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Data Analysis When N=1

_Step 1. Select the metrics

-

20/05/2026

Avg. Braking Vel
Avg. Relative Brakin
Braking Net Impi

Braking Phast
Braking Phase
RED

Peak Relative Brakin,

Braking

Avg. Braking Force

Avg. Braking Power
Avg. Relative Braking Force

Braking Impulse

Peak Relative Braking Power
Relative Braking Impulse

L/R Avg. Braking Force
L/R Avg. Braking RFD

L/R Braking Impulse Index
L/R Peak Braking Force

Propulsive

Avg. Propulsive Force
Avg. Propulsive Power
Avg. Propulsive Velocity
Average Relative Propulsive Power
Peak Propulsive Force
Peak Propulsive Power
Peak Relative Propulsive Force
Peak Relative Propulsive Power
o Propulsive Impulse
Propulsive Net Impulse
Propulse Phase
Propulsive Phase %
Relative Propulsive Impulse
Relative Propulsive Net Impulse

o
Landing
ocity Avg. Landing Force
Landing Stiffness
Peak Landing Force
Relative Peak Landing Force
Time to Stabilization

g Power

ulse
e
%

L/R Avg. Landing Force
L/R Landing Index
L/R Peak Landing Force

g Force

L/R Avg. Propulsive Force
L/R Peak Propulsive Force
L/R Propulsive Impulse Index

Unweighting Phase
Unweighting Phase %

Issues with ratios:
* Impulse

e Power

¢ Asymmetry

Prof. Anthony Turner
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Data Analysis When N=1
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Force at peak Velocity at peak How they got
Athlete Peak power (W) P y p_, e e
power (N) power (m-s™ ) 4500 W
e Force-led ig
. — velocity)
B 4500 2500 1.80 Balanced
C 4500 2250 2.00 Velocity-led
D 4500 2000 2.25 More velocity-led
//"'
( E j) 4500 1800 @ ((Very velocity-le
] ' _
LEFT RIGHT INTERPRETATION INTERPRETATION
ATHLETE FORCE (N) FORCE (N) ASYMMETRY % (ASYM%) (FORCES)
/—‘__——_.-\ /—\
/
: Both legs strong;
concern R\ .
less concerning
B 600 620 ow asymmetry—- / oth legs.weak; higher
seems fine risk despite symmetry
s — —_————
Hich asvmmetry — a Moderate force; both
C 800 960 17% g Y y asymmetry and capacity
concern
matter
D 1400 1430 20 Low asymmetry — no Very strong gthlete;
concern asymmetry irrelevant
E 500 650 26% Very high asymmetry — Both weak and . .
major concern imbalanced — highest risk

Prof. Anthony Turner
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Data Analysis When N=1

20/05/2026

Association Between Total Player Load and Total Distance (WSOC)
Rk
Blackbox metric!

~
R?=0.9633

It's likely you're looking at too many .as.a?f' -
GPS metrics to quantify external i

. ‘f"f

8o
o

demands. 2

96% of the variance in Total Player Load
is explained by total distance!

Data from ~1700 data points in WSOC.

Step 2. Standardize the test

*_And what happens when you don’t

Prof. Anthony Turner
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Data Analysis When N=1 20/05/2026

Standardise
the test to:

1. Isolate the
muscle/s

2. Compare apples

with apples

Step from the box...

‘ Walk like Lego

(with arms on hips!)

‘ Hands on hips

(&
\

Sl

o
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Data Analysis When N=1

20/05/2026

346s 358s 37s 3825 394s 4.064

2.8s 2.8%s

3.01s 3.15 3.19s 1s 3.4s 3.49s s 3.7 2.83s 295s 307s 3.19s
® Right Left @ Combined

Height (cm)

CM depth (cm)

Ave Braking F (N)
Braking phase (s)
Ave Propulsive F (N)
Propulsive phase (s)
TTT

RSImod

41
1477
0.15
1512
0.27
0.79
0.64
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Data Analysis When N=1 20/05/2026

Explain this to your athlete

You bench press 3 times in a week
= [n session 1 you bench 70 kg
= [n session 2 you bench 72 kg

= [n 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

Prof. Anthony Turner
a.n.turner@mdx.ac.uk 7



Data Analysis When N=1 20/05/2026

Which weighing scale would you buy?

L )
X
e 000 o
- - i
e o ) oo o
/
69.5 kg 70 kg 71.5kg

T A RRR T TN e
oA - " Ve i .
¥ 1 % ! i | ‘Alﬁ‘i
. | . ]

-i. - 249 2 v
3 Trial1=4.8s Trial2=4.6s Trial3=4.3s &=

PR e \FRE
NI 4 P
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Data Analysis When N=1

20/05/2026

Bad nights sleep

Test score vs. Stress

X
2 : : Crowd got me hyped!
How high | can jump, after the following

good nights Good diet Kids well behaved |

sleep i
My average Proper
Score on an decent
average day warm-up

Bad diet

Kids won’t do their
homework

|

Scary, mean or“-lookers
‘\
Unhappy and totally J
irrational wife ’

frequency

/Low. variability
/)t ' \\ /Medium variability

/

T

}/ngh variability

- | e

mean

So how do we capture this (unavoidable) variability?

i, B

Prof. Anthony Turner
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Data Analysis When N=1 20/05/2026

The Standard Deviation

Var = sample dev? = (0.81 + 0.49 + 0.04) / (3-1) = 0.67 cm?

37 cm Var = SD?
SD = +Var = +/0.67 = 0.82 cm
Dev=+0.7 Dev=+0.2 T
36CM |= = o e o - = - mean=36.0
Dev=-0.9
35cm
Dev? =+ 0.81 Dev2 = + 0.49 Dev2 =+ 0.04
Jump 1 Jump 2 Jump 3
SD relative to the mean = the CV Low CV

The CV is an intuitive High CV
representation of variation z
[ 1 ] "j [ I )

It is therefor our first line of j
defence

e o oi o0 o
The higher the CV the more - r
varied the data points E

69.5 kg 70 kg 71.5kg

Prof. Anthony Turner
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Data Analysis When N=1
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loriginal Research Joimal o Seeng and Conditoning Rseasch

Intra- and Interday Reliability of Weightlifting
Variables and Correlation to Performance
During Cleans

Angela M. Sorensen,’ Shyam Chavda,’ Paul Comfort,” Jason Lake,” and Anthony N. Turner’

London Sports institute, Midafesex University, Landon, United Kingdom; “Human Performance Laboratory, Liniversity of Saiford,
Salford, Unitad Kingdom; andt*Depariment of Sport and Exercise Sciences, University of Chichester, Chichester, United Kingdom

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

Results

Sixteen of the 70 variables analyzed were found to have good to
excellent intra- and interday ICC (0.779-0.994 and 0.969-0.996,
respectively) and CV (0.64-6.42 and 1.14-6.37, respectively)
values (30,36). Using the Pearson’s correlation coefficients (r =
0.5-1.0atp < 0.005), these 16 variables were also shown to have
strong correlations (r = 0.880-0.988) to cleans performed at
90% 1RM. From these 16 variables, bar work variables that were
used to calculate bar power variables were then excluded because
they are derived from the same force and displacement data and
represented duplicate data. The resulting variables were further
assessed for multicollinearity, which can be seen in Table 3. This
system of filtering resulted in a total of 11 variables exhibiting
“good to excellent” ICC with a CV of =10% for both intraday
and interday reliability measures and with correlations to clean
performance as reported in Table 2.

Table 2. Reliability of countermovement jump concentric force-time and |

: . %CV
Trial 1 Mean 4 SD Trial 2 Mean + SD aueD
CON Duration _ 467
ey 280 £ 050 286 4 0.58 @84, 5.49)
- 1.62
158.46 + 45.23 158.77 + 45.82 .08, 2.20)
CON Mean Force - 215
/ [ 1273 £ 319 1265 £ 321 (1.81,2.48)
Pick one ’ 5 geh
\ A < 1633 + 544 16307 + 553 (2.55.386)
o 3 2
me 1605 + 407 1612 + 418 @ o )
Are you calculating CONEE ity 144
i 5 — ) 2384026 2384028 ©0:85,1.99)
Jjump momentum? —
720 + 1138 759 + 1244
| 8 g
WTFI — 14,673 46521 14,308 46599 R Eo]
Jum, ght) . 29
2730 + 641 27.46 £ 636 (249,335)
. Hej 321
Same thing (M) 2601 £ 640 26.17 £ 7.09 209,43
Jamp Height 320
(tp-Mom) exv) 2596 + 639 2613 + 7.09 =
b . 10.21
4971 + 3081 6181 £10,643 (7.59,12.82) .
- Spﬂf’.@
2979 £ 972 2955 =+ 982 &
(1.88, 3.08) Identifying Reliable and Relatable Foree—Time Metrics in
o . 5.81 Athletes—Considerations for the Isometric Mid-Thigh Pull
Only if you take height 037 011 037 £0.12 _ and Countermovement Jump
D 37+ (487, 6.75)

e | Mrrgan 4, ason D Stame !, W, Gy Homsy 13 and osves . Mages

and TTT

Mo

Prof. Anthony Turner
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Data Analysis When N=1

20/05/2026

=STDEV.S(D2:F2)/AVERAGE (D2:F2)*100
D E F G

38.1 436 47.7 11.2
34.1 357 36 29
428 42.2 41.9 11
504 522 52.2 2.0

37 36.1 36.9 13
42.1 40.7 45.1 5.3
44.5 423 45.2 34

37.9 333 39.6 8.8
436 449 374 9.6
354 40.1 39.5 6.7

45.3 44.4 439 1.6
46.6 47.7 47.7 1.3
30.2 31 31.5 21
50.8 51.2 53.7 3.0

41 46.7 36.4 125
43.7 40.4 43

436 44.1 48.9 6.4
436 44.8 435
51.6 504 53.6 31

27.8 28.5 28.7 1.7
29 28.3 30.9 4.6
29 270 26.3 4.9

30.3 35.7 34.2 8.3
34.9 36.1 354 17

39.7 40.3 408 C 456 )

o

Let’s now move towards individual analysis

\—x—7

oo 000 o
i,
{°] -] L] e 0

So how much do we needto 4

imprOVe by in the next test? What value represents

the width of these
goal posts?

> ’ Issues using the average CV?

But when we compare

two test scores, we have
two sets of variability to
account for

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

We use propagation of
variance to add the
variability from both

tests.

And we compare the

signal relative to the
noise?

Prof. Anthony Turner
a.n.turner@mdx.ac.uk
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Data Analysis When N=1

20/05/2026

signal
noise

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

difference between group means

variability of groups 2 2
an _ty_ group SE = i N ,g_z
Xy - X¢ m 1y
SE(X; - Xc)
t-value 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%

Prof. Anthony Turner
a.n.turner@mdx.ac.uk
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Data Analysis When N=1 20/05/2026

How to reduce the noise (SD)

The tester y ik = -

* Expert gl ‘ = e . Homo.genous group
i ; * Technique
e Strict nig
» Coachingcues PP, : * Motivation
" 3 W - Biological variability

Post CMJ — Pre CMJ
Variability

~ Theequipment
« Temperature
* Audience

* competition
e Music

* Recording
frequency

* Calibration

* Unobtrusive

Step 4. Individual athlete analysis
gful change.

--Getermining Meanin
N performance

Prof. Anthony Turner

a.n.turner@mdx.ac.uk 14



Data Analysis When N=1 20/05/2026

Combining uncertainty across two tests:
Propagation of variance

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

How much change would

SDA — \/SDlz _|_ SDZZ | you expect to see purely

based on variability

- B =4
Once SD,is known, the change can be expressed relative to its expected noise (signal-to-noise ratio):

Stable: | Perfy I< 1

Perf, — Perf Likely change: 1 <| Perf, I< 2

SD,

f==s e

Noise scaledp =

——— e —_—

* Performance change: A = 3 cm

* Expected noise (Propagation of Variance):

SDy =+/0.82 4+ 0.72 = 1.06 cm

* Noise-scaled change:

3
—— =283 The change in performance is
1.06 almost 3 times larger than what we

would expect from variability alone

* [ Meaningful change (= 2)

Prof. Anthony Turner
a.n.turner@mdx.ac.uk 15



Data Analysis When N=1

20/05/2026

Date !

Athlete_A - | Combined SD id Noise-scaled 4, previd Status_Prev 4

2024-01-15 Athlete A 284 29.1 299 299 0.8 No previous
2024-04-15 Athlete A 31.2 32.8 331 33.1 1.0 29.9 0.8 3.2 1.3 2.5 Very likely Better |
2024-07-15 Athlete A 33 336 34 34 0.5 33.1 1.0 [R:] 11 0.8 Stable
2024-10-15  |JAthlete A 336 34.1 33 34.1 06 34.0 0.5 0.1 0.7 0.1 Stable
2025-01-15 Athlete A 33.8 346 342 346 0.4 34.1 0.6 0.5 0.7 0.7 Stable
2025-04-15  [|Athlete A 35 35.3 361 361 H§ 06 346 | 0.4 | 1.5 | 0.7 22 _ Very likely Better
2025-07-15 Athlete A 36 36.6 37.2 37.2 06 36.1 0.6 T 0.8 13 Likely Better
2025-10-15  [Athlete A 36.9 376 38 .38 ) o6 37.2 1 0.6 | 0.8 | 0.8 | 1.0 Stable
2026-01-15 Athlete A 376 384 38.1 384 0.4 38.0 0.6 04 0.7 0.6 Stable
2026-04-15  AthleteA 383 88— 20T J | 808 i) 03| S8 | 04—} 0.4 | 0.5 0.8 i Stable
2026-07-15 Athlete A 382 388 394 394 06 38.8 0.3 06 0.7 0.9 Stable
2026-10-15 | Athlete A 387 39.1 39.8 398 || 06 39.4 | 0.6 0.4 0.8 0.5 Stable

41

39

37

35

33

31

29

27

25

2024-01-15 2024-04-15 2024-07-15 2024-10-15 2025-01-15 2025-04-15 2025-07-15 2025-10-15 2026-01-15 2026-04-15 2026-07-15 2026-10-15
== Jump height
L M

2024-01-152024-04-15 2024-07-15 2024-10-15 2025-01-15 2025-04-15 2025-07-15 2025-10-15 2026-01-15 2026-04-15 2026-07-15 2026-10-15

==@=Jump height A RawDiff

Athlete_A (~ ] Combined SD 4 Noise-scaled 4, pre -] Status_Prev [~
2024-01-15 Athlete A 284 29.1 299 299 0.8 No previous
| 2024-04-15 Athlete A 312 32.8 33.1 33.1 1.0 29.9 0.8 32 13 25 Very likely Better |
2024-07-15 Athlete A 33 336 34 34 0.5 33.1 1.0 09 LT 0.8 Stable
2024-10-15 Athlete A 336 34.1 3 34.1 06 34.0 05 | 0.1 0.7 0.1 Stable
2025-01-15 Athlete A 33.8 346 342 346 04 34.1 0.6 05 0.7 0.7 Stable
2025-04-15  Athlete A 35 363 | %1 | 3\1 | 06 | 34.6 | 04 1.5 0.7 2.2 _ Very likely Better
2025-07-15 Athlete A 36 36.6 372 37.2 06 36.1 0.6 11 0.8 13 Likely Better
2025-10-15  Athlete A 36.9 376 38 . 38 .06 37.2 i 0.6 0.8 0.8 | 1.0 Stable
2026-01-15 Athlete A 376 38.4 38.1 384 04 38.0 0.6 04 0.7 0.6 Stable
2026-04-15  Athlete A 38.3 38 387 388 03 384 04 0.4 0.5 0.8 I Stable
2026-07-15 Athlete A 38.2 38.8 394 394 06 38.8 0.3 06 0.7 0.9 Stable
2026-10-15  Athlete A 38.7 391 398 398 06 394 06 04 0.8 0.5 Stable
41 3.5
A
39 3.0
37
25
35
2.0
33
A 1.5
31
A
1.0
29 A A
A
27 A N N R 0.5
25 B 0.0

Prof. Anthony Turner
a.n.turner@mdx.ac.uk
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Data Analysis When N=1 20/05/2026

8 —
Athlete_A &d

M
Status_Prev |

Noise-scaled 4,pre E

2024-01-15 Athlete A 284 29.9 0.8 i . » - ~ No previous
204-04-15  AleteA 312 B/L 10 a2 13 25 Very likely Better
2024-07-15 Athlete A 33 34 0.5 [R:] 11 0.8 Stable
2024-10-15 Athlete A 336 34.1 06 0.1 0.7 0.1 Stable
3 s 04 ) 05 1 o7 07 Stable
- 35 36.1 0.6 1.5 0.7 2.2 Very likely Better
20250715 AthleteA % 372 06 11 | o8 13 Likely Better_|
2025-10-15 Athlete A 36.9 38 0.6 0.8 0.8 1.0 Stable
20260145 AtleteA 376 B4 04 04 07 06 Stable
2026-04-15  Athlete A 38.3 38.8 0.3 0.4 0.5 0.8 Stable
2026-07-15  AthleteA 382 394 06 - 0.6 . 0.7 0.9 Stable
2026-10-15 Athlete A 38.7 39.8 0.6 0.4 0.8 0.5 Stable
41 3.5

39 3.0
37
25
35
2.0
33
1.5
31
1.0
2 X X X
X X X X X
A 05
27 A X A
25 = 0.0

2024-01-15 2024-04-15 2024-07-15 2024-10-15 2025-01-15 2025-04-15 2025-07-15 2025-10-15 2026-01-15 2026-04-15 2026-07-15 2026-10-15

—e—Jumpheight A RawDiff X Noise

Avoiding the “Incremental Improvement Paradox”

Relative to a previous

Make comparisons relative to a

. Perf: — Perf:—1
base-line or start of new block NSpprev = ——c——

SD,

Apgse = Perfy — Perfy

SDp pase = /SDt2 + SD¢

Abase
NSA,base =

) ) SDA,base
Accounting for Accumulated Adaptation

27

25
2024-01-15 2024-04-15 2024-07-15 2024-10-15 2025-01-15 2025-04-15 2025-07-15 2025-10-15 2026-01-15 2026-04-15 2026-07-15 2026-10-15

Prof. Anthony Turner
a.n.turner@madx.ac.uk 17



Data Analysis When N=1

Step 5. Individual athle

.‘.determining meanin
IN readiness Mmonitori

te analysis
gful change

20/05/2026

Comparison Dimension

Mean

Performance Testing

 (Readiness Monitoring

Focus
Testing Frequency

Reference Point

Mean of past 4 sessions

Goal

Interpretation

Capability change

Infrequent assessments

Baseline often fixed "

e | Baseline dynamic

State stability

Frequent assessments

(start-of-block/seasoil)

Detect adaptation

Accumulated

improvement /

SD of the previous 4 means

(rolling window)

Detect fluctuations

Transient fluctuation

Prof. Anthony Turner
a.n.turner@mdx.ac.uk
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Data Analysis When N=1 20/05/2026

A B G D 3 F G H I J K
1 Date Trial1 Trial 2 Trial 3 ean sD Roll Base mean last4  Roll Fluc (SD of mean of last 4) Curr-Roll Base Readiness (A/fluc) Status
2 2025-01-06 37.35  36.54 359 36.6 0.73 Insufficient history
3 2025-01-13 36.12 3649  37.2 36.6 0.55 Insufficient history
4 2025-01-20 34.56 3541 3525 || 35.1 0.45 Insufficient history
5 2025-01-27 364 356 36.5 36.2 0.49 Insufficient history
6 (2025-02-03 3644 3495 3489 | 354 088 | 36.1 ] | 0.7 | | 07 || 09 | Normal
7 12025-02-10 36.03 37.04 36.72 36.6 0.52 35.8 0.7 0.8 1.1 Likely Increase
8 2025-02-17 37.42 36.02 35.7 36.4 0.91 35.8 0.7 0.6 0.8 Normal
9 12025-02-24 38.94 38.68 37.69 38.4 0.66 36.1 0.5 2.3 4.5 Meaningful Increase
10 2025-03-03 36.28 36.33 37.53 36.7 0.71 36.7 1.3 0.0 0.0 Normal
11|2025-03-10  35.9 369 3636 364 0.50 37.0 0.9 06 07 Normal
12 |2025-03-17 37.37  38.3 3805 37.9 0.48 37.0 1.0 0.9 0.9 Normal
13 |2025-03-24  36.8 371 3591 366 0.62 374 1.0 0.8 -0.8 Normal
14 |2025-03-31 3769 37.92 3729 376 0.32 36.9 0.7 0.7 1.1 Likely Increase
15|2025-04-07 36.85 37.24 3641 368 0.42 37.1 0.7 0.3 0.4 Normal
16 |2025-04-14  38.2 37.56 37.37 377 0.44 37.2 0.6 0.5 0.7 Normal
17 2025-04-21 35.91 36.61 35.8 36.1 0.44 37.2 0.6 1.1 -1.9 Likely Drop

39.0

38.5

38.0

37.5

37.0

36.5

36.0

35.5

Perf; — Base;
35.0 Ready, =
S Dfluc
34.5
34.0
© RS o q) » o A o> & O O Q> N QA > N
%’Q\ %’Q\ %’Q\ %’Q\ %’Qq/ %’Qq/ %’Qq/ %’Qq/ %’Qrb %’Qrb %’Qrb %’Q %’Qrb %’Qb‘ S~ ¥ %’Qb‘
SV SV SV SV SV SV SV SV $V SV SV $V SV SV SV $V
R R R R R R R R R R R R R R R R

Prof. Anthony Turner
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Data Analysis When N=1

20/05/2026

39.0

38.5

38.0

37.5

37.0

36.5

36.0

35.5

35.0

34.5

Mean of past 4 sessions

- Base[/

39.0

38.5

38.0

37.5

v

o ¥
Ky

Q
«

$V
oy

oy

v

N

N

&
N2

<
&
i
S

v

>
oV

Q
«
3V

--#-- Rolling_Base_cm (mean of last 4)

v

Q
«

N2

o

v

SD of the previous 4 means

< IS
NN
A
Q ’19 ’19

Prof. Anthony Turner
a.n.turner@madx.ac.uk
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Data Analysis When N=1

20/05/2026

39.0

38.5

38.0

37.5

37.0

36.5

36.0

35.5

35.0

34.5

Mean_cm Rolling_Base_cm (mean of last 4)

Step 6‘ Comparison with teammates

...to set realistic targets

Prof. Anthony Turner
a.n.turner@madx.ac.uk
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Data Analysis When N=1 20/05/2026

.‘NBDA
A st

Total Score of
Athleticism: Holistic
Athlete Profiling to
Enhance Decision-
Making

ssssssss

z-scores and the TSA

But is that Are they
score any getting
good!? better!?

So, are
they fit or
not!?

Prof. Anthony Turner

a.n.turner@mdx.ac.uk 22



Data Analysis When N=1 20/05/2026

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

* But maybe the team is fit
Back Squat: Shuttle Test: and they all scored well on
140 kg Level 15
the shuttle test...

* Level 15 may have been

88% one of the lowest

* Conversely, there may only

Best Best be a few strong athletes,

Back Squat: Shuttle Test: )
220 kg Level 17 so 140kg is really good!

Turn test scores into a z-scores

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

* Ifaz-score =0, itisidentical to the mean score

& g Then average
* |faz-score=1,itis1SD above the mean 9

o them across all
* [faz-score=-1,itis 1 SD belowthe mean

relevant tests

VLOOKUP 5| X ' fx =(52-5526)/5$27

1

z " L1 2 L = J

3 36 163" a9” 446 0.77 -0.16 0.38 125 0.450@ 19
alf a28” 1727 54" 419 0.06 0.05 -3.06 0.41 064 @ 20
sl I 522 25" a4” 434 121 1.83 152 -0.51 1.01@ 2
6 [ 37" 202" a6” 4.25 -0.65 0.73 1.06 0.04 0.30 0 10
7ill 251" 181 48" 4.16 0.34 0.25 0.60 0.59 0.45 @ 7
26 42.29 170" 5.1 4.26

27 8.16 0.44 0.44 0.16

Prof. Anthony Turner
a.n.turner@mdx.ac.uk 23



Data Analysis When N=1

20/05/2026

0.9 represents better
than 82% of squad

0.6 represents better
than 73% of squad

0.3 represents better
than 62% of squad

average, i.e., 50%

-0.9 represents
bottom 18% of squ

Zero represents squad

1)

/.

Above the line
represents a score

better than average
(strengths)

2
0.9
0.6
0.3 I
0 T T T
Speed Agility

-1.2 represents bottom 0.6
12% of squad /
-0.9
/ Below the line
1.2 represents a score
Test worse than average
Weakness to be targeted when (weaknesses)
designing next individualized training
1.50 mAthlete A  mAthlete B
1.00
) I I I I
0.00 I
M) z_RSI z_ProA
-0.50
The TSA represents the
average z-score of all tests
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[ Athletic Profile

Athlete CMJ (cm)
E 37

RS! Agility (s)
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TSA
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Pro_z 30m_z

-0.65

Q10

0.30
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Athletic Profile |

Athlete  CMJ (em)
E 37

RSI Agility (s)
2.02

30m (s)
425

TSA 61%

45

@s @:

Rank (of 24) @17 )13

145
0.19

30m_t TSA_t

Total Score of Athleticism

Profiling Strength and Power Characteristics in Professional
Soccer Players After Anterior Cruciate Ligament
Reconstruction to Assess Readiness to Return to Sport

Luca Maestroni,"'* MSe, Anthony Tumer,! PhD, Konstantinos Papadopoulos,® PhD,
Vasileios Sideris," PhD, and Paul Read,*"*'" PhD
i at Aspetar ic and Sports Medicine Hospital, Doha, Qatar

There the opt g procedure 1o determine retum-to-sport (RTS) readiness afier anterior

of tests, but

a patient’s level of athieticism or benchmarks relative 1o his or her noninjured counterparts.

Purpose: To examin the utilty of the Total Score of Athisticism (TSA). a compasite scale including sirength, powe, and reactive
‘strength assessments, to aid RTS decision-making,

Study Design: Gross-sectional stucy, Level of avidence, .

Methods: A total of 05 protessional soccer players (60 who Underwant ACL reconstruction [mean age, 25.1 + 126 years| and 35
who were uninjured [mean age, 2.8 = 2.8 years]) completed a battery of tests including isokinetic knee extension and flexion
torgue, biatera and unilateral countormovement jump height, relative peak power, and resctive strength index-modiied. The
TSA score (derived from Z scores) was calcuated, and we (1) examined diferences betwaen the ACL-reconstructed and unin-
AT of the the player's siatus (ACL reconstruction va
uninfured controf, and (3) inckided = case series to discuss the characteristics of players who sustained a subsequent injury
within 4 months after RTS.
Results: A large difference between the ACL-reconstrucled and Uninjured groups in the TSA score (d = 0.84; P < 0001) was
evident. For every additional Increase of 1 unitin the TSA score, the odds of balonging to the ACL-reconstructed group decreased
by 743 (95% CI, 0.18-0.56). By visual inspection, the frequency of reinjured players was. highe i the low (4/7) TSA tertie com-
With the medium (2/7) and high (1/7) TSA terties.
Conelusion: Prefiminary evidence indicates that the TSA may be & useful RIS readiness tool, as the composits score derived
from strength and power measures. was diferent in soccer players at the time of RTS after ACL reconsiruction compared with
healthy matched controls. There was also a higher frequency of low TSA scares in players who sustained a second injury afier
RTS, Therefore, it powr.
ities each season across the largest possible number of players (deally taammates).
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Unlock Your
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Today

Discover the science behind effective exercise
programming and enhance your physical
performance.
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Workshop Resources Download here

Determining Meaningful Change in Perf
and Readiness When N =1

Download the worksheet we will use to calculate
well as meaningful differences in performance (at’

(athlete stability) testing.
Download here

I-ient of Variation as

2) and readiness
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