLY

Practice Recommendation, approval and action Uncertainty stated before the decision, not Anything the system got wrong, written down

recorded together after
DAILY

Three meetings, one register and one habit of writing decisions down. None of it requires a new department.

FIGURE 11 Three tiers, three cadences and the artefacts each produces. Evidence travels upward and authority travels downward, which is the
opposite of how most governance in sport is drawn.

Athleet.Al framework. ATHLEET.AI

13.1 Theregister

One page, four columns. Every system in service, the family it belongs to from
Chapter 2, the decisions it touches from Chapter 3, and the person accountable for
it. Alongside it, the shorter and more important list of decisions this organisation
will not automate. That second list is the one to publish internally, because it tells
practitioners what the software will never do to them, which is the fastest way to
earn their attention for what it does.

13.2 The three cadences

Daily, at the point of practice, the recommendation, the approval and the action
are recorded together, uncertainty is stated before the decision rather than after,
and anything the system got wrong is written down. Monthly, performance lead-
ership looks at which recommendations were accepted and which were not, at
availability and outcome against plan, and at systems entering or leaving service.
Quarterly, the board sees the register, the list of decisions that may not be auto-
mated, and the incidents, overrides and what was learned from them.

None of that requires a new meeting. It requires three existing meetings to have
one additional standing item, and it requires somebody to own the register.

13.3 The first 100 days

In the first month, complete the register and the decision matrix, and expect both
to surprise you. In the second, write the four contract positions from Chapter 4
and the four from Chapter 10, and send the 12 procurement questions to every
supplier already in service rather than only to new ones. In the third, start record-
ing decisions alongside recommendations for one squad, measure the override
rate, and review it. Do not begin with a technology decision. Beginning with a
technology decision is how organisations end up governing a product instead of a
practice.



ILLUSTRATIVE SCENARIO
What the first quarterly review usually finds

An invented federation completes its first cycle. The register lists 11 systems, four of which nobody had
approved. The override rate on the load management tool is zero, which the performance director initially
reports as evidence that the model is good and which the review correctly reads as evidence that nobody is
looking. Two decisions in the quarter were recorded with a reason that differed from the system's, and both
turned out well, which is the first genuine sign that expertise is entering the system. The most useful item
on the agenda is a single line noting that the wearable's sleep staging has never been validated against
anything, and that three decisions were made on it anyway.

13.4 What good looks like in three years

A programme that has done this properly will not look dramatically different
from outside. The same coaches will be coaching, the same arguments will be
had, and the athletes will still do the work. What will have changed is that a
decision made in September can be found in April with its reasoning intact, that a
new performance director inherits a method rather than folklore, that an athlete
leaving takes their own record with them, and that nobody is being asked to trust
a number whose provenance they cannot establish.

That is a modest description of success and a demanding one to achieve. It is also,
on the evidence assembled here, considerably more valuable than the prediction
the sector keeps being offered instead.

A club with a mediocre model and excellent governance will outperform
a club with an excellent model and none, because only the first club is
capable of learning.

CHAPTER ONE
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END MATTER

Board readiness checklist

Twenty items a board can work through in one session. The first six cost
nothing and find most of the problems.

]

[

]

The register exists

Every system in service is listed with its family,
the decisions it touches and a named owner.

The refusal list is published internally

Practitioners can see which decisions this
organisation will never automate.

The decision matrix is complete

Filled in by the people who make the decisions,
not by the people who buy the software.

Impact assessments precede deployment

Not after a pilot, which answers a different
question.

Controller and processor are named in writing

For every supplier, in the contract rather than in
an assumption.

The model training position is stated

Whether a supplier may train its own models on
club or athlete data, as a yes or a no.

Validation studies are held on file

With population, sample and error bounds, for
every predictive claim in service.

Performance on unseen data is known

Or the absence of that figure is recorded as a
known gap.

Subgroup performance is reported or declared
unknown

By sex and by level, for the athletes this
organisation actually has.

Recommendations carry provenance

Every input named and dated, so a disputed number
can be traced.

[
[

[

[

[

Uncertainty is stated in usable words

Before the decision, not in a footnote afterwards.

Alternatives are offered

A recommendation with no alternative is an
instruction.

The five roles are separated

Nobody recommends, approves, acts and
reviews the same decision.

The override rate is measured

Zero is a finding, not a success.

Time to decision is measured

A median in seconds is a rubber stamp whatever
the policy says.

No score is attached to anybody under 18

And no ranking of children by predicted adult
potential.

Health inference is identified and advised on

Any system outputting individual future injury
or illness risk has been through legal advice.

Exit terms include the derived record

Not only the raw inputs, in a documented
format.

Athletes can obtain their own record

In a usable form, within a stated period, on
request.

Availability against plan is the headline measure

Reported to the board alongside, and ahead of,
any predictive output.
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END MATTER

Glossary

Area under the curve

A measure of how well a model separates the people to
whom an event happens from those to whom it does not.
A value of 0.5 is chance and 1.0 is perfect separation.

Automation bias

The documented tendency to rely on an automated output
more than the evidence warrants, and to miss errors the
system introduces.

Calibration

Whether predicted risks match observed frequencies. A
model can rank athletes well and still be systematically
overconfident.

Controller and processor

The organisation that decides why and how personal data
is processed, and the organisation that processes it on the
controller's documented instructions.

Data protection impact assessment

An assessment required before high-risk processing
begins, covering the processing, its necessity, its risks and
the measures addressing them.

Discrimination

A model's ability to rank one person above another. Not
sufficient on its own for a decision about an individual.

Explainability by construction

Designing a system so that its reasoning is visible, rather
than generating an explanation afterwards by a separate
mechanism.

External validation

Testing a model on data it has never seen, ideally from a
different population, season or organisation.

Override rate

The proportion of system recommendations changed by a
human before action. The most useful single measure of
whether oversight is real.

Proxy label

Something measurable, standing in for the thing actually
of interest. The most common source of consequential
bias in applied machine learning.

Provenance

The traceable origin of every input behind an output, with
its source and its date.

Special category data

Data requiring a further condition beyond a lawful basis,
including data concerning health and biometric data used
to identify a person.

END MATTER

Method and evidence grading

How the sources in this paper were selected, checked and graded, and what the

reader should distrust.

Sources were gathered from the peer-reviewed literature, primary legislation,
regulator guidance, national standards bodies and governing-body publications,
with priority given to systematic reviews, methodological criticism and primary
legal instruments over single primary studies. Every reference in the list that fol-
lows was checked against the publishing journal, publisher, issuing body or the
legislation itself, and then checked a second time by an independent process
against the same sources. Point-in-time legislative text was used where the
position has since changed.

What could not be verified

Five things were searched for and not found, and their absence shapes this paper.
No sport-specific guidance on artificial intelligence and children's data was loc-
ated from any safeguarding body. No artificial intelligence procurement frame-
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work written for sport was found. No binding governance instrument on perform-
ance Al was found from any international federation, and the strategy documents
that exist are aspirational rather than operative. No peer-reviewed application of
contextual integrity to sport was found, so where this paper reasons in that direc-
tion it does so on its own account. And no study quantifying the failure rate of
human override in a deployed sporting or clinical system was found, so Chapter 8
argues from mechanism rather than from a number.

Two sources are cited with an explicit limitation. The operating guidelines for the
athlete biological passport are quoted from the version the author was able to
obtain rather than the most recent, and the reference says which. The strategy
document published by the international body in 2024 is characterised from its
own launch release rather than from the document text, which could not be
obtained.

What to distrust in this paper

Three things. The decision-risk matrix in Chapter 3, the accountability model in
Chapter 8 and the operating model in Chapter 13 are the author's own frame-
works, proposed rather than validated, and they are published in a form designed
to invite disagreement. The comparison in Chapter 12 between an availability
threshold and machine-learned injury prediction sets side by side studies that
asked different questions in different sports, and the text says so where the com-
parison is made. And the readings of the medical device boundary and of the
scope of the European regulation are the author's, offered to prompt proper
advice rather than to substitute for it.

Conflict of interest

The author is the founder of Athleet.Al, which builds software in the area this
paper examines. The paper recommends against several categories of product
that would be commercially straightforward to build and sell, and it proposes
controls that would make the author's own product harder to sell badly. Readers
should weigh the argument accordingly. Test the citations rather than the author.

END MATTER
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WHERE THIS GOES NEXT

A responsible sports Al
readiness assessment

The argument in this paper is testable, and the cheapest way to test it is to com-
plete the register and the decision matrix before buying anything else. Most
organisations find something on the register they did not know was running,
and most find that the decision they most want help with is one this paper says
should never be automated.

Athleet.AI runs readiness assessments with federations, clubs, institutes and
technology companies. The output is a register, a completed decision matrix, a
procurement position and a list of the gaps that matter, delivered as a document
the organisation owns and can act on without us.

What an assessment involves

- Two workshops with the people who make the decisions, not only the people who buy
the software.

+ A completed register of systems in service, with families, decisions touched and
named owners.

 The decision-risk matrix filled in for this organisation, with its own refusal list.
+ A written procurement position and the twelve questions issued to existing suppliers.

+ A measurement baseline covering availability against plan and the current override
rate.

Athleet Ai

The Responsible Performance System - Paper One of Seven - Athleet.Al Performance Intelligence Whitepaper Series
Paul Forrest - April 2025 - Version 1.0
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