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Determining Meaningful Change in Metrics that Matter: 
Data analysis when N = 1
Prof. Anthony Turner  I a.n.turner@mdx.ac.uk    

@ProfAnthonyTurner

https://thefitnessformula.training/workshops

Worksheets and videos available here

Presentation aim. How to:

Identify 
metrics that 
inform your 

practice

1
Standardize 

the test 
(apples to 

apples)

2

Determine how 
much you can 

trust any 
metric

3

N = 1 for 
performance 
(capability)

4
N = 1 for 

Readiness 
(stability)

5
Benchmarking 

against 
teammates 

(TSA)

6
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Step 1. Select the metrics 

Issues with ratios:

• Impulse

• Power

• Asymmetry
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How they got 
4500 W

Velocity at peak 
power (m·s⁻¹)

Force at peak 
power (N)Peak power (W)Athlete

Force-led (big 
force, moderate 

velocity)
1.5030004500A

Balanced1.8025004500B

Velocity-led2.0022504500C

More velocity-led2.2520004500D

Very velocity-led2.5018004500E

INTERPRETATION
(FORCES) 

INTERPRETATION
(ASYM%) ASYMMETRY % 

RIGHT
FORCE (N) 

LEFT
FORCE (N) ATHLETE 

Both legs strong; 
asymmetry 
less concerning 

High asymmetry — a 
concern 

18% 1200 1000 A 

Both legs weak; higher 
risk despite symmetry 

Low asymmetry —
seems fine 

3% 620 600 B 

Moderate force; both 
asymmetry and capacity 
matter 

High asymmetry — a 
concern 

17% 960 800 C 

Very strong athlete; 
asymmetry irrelevant 

Low asymmetry — no 
concern 

2% 1430 1400 D 

Both weak and 
imbalanced — highest risk 

Very high asymmetry —
major concern 

26% 650 500 E 
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Blackbox metric!
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Standardise 
the test to:
1. Isolate the 

muscle/s
2. Compare apples 

with apples

Step from the box…

Hands on hips

Walk like Lego 
(with arms on hips!)



Data Analysis When N=1 20/05/2026

Prof. Anthony Turner    
a.n.turner@mdx.ac.uk 6

“Fast and high”“fast as you can”“high as you can"Metric

494351 Height (cm)

312541CM depth (cm)

149616691477Ave Braking F (N)

0.130.110.15Braking phase (s)

169718661512Ave Propulsive F (N)

0.220.180.27Propulsive phase (s)

0.70.640.79TTT

0.70.670.64RSImod
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Explain this to your athlete

You bench press 3 times in a week

 In session 1 you bench 70 kg

 In session 2 you bench 72 kg

 In session 3 you bench 69 kg

What about this…

You weigh yourself everyday for 5 days
 On day 1 you weigh 70 kg
 On day 2 you weigh 70.5 kg
 On day 3 you weigh 69.9 kg
 On day 4 you weigh 70.1
 On day 5 you weigh 70.3
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69.5 kg                   70 kg                  71.5kg

𝑥̅

Which weighing scale would you buy?

Trial 1 = 4.8 s Trial 2 = 4.6 s Trial 3 = 4.3 s
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My average 
Score on an 
average day

Bad nights sleep

good nights 
sleep

Good diet

Bad diet

Kids won’t do their 
homework

Kids well behaved

Unhappy and totally 
irrational wife

Happy wife

Scary, mean on-lookers

Crowd got me hyped!

Test score vs. Stress 
score!
How high I can jump, after the following 
stressors

Proper 
decent 

warm-up

So how do we capture this (unavoidable) variability?
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The Standard Deviation

SD relative to the mean = the CV

The CV is an intuitive 
representation of variation

It is therefor our first line of 
defence

The higher the CV the more 
varied the data points

Low CV

High CV
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Level one: Which variables are reliable?

Level 2: Which variables are highly correlated 
(multicollinearity)?

Level 3. Of the correlated variables which one 
statistically or logically best explains the 
performance outcome

Same thing

Are you calculating 
jump momentum?

Pick one

WTF!

Only if you take height 
and TTT
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Issues using the average CV?

So how much do we need to 
improve by in the next test?

Let’s now move towards individual analysis

What value represents 
the width of these 
goal posts?

The SD

Variability helps us define thresholds for 
meaningful change in follow-up tests. 

But when we compare 
two test scores, we have 
two sets of variability to 

account for

We use propagation of 
variance to add the 
variability from both 

tests.

And we compare the 
signal relative to the 

noise?
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SE = 

t = (45 – 41) / SQRT (5^2/16 + 5^2/16)

t = 4 / SQRT (3.125)

t = 2.26, p = 0.031

Probability of getting this value, assuming no difference between groups is 3%

For example, consider group-based probability (NHST) statistics

.
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How to reduce the noise (SD)

The tester

• Expert
• Strict
• Coaching cues

The equipment

• Recording 
frequency 

• Calibration
• Unobtrusive

The athlete:

• Homogenous group
• Technique
• Motivation
• Biological variability

The environment

• Temperature
• Audience
• competition
• Music

Post CMJ – Pre CMJ
Variability
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Combining uncertainty across two tests: 
Propagation of variance

The SD of the difference (i.e., expected noise in the change score) is therefore:

𝑆𝐷୼ = 𝑆𝐷ଵ
ଶ + 𝑆𝐷ଶ

ଶ

Once 𝑆𝐷୼is known, the change can be expressed relative to its expected noise (signal-to-noise ratio):

𝑁𝑜𝑖𝑠𝑒 𝑠𝑐𝑎𝑙𝑒𝑑୼ =
Perf1 − Perf2

𝑆𝐷୼

 Stable: ∣ 𝑃𝑒𝑟𝑓୼ ∣< 1

 Likely change: 1 ≤∣ 𝑃𝑒𝑟𝑓Δ ∣< 2

 Meaningful change: ∣ 𝑃𝑒𝑟𝑓Δ ∣≥ 2

How much change would 
you expect to see purely 

based on variability 

• CMJ height1: 37 cm | CMJ height2: 40 cm      SD₁ = 0.8 cm | SD₂ = 0.7 cm

• Performance change: Δ = 3 cm

• Expected noise (Propagation of Variance):

𝑆𝐷୼ = 0.8ଶ + 0.7ଶ = 1.06 cm

• Noise-scaled change:
3

1.06
= 2.83

• Meaningful change (≥ 2)

The change in performance is 
almost 3 times larger than what we 
would expect from variability alone
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Avoiding the “Incremental Improvement Paradox”

Make comparisons relative to a 
base-line or start of new block 𝑁𝑆୼,௣௥௘௩ =

Perf𝑡 − Perf𝑡 − 1

𝑆𝐷୼

Relative to a previous

Δ௕௔௦௘ = 𝑃𝑒𝑟𝑓௧ − 𝑃𝑒𝑟𝑓଴

𝑆𝐷୼,௕௔௦௘ = 𝑆𝐷௧
ଶ + 𝑆𝐷଴

ଶ

𝑁𝑆୼,௕௔௦௘ =
Δ௕௔௦௘

𝑆𝐷୼,௕௔௦௘

Accounting for Accumulated Adaptation
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Readiness MonitoringPerformance TestingComparison Dimension

State stabilityCapability changeFocus

Frequent assessmentsInfrequent assessmentsTesting Frequency

Baseline dynamic 

(rolling window)

Baseline often fixed 

(start-of-block/season)

Reference Point

Detect fluctuationsDetect adaptationGoal

Transient fluctuationAccumulated 

improvement

Interpretation

Mean of past 4 sessions 

Mean

SD of the previous 4 means
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𝑅𝑒𝑎𝑑𝑦Δ =
𝑃𝑒𝑟𝑓௧ − 𝐵𝑎𝑠𝑒௧

𝑆𝐷௙௟௨௖
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𝑅𝑒𝑎𝑑𝑦Δ =
𝑃𝑒𝑟𝑓௧ − 𝐵𝑎𝑠𝑒௧

𝑆𝐷௙௟௨௖
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𝑆𝐷௙௟௨௖
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Data Analysis When N=1 20/05/2026

Prof. Anthony Turner    
a.n.turner@mdx.ac.uk 21

34.0

34.5

35.0

35.5

36.0

36.5

37.0

37.5

38.0

38.5

39.0

Mean_cm Rolling_Base_cm (mean of last 4)

But be aware if the rolling baseline itself trends downward!

Fixed baseline maybe better in this instance
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z-scores and the TSA
.

So, are 
they fit or 

not!?

But is that 
score any 

good!?

Are they 
getting 

better!?
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Is that score any good and which test did they do best on?

• But maybe the team is fit 
and they all scored well on 
the shuttle test…

• Level 15 may have been 
one of the lowest

• Conversely, there may only 
be a few strong athletes, 
so 140kg is really good!

Back Squat:
140 kg

Shuttle Test:
Level 15

Best 
Back Squat:

220 kg

Best 
Shuttle Test:

Level 17

64% 88% 

Turn test scores into a z-scores

• Z-scores tell you how many SD’s a score is from the mean

• If a z-score = 0, it is identical to the mean score

• If a z-score = 1, it is 1 SD above the mean

• If a z-score = -1, it is 1 SD below the mean

Then average 

them across all 

relevant tests
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-1.2

-0.9

-0.6

-0.3

0

0.3

0.6

0.9

1.2

Speed Agility CMJ SJZ-
sc

or
e

Test

Zero represents squad 
average, i.e., 50%

Above the line 
represents a score 
better than average 
(strengths)

Below the line 
represents a score 
worse than average 
(weaknesses)

0.3 represents better 
than 62% of squad

0.6 represents better 
than 73% of squad

-0.9 represents 
bottom 18% of squad
-1.2 represents bottom 
12% of squad

0.9 represents better 
than 82% of squad

Weakness to be targeted when 
designing next individualized training 
plan

-1.00

-0.50

0.00

0.50

1.00

1.50

z_CMJ z_RSI z_ProA z_30m TSA

Athlete A Athlete B

The TSA represents the 
average z-score of all tests 
taken
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www.TheFitnessFormula.Training/Workshops

Download here


