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Simple Data Analysis for Coaches

Using Basic Statistics to Optimize Your Data
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Learning Outcomes:

* In this presentation we will:

e Review the practical meaning of common statistical methods for
coaches, including:
 Measures of central tendency & variation
e standard scores (Z-scores)
e Smallest worthwhile change (SWC)
e correlation (Pearson’s r)
effect size (Cohen’s D)
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Learning Outcomes:

e |In this lecture we will:

e Learn a new concept for operationalizing data, involving the 3-step
process of monitor, evaluate, and operationalize (M.E.O.)

o Monitor: get beyond testing batteries with invisible monitoring
opportunities

o Fvaluate: employ statistical procedures to better understand and visualize
your data

o Operationalize: create simple shortcuts that transform numbers into action
and improve informed decision-making
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Learning Outcomes:

* In this lecture we will:
e Explore how M.E.O. can be used to drive performance and create
buy-in
e Performance within and between athletes
e Communication with coaching staff, admin, and athletes

e Follow along with worked-problem examples that illustrate the
M.E.O. process
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Scenario

* The typical pre-season performance test
e 30 athletes
e 3 performance tests
e Dozens of collected variables



What the Athlete Sees



What the Sport Coach Sees



What the Athletic Director Sees



What the Strength Coach Sees



Our Goal Today

A miracle happens

D
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But First, Statistics

e Practical meaning of common statistical methods (that
coaches might actually use)
e Central tendency: Mean, median, & mode
e Variation: standard variation & coefficient of variation
e Change scores: Smallest Worthwhile Change
e Standard scores: Z-scores

e Relationships: Pearson correlation coefficients, coefficient of
variation

e Effect size: Cohen’s D
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Central tendency: Mean, median, & mode

e Thisis a simple and common statistic, but very important. The mean allows you to simplify an entire dataset
into a single representative statistic.

e e.g.the average jump height for our starts is 51 cm

e e.g. the average session RPE for today was 7.5
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Variation: standard variation & coefficient of
variation

* Measures of spread give you
information into the variability within
a group, as well as into the reliability
of your testing measures

e e.g.the jump heights in our group
ranges from 39 to 61 cm

e e.g.the average CV for repeated
vertical jumps was 8.4%
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Change scores: Smallest Worthwhile Change

e Oftentimes, we want to know the difference between the
means from two different groups, say starters vs nonstarters,
OR we want to know whether an athlete has made
meaningful progress

* In these cases, we need to identify the signal through the
noise

* Measured score = signal
* Variation in scores = noise
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Change scores: Smallest Worthwhile Change

Signal vs Noise
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Standard scores: Z-scores

Fithess Profile

Speed

e Converts all scores to a standard
unit that allows comparison
between individuals and across
variables within a group Balance Agility

e Allows for better holistic
visualizations

Upper Power Lower Strength

Lower Power Upper Strength

Grip Strength
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Effect size: Cohen’s D

e An effect size tells us the
practical importance, or
magnitude of an observed
change

e Sometimes called “clinical
significance”
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Relationships: Pearson correlation coefficients

e A correlation refers to the relationship between two
variables.

* In this instance, we are not interested in changes between
time points or differences between groups
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Relationships: Pearson correlation coefficients

* Instead, we are asking,
how does one variable
change in response to
another variable?

e |n other words, how
much variance in X is
explained in Y7
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Monitor, Evaluate, and Operationalize (MEO)

JWionitor

9 EValuate
94 Operationalize

o« Win?
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Monitor

“You can’t improve what you
don’t measure”



Monitor

e Monitor: the process of observing, measuring, and recording
the training process

e This is a topic that we could dive deeply into another time

* We are going to assume that you are already doing this, but |
will give you a few suggestions for how to start if you haven’t
already:
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Monitor

e Getting started

e Low hanging fruit
e Impart ownership

e Encourage a culture of reflection and metacognition
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Testing vs Monitoring

Single timepoint
testing

VS.

Ongoing data
collection integrated
with the training
process
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The one constant in LTAD is the athlete
themselves. So while they are under our

care, we must encourage reflection
critical upon the training process




Invisible Monitoring
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Invisible Monitoring

e t0 assess the readiness of athletes to undertake further
loading is the use of actual training drills

e assess fatigue via protocols that occur within the normal
training and competition process

e Example: “Benchmark sets” Popularized by Mike Tuchscherer
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Invisible Monitoring

e Example: “Benchmark sets”
Popularized by Mike T.

Benchmark Sets:
 The use of a top set at a prescribed relative intensity

e Can be used to estimate weekly 1RM changes
 No added fatigue—it’s part of the prescribed training

stimulus for the day
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Evaluate

 Employ statistical procedures to better understand and
visualize your data

e Turn wall of text into data visualization
e Pro-tip: automation & repeatability are important!
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Evaluate

* The boring part
e Data organization
e Data screening
e Data cleaning
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Evaluate: SBAT Method

* Single Big-ASS Table

e Important for leveraging table functionality in Excel or for
importing into other programs
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Evaluate: SBAT Method
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Evaluate: Statistical Processing

e Statistics = Answers to Questions
e How high = score
e How high on average = mean
e How much variability = SD, CV
e How reliable = CV
e \WWas change significant = SWC, CV
e How much change = ES, %diff
e How much change compared to team = Z-scores

e \Was there a relationship with other fitness characteristics = Pearson r
correlation
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Evaluate: Data Visualization

* This is one of the most important, and yet most individualized
pieces of the process

e Key Points
e Maintain a high info-to-ink ratio
e Utilize blank space
e Beware of hidden connotations
e Follow universal design principles
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For Further Guidance...

Refer to Chapter 21 in the CPSS Textbook
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Data Visualization
Examples
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Data Visualization Examples
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Operationalize

e Transform numbers into action and improve informed
decision-making
* \Why go through all this trouble if it doesn’t contribute to the
training process??
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Operationalize

* Only you and your performance team can ultimately decide
how to use the data

e That said, | do have at least 7 suggestions
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/ Tips to Operationalize Data

e Tip 1: Create a Plan
e Decide ahead of time what your actionable steps will be

e Example: Establish dynamic strength index benchmark & adjust
training emphasis accordingly
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/ Tips to Operationalize Data

e Tip 2: Establish Ownership

e Create a training culture of ownership and excellence among the
athletes

e Example: create player cards that display relevant performance
data, and set individualized goals with each athlete
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/ Tips to Operationalize Data

e Tip 3: Educate Stakeholders

e Take time to educate the performance staff

e Example: show the sport coach the correlations between strength,
power, and speed measures to establish buy-in for the resistance
training program
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7/ Tips to Operationalize Data

* Tip 4: One Graph to Rule Them All

e Use Z-scores to create comprehensive athlete profile

e Example: radar plot showing relevant KPIs. This can guide
performance staff in making training decisions
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7/ Tips to Operationalize Data

e Tip 5: Stoplight System
e Use SWC to identify signs of overtraining

e Example: daily jump monitoring as a surrogate measure of
readiness vs fatigue, or as a component of a larger readiness
assessment
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/ Tips to Operationalize Data

e Tip 6: Celebrate small wins
e Use SWC to celebrate small wins in the training process

e Example: Submaximal RPE PRs provide positive reinforcement with
limited fatigue
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/ Tips to Operationalize Data

e Tip 7: Leave the Human in the Loop

e Remember that all the data in the world will not replace a face-to-
face conversation with your athlete, or the intuition of a veteran
coach.

e Example: Use the MEO process as a way to drive further
communication and relationship between all members of the
performance staff and the athletes under your care.
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Resources

e Resources that | have found exceedingly helpful

e Dr. Will Hopkins” Website:
https://sportscience.sportsci.org/resource/stats/index.html

e Dr. Adam Virgile’s work: https://adamvirgile.com/

* Excel Tricks for Sports:
https://www.youtube.com/@ExcelTricksforSports

e NSCA’s Essentials of Sport Science
e Google
* YouTube
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https://sportscience.sportsci.org/resource/stats/index.html
https://adamvirgile.com/
https://www.youtube.com/@ExcelTricksforSports

Resources |I've Created

e Statistics Theory and Application Playlist
e Essentials of Sport Science Playlist
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