


About this paper
This paper examines what happens when contested training load
science is packaged into software and shown to developing endur-
ance athletes, their parents and the volunteer coaches who plan
their weeks. It is written for club coaches, performance and educa-
tion leads in governing bodies, and anyone commissioning or buy-
ing a tool that turns training data into a readiness score, a risk col-
our or a recommended load. It does not review any product, and it
makes no claim about what any particular tool does.

Within the Athleet.AI strand, the paper carries the same single ar-
gument as its companions, namely that AI in coaching and athlete
development has to respect the non-linear,  human and develop-
mental nature of athletic progress. The first paper in the strand
made that case for talent identification. This one makes it for the
weekly  business  of  deciding  how  much  a  young  runner,  rower,
swimmer or  cyclist  should train,  where  the  pull  towards  a  tidy
number is strongest and the science beneath the number is thin-
nest.

Editorial balance.Roughly half of the paper reports and weighs
published evidence on load monitoring, injury prediction, period-
isation and individual response. About a third is my own analysis
of how interface design converts that uncertain evidence into ap-
parent precision,  and the remainder sets out a proposed frame-
work of design principles, marked throughout as the author's own
and offered for testing.

H O W  T O  R E A D  T H E  E V I D E N C E  TA G S

Every substantive claim carries a tag stating what
kind of evidence supports it. Two tags are com-
bined where a claim rests on both.

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

REVIEW  A systematic review, meta-analysis or narrative
review.

CONSENSUS  A governing body position, consensus
statement or official guidance.

PREPRINT  A working paper or preprint not yet peer
reviewed.

INDUSTRY  A company announcement, press report or
industry source.

SCHOLARLY  A scholarly book, edited volume or law
journal article.

PRACTICE  Practitioner opinion, including the author's
own.

EVIDENCE GAP  The available evidence does not answer
the question.

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

Legal and regulatory notice. Parts of this paper describe legislation, regulation, regulator activity or court decisions.
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.AI, and the material is presented to support discussion and further review
by qualified advisers. Statements about what a source says are attributed to that source. Where I draw a practical
implication that a source does not state, the text says so.
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A  N O T E  F R O M  T H E  A U T H O R

The week I stopped trusting the red square

For most of my coaching life I have kept training diaries by hand, and for the last few years I have also kept
them in software. The software is better at arithmetic than I am. It is worse at knowing that a teenager slept
badly because of exams, or that her easy run was slow because she ran it with a friend who was coming back
from illness, and it has no way of knowing that a flat fortnight in March is often what precedes a good summer.

What pushed me to write this paper was a small moment. A colour on a screen changed, and the athlete con-
cerned read it before I did. The number behind it was a ratio whose standing in the research literature had
shifted considerably since it was first popularised, yet nothing on the screen said so. The colour carried the con-
fidence of a medical test. I spent the next conversation undoing a worry that the data did not justify, and I came
away thinking that the fault lay chiefly with a habit in our field of treating a descriptive figure as though it
were a forecast.

In my advisory work outside sport I see the same habit whenever a dashboard is built faster than the evidence
behind it. Sport has an additional reason for care, because many of the people reading these screens are young,
many of the coaches are unpaid, and the timescale that matters is years, while the software thinks in days.

None of this makes me hostile to measurement. I would not want to coach without a record of what athletes
have done and how it felt. The case in these pages is narrower. Tools should describe load honestly, show how
uncertain their inferences are, and leave the decision about next week with a person who knows the athlete.
Where I go beyond the evidence I say so, and the framework in the final chapter is mine, offered for challenge.

Paul Forrest
Founder, Athleet.AI
21 June 2023
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T W O  P A G E S  T H AT  C I R C U L AT E  O N  T H E I R  O W N

Executive summary

Training load software can make a weak metric look authoritative, and in long-
term endurance development that false precision is a greater risk than the absence
of data. The answer is to build and buy tools that describe load and its trend, label
any classification as descriptive and non-clinical, show their uncertainty, and leave
prescription with the coach.

Load monitoring rests on some defensible foundations, including the distinction between internal and external
load and a well-described pattern of intensity distribution in trained endurance athletes. Around those founda-
tions has grown a set of confident derived metrics whose predictive value has been heavily criticised. When
software presents those metrics as single numbers, colours and recommended loads, it strips out the uncer-
tainty that the research literature itself reports, and it does so in front of readers who are often young and often
unsupported.
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1
The distinction between internal and external
load is the most defensible part of load monitor-
ing.

Internal load, the athlete's physiological and psycho-
logical response, is what drives adaptation, and ex-
ternal load, the work done, only makes sense along-
side it.1 PEER-REVIEWED  Simple self-report measures
appear to track training responses at least as well as
many objective markers,2 REVIEW  so tools that record
both kinds of load, and that treat self-report as data,
stand on firm ground.

2
The acute:chronic workload ratio should not be
presented as an injury predictor.

The ratio was popularised as a way to identify a safe
zone of load progression.3 PEER-REVIEWED  Later ana-
lyses argued that its conventional calculation pro-
duces spurious correlation and that the ratio has fun-
damental conceptual and statistical flaws, with no
evidence supporting its use in managing injury risk.4,5

PEER-REVIEWED

3
Injury prediction in sport remains weak, and ma-
chine learning has not yet changed that.

A critical review argued that screening tests are un-
likely ever to predict injury well,6 REVIEW  and a sys-
tematic review found that most published injury pre-
diction models carry a high risk of bias.7 REVIEW  Ma-
chine learning studies are growing in number, but a
systematic review of them found only 11 eligible stud-
ies, with predictive performance ranging from poor to
strong and methodological quality that could still be
improved.8 REVIEW

4
Individual responses to the same training vary
widely, and population models misfit individuals.

Standardised training produces widely different fit-
ness gains in different people.9 REVIEW  Separating
true individual response from measurement error and
day-to-day variation requires designs that most mon-
itoring data cannot supply.10 PEER-REVIEWED

5
Periodisation offers a plan under uncertainty,
and software tends to present it as a mechanism.

Critics argue that much periodisation practice is tradi-
tion-led and rests on assumptions of predictable ad-
aptation that biology does not honour.11,12 REVIEW  An
algorithm that prescribes next week's load to a pre-
cise figure imports those assumptions and hides
them.

6
Interface choices, more than algorithms, are
where false precision is manufactured.

Single-number scores, traffic-light colours and con-
fident verbs imply a certainty the underlying science
does not have. ATHLEET.AI  Young athletes and volun-
teer coaches are the readers least equipped to dis-
count that signal, and consumer platforms increas-
ingly place it in front of them. PRACTICE

What follows for a club or governing body

Clubs and governing bodies do not need to reject load tools, but they should set conditions for their use with de-
veloping athletes. Those conditions include no injury-risk labels without validated evidence for the population
concerned, visible uncertainty on every derived figure, descriptive language for any classification, and a plain
statement that the coach, working with the athlete, owns the training decision.

Governing bodies are also well placed to publish guidance that volunteer coaches can use when a parent or ath-
lete arrives worried about a colour on a screen. My own view is that such guidance would do more good, sooner,
than any improvement in the underlying models, because the models will remain uncertain for years while the
screens are already in use.
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P A R T  O N E

What the science can bear

The evidence on load, readiness and injury, separated into what holds up and
what does not.



C H A P T E R  O N E

A red flag before the county race
A readiness score is a claim about the future dressed as a description
of the past, and in youth endurance sport the reader of that claim is
often the least able to question it.

Endurance coaching has always involved judgements about load. How far, how fast,
how often and with how much rest are questions every coach answers weekly, and for
most of the history of the sport the answers were written in notebooks and argued
over at the track. Software has changed the medium of those judgements more than
their substance. What it has also changed, and what this paper is about, is the confid-
ence with which the answers are presented.

I L L U S T R AT I V E  S C E N A R I O

A colour on a Thursday

Maya is 15 and runs the 1500m for a club with two volunteer endurance coaches. Her
mother pays for a consumer training app that links to her watch. On the Thursday be-
fore the county championships, after a week in which a school cross-country fixture
was added to her usual sessions, the app shows her load ratio in red and a message
that her injury risk is high. It suggests she reduce training by a set percentage for the
coming week. Maya reads the message on the bus, tells her coach she is worried about
getting injured and asks whether she should race at all. Her coach, who has known
her for four years, thinks she is tired from exams but otherwise well, and knows that
her weekly volume is modest by any standard. The coach has no way to see how the
app reached its figure, and no way to tell whether the red square reflects anything
more than one extra race in a quiet week.

The scenario is invented, but its elements are ordinary. Consumer fitness platforms
increasingly surface readiness and load scores to amateur and youth athletes, often
with colour coding and suggested adjustments. PRACTICE  Much of this is sold within a
wider enthusiasm for AI, and consultancy estimates of the economic value of generat-
ive AI alone run to trillions of dollars a year,13 INDUSTRY  which gives some sense of the
commercial pressure to add intelligent features to every product that holds data.

1.1 Why false precision is the main risk

My argument is  that,  in  long-term endurance development,  the most  serious risk
from algorithmic load tools lies in apparent precision, and that data scarcity is the
smaller problem. A number on a screen implies that it was measured. A colour im-
plies a threshold, and a threshold implies that someone validated it. A recommended
load for next week implies that the relationship between this week's training and
next week's adaptation is known well enough to be calculated. Each implication may
be false, and the reader has no means of telling.
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The harm runs in two directions. An athlete may be frightened away from a sensible
session or a race by a signal that carries no predictive weight, as Maya nearly was.
Equally, a green screen may reassure an athlete who is unwell, under-fuelled or carry-
ing an early overuse problem that no load metric would detect. Both errors are more
likely when the reader is young, when the coach is a volunteer without sports science
training, and when the tool gives no hint of its own uncertainty. ATHLEET.AI

A third harm is slower and harder to see. When athletes learn to consult a score be-
fore they consult their own sense of how training is going, they may lose some of the
self-knowledge that endurance sport depends on in the long run, since no device ac-
companies an athlete into the final lap of a race. I cannot point to research that meas-
ures this effect in young endurance athletes, and I raise it as a concern drawn from
practice.  PRACTICE EVIDENCE GAP  An earlier  paper  in  this  strand,  The Coach in  the
Loop, made a parallel point about coaches, whose judgement may weaken if it is exer-
cised less often.

1.2 Scope and approach

The paper concentrates on endurance sports, where training volume is high, where
the athletes who concern me are often between 12 and 18, and where development un-
folds over many years. Its evidence is drawn mostly from sport science. Some of the
literature predates the current wave of AI products, and I use it deliberately, because
the metrics now being automated were developed and criticised in that earlier period.
Where the evidence does not answer a question, the paper says so, and where I draw
an inference, it is marked as mine.

AT H L E E T. A I  WO R K I N G  PA P E R  S E R I E S A  R E D  F L AG  B E F O R E  T H E  C O U N T Y  R AC E

Load, Readiness and False Precision · Paper five of six 10



I N T E R N A L  A N D  E XT E R N A L

External load is what the athlete
did, such as distance, pace or
power, and internal load is what
it cost them, such as heart rate
response or perceived effort.
Most of the useful information
sits in the relationship between
the two.

C H A P T E R  T W O

What load monitoring can defend
Before criticising what software does with load data, it helps to be
precise about which parts of load monitoring have earned their
place.

The case against false precision could be misread as a case against measurement. It is
nothing of the kind, and several parts of the load monitoring literature are well ar-
gued, widely used and useful to coaches at every level.  The problem arises further
along, when defensible descriptions are converted into predictions.

2.1 Internal and external load

The distinction between external load, the work an athlete performs, and internal
load, the physiological and psychological response to that work, has become the or-
ganising idea of the field. Impellizzeri, Marcora and Coutts, reviewing its development
over 15 years, argue that internal load is the stimulus that drives training outcomes,
while external load matters chiefly for understanding and planning the work that
produces it.1 PEER-REVIEWED  Two athletes running identical sessions may therefore ex-
perience internal loads that differ widely. A record of distance or pace alone says little
about what the session cost either of them.

The International Olympic Committee consensus statement on load and injury, pub-
lished in 2016, takes a similar line, treating load as a broad concept that includes both
training and competition, alongside psychological and life stressors, and recommend-
ing that both internal and external measures be monitored.14 CONSENSUS  The same
statement drew attention to rapid changes in load as a risk factor, and it discussed the
acute:chronic ratio with some approval, a position that later critiques challenged and
that I return to in the next chapter.

2.2 Intensity distribution in endurance training

For endurance coaches, one of the better-described patterns concerns how training
intensity is distributed. Seiler's review of best practice reports that successful endur-
ance athletes across several sports perform about 80 per cent of their training ses-
sions  at  low intensity,  below the  first  ventilatory  threshold,  with  most  of  the  re-
mainder at high intensity.15 REVIEW  The review is descriptive of what well-trained
adults do, and its author is careful about how far it supports prescription. It nonethe-
less gives coaches a vocabulary for reviewing a training week that software can sup-
port usefully, simply by showing the proportion of time spent in each zone.

That usefulness depends on the zones being set sensibly for each athlete, which for a
growing adolescent is a moving target. A heart rate zone set from a test six months
ago may no longer describe the same physiological boundary, and a tool that reports
time  in  zone  to  the  minute  without  saying  when  the  zones  were  last  checked  is
already slightly overstating what it knows. PRACTICE
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2.3 Self-report and perceived exertion

Perhaps the most robust tool available to a volunteer coach costs nothing. Foster and
colleagues described a session rating of perceived exertion (RPE) method in which
the athlete rates the whole session's effort and the rating is multiplied by its duration,
giving a simple index of internal load.16 PEER-REVIEWED  A later systematic review con-
cluded that subjective self-reported measures, such as mood, perceived stress and re-
covery, responded to changes in training load with greater sensitivity and consistency
than commonly used objective measures such as blood markers and heart rate in-
dices.2 REVIEW

This matters for the design argument that follows. If simple self-report stands up so
well, then a tool that asks an athlete how she feels, records the answer faithfully and
shows it beside the training record is doing something defensible. The difficulty be-
gins when the same tool combines that answer with other inputs through an undis-
closed weighting and returns a single score with two decimal places.
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C H A P T E R  T H R E E

Where the confident metrics fail
The derived metrics most attractive to software designers are those
whose predictive claims have been most heavily criticised.

Between the defensible descriptions of the previous chapter and the scores that ap-
pear on consumer screens lies a layer of derived metrics, thresholds and prediction
models. The research literature on that layer is less reassuring, and a reader who met
these metrics only through an app would have little reason to know it.

3.1 The rise and fall of a ratio

The acute:chronic workload ratio compares an athlete's recent load, typically over one
week, with her longer-term load, typically over four weeks. Gabbett's influential 2016
paper argued that athletes are better protected by building high chronic loads gradu-
ally than by avoiding hard training, and it described a range of the ratio, roughly 0.8
to 1.3, associated with lower injury risk, with values of about 1.5 and above associated
with higher risk.3 PEER-REVIEWED  The idea was intuitive, easy to compute and easy to
display, and it spread quickly through team and individual sport.

Subsequent work questioned it on two fronts. Lolli and colleagues showed that when
the acute week is included within the chronic period, as in the conventional calcula-
tion, the two terms are mathematically coupled, which produces a spurious correla-
tion between them.4 PEER-REVIEWED  Impellizzeri and colleagues went further, arguing
that the ratio lacks a sound conceptual basis, that it does not normalise load in the
way its users assume, and that the evidence for it is weak enough that it should be
dismissed as a framework for managing injury risk.5 PEER-REVIEWED  The debate has
continued in the journals, and some practitioners still find the underlying idea about
avoiding sudden spikes in load a useful rule of thumb. PRACTICE  On the specific ques-
tion of whether a ratio value should be shown to an athlete as a measure of her injury
risk, however, my own reading is that the critiques leave little room.

A metric can be contested in the literature and uncontested on the screen.
Nothing in a coloured ratio tells its reader that the calculation behind it has
been challenged in the same journals that popularised it. The asymmetry
between what researchers argue and what users see is the core of the false
precision problem.

3.2 Screening, prediction and the problem of bias

The weakness of the ratio is part of a wider pattern. Bahr's critical review argued that
screening tests are unlikely to predict sports injury, and probably never will, because
a risk factor that is strongly associated with injury across a group can still discrimin-
ate poorly between the people who will and will not be injured.6 REVIEW  The distinc-
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tion between association and prediction is simple to state and easy to lose in software,
where any variable correlated with injury in a published study may be turned into a
personal risk flag.

Bullock and colleagues assessed the conduct of published musculoskeletal injury pre-
diction models in sport and found that most were at high risk of bias, with common
problems including small samples, inadequate assessment of model performance and
poor  reporting,  and  none  of  the  included  studies  externally  validated  a  model.7

REVIEW  A model that has not been tested on athletes outside the group that produced
it gives little assurance for a different population, and developing endurance athletes
are rarely the population on which models were built. EVIDENCE GAP

3.3 Machine learning inherits the problem

Machine learning is sometimes presented as the way past these limitations, since it
can combine many inputs and find non-linear relationships.  Rossi and colleagues,
working with GPS data from a single professional football club across one season, re-
ported  that  a  machine  learning  approach  forecast  injuries  better  than  several
baselines, including ratio-based methods.17 PEER-REVIEWED  The study is careful, but its
setting  is  a  single  squad  of  adult  professionals.  Its  design  therefore  cannot  show
whether the approach would transfer elsewhere.

A systematic review of machine learning in sport injury prediction and prevention
found only 11 eligible studies, reported predictive performance ranging from poor to
strong, and judged methodological quality generally sufficient but open to improve-
ment.8 REVIEW  Nothing in that literature, as I read it, supports showing a personal-
ised injury probability to a teenage distance runner, and, on my reading, most of the
included work concerned adult team sports whose injury patterns differ considerably
from those of young endurance athletes. More flexible models can also fit noise more
readily, which makes external validation more important. Yet external validation is
the step most often missing.

Metric or claim
What the evidence
supports

Suitable for automated display to
developing athletes

External load (distance,
time, pace)

Accurate description of
work done

Yes, as a record

Session RPE and self-
report

Useful index of internal load
and response

Yes, shown as the athlete reported
it

Time in intensity zones Descriptive, depends on
zone accuracy

Yes, with the date zones were set

Acute:chronic workload
ratio

Contested concept and
calculation

Trend only, never as a risk label

Injury risk score or
probability

Most models at high risk of
bias

No, absent validation in that
population

Recommended next-week
load

Rests on assumed
predictable adaptation

As an option for the coach, never
as an instruction

TABLE 1  Load metrics against the evidence reviewed in this paper and the author's proposed
display rule. Sources are cited in the text; the final column is the author's framework.
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P A R T  T W O

Individuals, time and the
interface

Why population averages misfit developing athletes, and how design turns un-
certainty into apparent certainty.



C H A P T E R  F O U R

Plans, people and long horizons
Training theory describes average tendencies over months, while a
young athlete lives through one particular body over years.

Even if the derived metrics were sound, two further problems would limit what soft-
ware could safely  say to  a  developing athlete  about  her  training.  The first  is  that
planned training theory has weaker foundations than its textbooks imply, and that its
most careful critics have been saying so for more than a decade. The second is indi-
vidual variation, which is large and hard to measure.

4.1 Periodisation as a plan under uncertainty

Kiely asked whether periodisation practice is led by evidence or by tradition. He con-
cluded that much of it rests on inherited planning assumptions that are no longer sci-
entifically justifiable.11 REVIEW  In a later paper he argued that periodisation theory
assumes that the body responds to a planned stimulus in predictable ways, when ad-
aptation is shaped by many interacting stressors and is inherently uncertain, so that
plans should be held loosely and revised in light of how athletes actually respond.12

REVIEW  Mujika and colleagues, writing from applied practice, described an integrated
approach in which periodisation spans nutrition, recovery, psychological preparation
and skill, each adjusted to the athlete and the context.18 REVIEW

Read together, these papers point towards a view of the training plan as a working hy-
pothesis revised through conversation. Software, by its nature, favours a fixed plan
that the athlete is expected to follow, with deviations recorded as failures of compli-
ance. A model that outputs next week's load to a precise figure assumes that the map-
ping from stimulus to response is stable enough to calculate. The critics dispute ex-
actly  that  assumption.  ATHLEET.AI  (I  should  add  that  many  experienced  coaches
already work this way and would not describe it in these terms; they simply adjust
the plan when the athlete arrives looking flat.)

4.2 Responders, non-responders and noise

Bouchard and Rankinen reviewed evidence, much of it from large family studies of
standardised training, showing wide individual differences in how people's fitness re-
sponds to the same exercise programme, with some people gaining a great deal and
others gaining little.9 REVIEW  This finding is sometimes quoted as proof that a per-
sonalised algorithm is needed. It could equally be read as a warning, since a model
trained on group averages will fit a great many people poorly.

Hecksteden and colleagues  added an  important  statistical  caution.  Much of  what
looks like individual variation in response to training may reflect measurement error
and within-subject variation in how well training works from one period to another,
and separating true individual response from that noise requires repeated measure-
ment and, in their view, repeated interventions.10 PEER-REVIEWED  Routine monitoring
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N O I S E  A N D  S I G N A L

A change in a daily score may
reflect a real change in the ath-
lete, an error in the sensor, or
ordinary biological variation.
Without repeated measures and
a sense of typical variation, a
single day's change says little.

data from a club athlete rarely has that structure. A tool that claims to have learned
how a particular athlete responds may therefore be describing noise with great con-
fidence, and the athlete has no way to tell which. EVIDENCE GAP

4.3 Development takes years, and it is not linear

The first paper in this strand, Predicting the Unpredictable, argued that athletic devel-
opment is non-linear and that early indicators are poor guides to later achievement.
The same applies to load. The International Olympic Committee consensus on youth
athletic development emphasises that growth, maturation and psychosocial develop-
ment proceed at individual rates, and it warns against early specialisation and excess-
ive  training  loads,  with  their  associated  risks  of  overuse  injury  and  burnout.19

CONSENSUS  During the adolescent growth spurt, a training load that suited an athlete
a year earlier may be excessive, while a flat or even declining performance may be a
normal feature of growth.

Growth also disturbs the measures themselves. Body mass, stride length and cardi-
ovascular  dimensions  all  change  during  adolescence,  so  a  pace  or  heart  rate  that
meant one thing in September may mean something different by the following sum-
mer, and baselines drawn from the earlier period can quietly go stale. PRACTICE

Software designed around weekly optimisation is poorly matched to that timescale. A
tool that rewards steady week-on-week progression may nudge athletes and parents
towards chasing short-term gains in exactly the years when patience matters most,
and a readiness score that dips during a growth phase may be read as a problem to be
solved when it is a stage to be lived through. ATHLEET.AI  Whether any current tool ac-
counts for maturation in its load models is something I have not been able to estab-
lish from published evidence. EVIDENCE GAP
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C H A P T E R  F I V E

How software manufactures
certainty
The step from uncertain science to apparent precision is taken
mostly in the interface, through choices about numbers, colours and
words.

Much of the debate about AI in sport focuses on algorithms. For load and readiness
tools, I would argue that the more consequential choices are made in presentation, in
the decisions about what to compress, what to colour and what to say, and those de-
cisions are often taken by product teams with little contact with the research literat-
ure. An honest model shown through a misleading interface still misleads.

5.1 What a readiness score contains

The term readiness has no agreed definition in the research literature reviewed here,
and in consumer products it usually names a composite. Typical ingredients include
overnight heart rate measures, sleep duration estimated from a wrist sensor, recent
training load and, in some products, a short self-report. PRACTICE  Each ingredient car-
ries its own measurement error. The method of combining them is rarely published in
a form that an outside reader can examine. The athlete sees the composite and almost
never the parts.

That opacity matters for a specific reason. The component with the strongest evid-
ence behind it, the athlete's own report of how she feels,2 REVIEW  may carry only a
modest weight in the composite, while a wrist-derived sleep estimate of uncertain ac-
curacy for adolescents may carry more. Whether that is so for any given product I
cannot say, and that inability is itself the point. EVIDENCE GAP  A coach who asked the
athlete directly would at least know what the answer was based on.

5.2 Single numbers and traffic lights

Collapsing several uncertain inputs into one score hides which input moved. A readi-
ness score of 62 invites comparison with yesterday's 68 as though the six-point differ-
ence meant something, even when the variation in the underlying measures might
easily account for it. Displaying decimals compounds the problem, because precision
in the display is read as precision in the measurement. ATHLEET.AI

Colour works in a similar way. Traffic-light schemes borrow the visual language of
clinical and safety warnings, and red in particular signals danger to almost any read-
er. When a threshold between amber and red was drawn from a contested ratio, or
chosen by a product team for visual balance, the colour still carries the full authority
of a warning. PRACTICE
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1 Contested metric A ratio or model with weak or disputed predictive
evidence.

2 Single score Several noisy inputs combined into one number
without error bars.

3 Threshold and colour An arbitrary cut point drawn in the language of
warning.

4 Confident wording Verbs such as predicts or detects imply validated
capability.

5 Prescription A precise load for next week presented as an
instruction.

6 Belief Athlete or parent acts on the signal without the
coach.

FIGURE 1  How uncertain evidence becomes apparent precision on a screen. Source: author's
framework.

5.3 Confident language and the missing denominator

Words complete the effect. A message that says injury risk is high implies a known
probability for this athlete, while a message that says this week's load is higher than
your recent average describes a fact. The first requires a validated prediction model
and the second requires arithmetic. Both fit on a phone screen, and the first sounds
more useful, which is exactly the problem. ATHLEET.AI

Risk statements also tend to omit their denominator. Telling a young athlete that her
risk is elevated says nothing about how common injury is in people like her,  how
much the risk has risen, or how often such warnings turn out to be wrong. The pre-
diction literature reviewed earlier suggests that, for most published models, those fig-
ures are either unknown or unreliable,7 REVIEW  yet the message on the screen gives
no hint of that.

Base rates add a further twist that is easily missed. Where injury in a group is fairly
uncommon over  a  given week,  even a  reasonably  discriminating  model  will  issue
many more warnings to athletes who stay healthy than to athletes who go on to be in-
jured, simply because the healthy athletes are so much more numerous. This follows
from Bahr's distinction between association and prediction,6 REVIEW  and it means
that a young athlete who sees a red warning is, on most plausible assumptions, more
likely to be fine than not. Nothing on a typical screen says so. ATHLEET.AI

5.4 Who reads the screen

The readers of these interfaces are not the performance scientists for whom the un-
derlying metrics were designed. In the club setting they include teenagers, parents
who are paying for the product and volunteer coaches with limited time and limited
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training in statistics. Such readers are the least likely to discount a confident signal
and the most likely to act on it without discussion. PRACTICE  A previous paper in this
strand, The Measured Child, discussed the wider questions of consent and autonomy
that arise when data about young athletes is collected. Here the narrower concern is
what the data is made to say.

Regulation offers some context, though not an answer. On 14 June 2023 the European
Parliament adopted its negotiating position on the proposed AI Act, with the final text
still to be agreed with member states, and the Parliament describes the rules as aim-
ing to protect  health,  safety and fundamental  rights from harmful  effects  of  AI.20

CONSENSUS  In the United Kingdom, the government announced on 7 June 2023 that
the country would host a global summit on AI safety.21 CONSENSUS  Neither develop-
ment, as far as I can see, addresses consumer training apps specifically, and my own
view, which goes beyond what either source says, is that clubs and governing bodies
should not wait for regulation before setting their own expectations. Whether any
given tool falls within a particular regulatory category is a question for qualified ad-
visers.
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P A R T  T H R E E

Designing for honest
uncertainty

A proposed framework for building, buying and using load tools with developing
athletes.



C H A P T E R  S I X

Principles for honest load tools
The alternative to false precision is a tool that describes clearly, qual-
ifies its inferences and hands the decision to a person.

The principles below are my own proposal. They draw on the evidence reviewed in
earlier chapters, but they have not been tested as a set, and I offer them for challenge
by coaches, scientists and designers. ATHLEET.AI

6.1 Five design principles

The first principle is to describe before predicting. A tool should show what the ath-
lete did, how it felt and how both compare with her recent history, and it should treat
that description as its main product. Trends in external load, session RPE and self-re-
ported  recovery  rest  on  the  most  defensible  evidence  available,16,2 PEER-REVIEWED

REVIEW  and they are what a coach most needs to see.

The second is to label any classification as descriptive and non-clinical. Where a tool
groups weeks as higher or lower than usual, the label should say exactly that, in plain
words, and it should avoid terms such as risk, danger or warning. The third is to make
uncertainty visible, showing ranges, the date that zones or baselines were last set, and
the amount of missing data, so that a reader can judge how much weight a figure can
bear.

The fourth principle is that the coach owns the decision. Any suggested load should
appear as an option for the coach and athlete to consider together, and a tool used by
developing athletes should not send prescriptive messages directly to them without
that route. The fifth is that no injury-risk claim should appear without validated evid-
ence for the population concerned, published in a form that an independent reviewer
can assess. Given the state of the prediction literature,6,7 REVIEW  that principle would
at  present  exclude  injury-risk  labels  for  young  endurance  athletes  altogether.

ATHLEET.AI

Describe first

Show what was done

Show how it felt

Compare with recent history

Label honestly

Descriptive words only

No risk or danger terms

Show uncertainty

Ranges, not points

Date baselines were set

Flag missing data

Coach decides

Suggestions go to the coach

No direct prescriptions to minors

No unvalidated risk labels

FIGURE 2  The five proposed principles, grouped for tools used with developing athletes. Source:
author's framework.
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6.2 What a club or governing body can ask

Most clubs will  buy or recommend tools,  and few will  build them. The principles
therefore translate into questions that a club committee or governing body can put to
a vendor, or to a parent who has already bought a product. What does each score con-
tain, and how are the inputs weighted? Has any risk classification been validated, on
whom, and where is that validation published? How does the tool show uncertainty,
and what happens to the display when data is missing? Does the tool send messages
directly to athletes under 18, and can a coach see and moderate what they receive?

ATHLEET.AI

Governing bodies could go further by publishing short guidance for volunteer coaches
on how to read and discuss load data with young athletes, including what to say when
an athlete arrives worried about a colour on a screen. Such guidance would sit com-
fortably alongside existing consensus positions on youth development, which already
stress  individualised,  developmentally  appropriate  training.19 CONSENSUS  It  would
also give coaches a basis for telling a parent, calmly, that a ratio is a description of last
week and nothing more.

For the individual coach, much of this can start without any policy at all. A coach can
ask athletes to share the underlying record alongside any score, can set aside a few
minutes each week to talk through how training felt, and can say plainly to athletes
and parents that app messages about injury risk are not medical advice and should be
brought to the coach before anyone acts on them.  PRACTICE  None of that requires a
sports science qualification,  and all  of  it  restores the conversation that a coloured
square tends to replace. Coaches who work in clubs with a physiotherapist or a med-
ical lead can route genuine concerns about pain or illness there, which is where they
belonged in the first place.

6.3 Conclusion and open questions

The argument of this paper is that load tools do most harm when they present con-
tested science as though it were proven, and that in youth endurance sport the harm
falls on the readers least able to question what they see. Internal and external load,
intensity distribution and simple self-report give coaches a sound basis for describing
training. Ratios, risk scores and precise prescriptions do not have comparable sup-
port, and individual variation, measurement noise and the long, uneven course of de-
velopment make it unlikely that they will acquire it soon. ATHLEET.AI

Several questions remain open, and I would welcome evidence on any of them.

Should consumer platforms be permitted to show injury-risk labels to athletes
under 18 at all, and who should decide?

What would honest uncertainty look like on a coach's phone screen, and would
coaches and athletes read it as intended?

Which load metrics are robust enough to automate, and which should remain
with the coach?

How should load tools account for growth and maturation, given how little
published evidence addresses that question?

• 

• 

• 

• 
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The last of these is the one I find hardest, partly because the research that would an-
swer it would need to follow young athletes for years, which is exactly the timescale
that product development cycles tend to ignore.
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