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Prediction - VO, ., (regression)

The Bruce Protocol Treadmill Test for
Athletes

A Fitness Evaluation Used to Measure VO2 Max

The Bruce Protocol Formula for Estimating VO2 Max

These are the formulas used:
» For men VO2 max = 14.8 - (1.379 X T) + (0.451 x T?) - (0.012 x T?)
® For women VO2 max = 4.38xT - 3.9

» T = Total time on the treadmill measured as a fraction of a minute (a test
time of 9 minutes 30 seconds would be written as T=9.5).

(https:/www.verywellfit.com/the-bruce-treadmill-test-protocol-3120269)



Prediction — Image Recognition

“A yellow school bus parked in a parking lot”

Joelle Pineau, McGill, Facebook



Prediction — Fracture Risk (regression)

FRAX ®©

Fracture Risk Assessment Tool

Calculation Tool Paper Charts References English

Country: Canada Name/ID: | david About the risk factors Country: Canada Name/ID: ' david About the risk factors

Questionnaire:

1. Age (between 40 and 90 years) or Date of Birth

10. Secondary osteoporosis

. Alcohol 3 or more units/day No

Questionnaire:

1. Age (between 40 and 90 years) or Date of Birth

10. Secondary osteoporosis ©ONo Yes

11. Alcohol 3 or more units/day ©OnNo Yes

Age: Date of Birth:
58 Y: 1960

. Sex ©OMale  Female
. Weight (kg) 76.8

. Height (cm) 170

. Previous Fracture

. Parent Fractured Hip

. Current Smoking

. Glucocorticoids

. Rheumatoid arthritis

12. Femoral neck BMD (g/cm?)
Select BMD -

Clear  Calculate

BMI: 26.6
The ten year probability of fracture (%)

Hip Fracture

Age: Date of Birth:
58 Y: | 1960

. Sex ©OMale ~ Female
. Weight (kg) 76.8

. Height (cm) 170

. Previous Fracture

. Parent Fractured Hip

. Current Smokil

. Glucocorticoids

. Rheumatoid arthritis

(https:/www.sheffield.ac.uk/FRAX/tool.aspx?country=19)

12. Femoral neck BMD (g/cm?)
Select BMD :

Clear  Calculate

BMI: 26.6 e
The ten year probability of fracture (%)

M osteoporotic m
Hip Fracture m




Prediction — Total Body BMD (CART)

Frame
First menses

Fam Hx Stress #
Fam Hx Osteopenia

Weight
Fat Mass

Gyne Age Prev Stress # Lean Body Mass
Infrequent menses Impact Activity AG Ratio
BCP Race BMI
Cut=0.5 Cut = 0.25

LBM< 109.9

RaceRelpvel=abe

GyneAge< 3.5

0.1818

n=11

Heightx 67.35

1.409
n=100

(Stanford University data, 2011)



Generalizability from a study requires Causal approach

(Bareinboim and Pearl)



Prediction — Fracture Risk (regression)

®
FRAX Fracture Risk Assessment Tool

Calculation Tool Paper Charts

Country: Canada Name/ID:  david

Quest|0nna|re: 10. Secondary osteoporosis
1. Age (between 40 and 90 years) or Date of Birth 11. Alcohol 3 @

Age: Date of Birth:

58 Y: 1960 M: : 1 12. Femoral neck BMD (g/cm?)

11. Alcohol 3 or more units/day

2. Sex O Male Female Select BMD

3. Weight (kg) Clear  Calculate

4. Height (cm)
BMI: 26.6
5. Previous Fracture The ten year probability of fracture (%)
6. Parent Fractured Hip

Major osteoporotic
7. Current Smoking jor po

Hip Fracts
8. Glucocorticoids EeeS

9. Rheumatoid arthritis

(https://www.sheffield.ac.uk/FRAX/tool.aspx?country=19)



Prediction — Total Body BMD (CART)

Frame Fam Hx Stress # Weight

First menses Fam Hx Osteopenia Fat Mass
Gyne Age Prev Stress #

Infrequent menses Impact Activity

0.1818 1.409
n=11 n=100

(Stanford University data)



Prediction — Risk Factors for Injury

Sport

\ Load

Tolerance

(Dutch Study, in preparation)



Prediction — Risk Factors for Injury

Al: Important Factors

_» Sport

Don’tbotherwith strength / erX|b|I|ty
they don’t predictinjury!

Strength < Injury —>FIeX|b|I|ty

Load

Injury

Load
Tolerance

(Dutch Study, in preparation)



Overview

First Period: Prediction vs causation (15 min)
Second Period: Introduction to DAGSs (20 min)

Third Period: An introduction to Dagitty (10 min) @L\f@
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Identifiability vs Estimation

Causal DAGs are part of a method to
determine if a causal effect is “identifiable”

A causal effect is identifiable if there is one
and only one possible answer from the
observed data to predict the outcome
The VX is not identifiable:

= V4 = (2)2

= V4 = (-2)?

Estimation may or may not be challenging



“Standard” Confounder

A variable may (i.e. potential confounder)
affect the magnitude or direction of the

estimated effect if it:
— |s associated with the exposure

— |Is associated with the outcome independent of exposure

— |Is not affected by exposure: in particular, it does not lie on
the hypothesized causal path



Confounder?

oA @\@/@ Activity

Gait Disorder




“Standard” Confounder

A variable may affect the magnitude or

direction of the estimated effect If it:
— Is associated with the exposure

— IS ASS2ZiZisu will L VULLUIIIE nucpcn a2t nf exposure

— Is not affected by exposure: in particular, it does not lic
on the hypothesized causal path

Miict Gisu
— Not be a marker for a variable on the causal path

- Not be caused by the outcome
— Cause disease in the “unexposed” group

Yield true risk of disease in exposed and unexposed
when included in the model

U



“Standard” Confounder

EX > Qutcome
Covariate

— Must cause the exposure, or be a marker for a cause of
the exposure

—@—’ Qutcome

Covarlate <\>

— Not be caused by the outcome

— Not be affected by the exposure
— Not be a marker for a variable affected by exposure



“Standard” Confounder

EX > Qutcome
Covariate

—@—’ Qutcome

Covarlate

C ——> Ex ——_ Outcome
\/

Directed Acyclic Graph (causal diagram)



Potential Confounder?

C ——> Ex ——>_ Outcome ©
\/

Must causethe outcome, or be a marker for a cause of the outcome
Must causethe exposure, or be a marker for a cause of the exposure

(Hernan Am J Epid 2002)



Potential Confounder?

C ——> Ex ——>_ Outcome ©
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C ——> Ex ——> Outcome ©
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Must causethe outcome, or be a marker for a cause of the outcome
Must causethe exposure, or be a marker for a cause of the exposure

(Hernan Am J Epid 2002)



Potential Confounder?

U ——> Ex ——> Outcome ©
C Must cause the outcome, or be a marker for a cause of the outcome

Must causethe exposure, or be a marker for a cause of the exposure

(Hernan Am J Epid 2002)



Potential Confounder?

Ex—— C ——> QOutcome
/C
\

Outcome

Ex — U

C < BEx— Outcome

U / Must cause the outcome, or be a marker for a cause of the outcome

Must cause the exposure, or be a marker for a cause of the exposure

(Hernan Am J Epid 2002)



Potential Confounder?

Ul U2
\ = / ®

E Outcome

Must cause the outcome, or be a marker for a cause of the outcome
Must causethe exposure, or be a marker for a cause of the exposure

(Hernan Am J Epid 2002)



Pearl’s Rules - Explanation

@ Season
If one knows the value

/ \ of the “collider”, the

: _ parents are associated.
Sprinkler Rain

\ / If wet: the sprinkleris
X, | Wet more likely to

l be on if there
@ Slippery

was no rain.

(Shrier & Platt, 2008)



Pearl’s Rules - Explanation

) ()
fof

Xy = X, + Xy

(Pearl, Glymour and Jewell. Causal Inference in Statistics. A primer 2016)



Potential Confounder vs. Collider?

Uf_\i R / Uf

E Outcome

(Cole & Hernan IntJ Epid 2002)



Collider-Stratification Bias

Case-control selection bias

= //> Fracture\
strogen / Emerg —> Hospitalization

Myo. Infar.

Complex Attrition bias

Side effects— > Drop Out

Treatment //;7

Mild disease ————> Death



Obesity Paradox

—

Obesity causes heart failure
Heart failure causes death
Obesity causes death independent of heart

fallure

Lo I

The risk of death in obese patients with heart
fallure iIs less than the risk of death in non-
obese patients with heart failure.

Draw a causal diagram



Obesity Paradox

Obesity
N
Diabetes II AW

Obesity ———> | Heart Failure | ———— b.-'luﬂrtulit_v

Diabetes —> Mortality

’ ; Diabetes | .7
Unmeasured 7 /
Islet cell failure

risk factors

Banack & Kaufman Epidemiology 2013
.

Appearing ill

= +\‘\ better
A1C test . Diabetes mellitus

L

Obesity

» Diabetes Anal
— Obes'ty | Appearing ill
= Among d . :
Diabetes mellitus

than non- /
Obt;sity ¥

n-insulin) do better

Stovitz, Banack & Kaufman JECH 2018



What does > on a DAG mean?

Graph Theory (for directed acyclic graph)

— Vertices (nodes, variables) joined by directed
edges (arrows)

— Parents cause descendants (children,
grandchildren)

— Children are caused by ancestors

— Variables are defined in space-time: Blood
pressure measured at two different times is
two different variables

X X,

\
Y



What does > on a DAG mean?

Structural Causal Models
— Child is some function of parents
— f . X =u,
= f0 Y =f(uy, X)

— f,: Z=1(u,, X, A) U U,

]

l/x\l/
Y Z

(Pearl, Glymour and Jewell. Causal Inference in Statistics. A primer 2016)



What does > on a DAG mean?

Structural Causal Models
= f,
— X =u, (or maybe 3*u, +10)

—
— Y =X*U, (or maybe X**U,) y y
= * A
— |f X=0, Z=U,*2 l l
u, U,
— If X=1, Z=A*X l X l A

Y Z

(Pearl, Glymour and Jewell. Causal Inference in Statistics. A primer 2016)



What does > on a DAG mean?

Conditional Independence

—

b 4 U

Absence of an arrow means variable is NOT a
function of the “parent” — independent

A is independent of X

Z is independent of Y given X (fix X)

Z does not changeif Y is changed Uy

Z is not caused by Y l
X

\l{/ \lz/



Overview

First Period: Prediction vs causation (15 min)
Second Period: Introduction to DAGSs (20 min)

Third Period: An introduction to Dagitty (10 min) @L\f@
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< C O © wwwdagittynet

i Aops  Bookmarks 5 Bookmarks L RSeek (R RSearch W MeGiILib N Find A Persen % PubMed [ Almetrie ! Fi] Google Scholar

Welcome to DAGitty!

Launch Learn Communicate Download

o @ g ¥

Launch DAGitty online  Learn more about Joé:rfr:gp‘t?:lgutl;\s:ror
in your browser DAGs and DAGItty directly

Download DAGItty's
source for offline use

What is this?

DAGiItty is a browser-based environment for creating, editing, and
analyzing causal models (also known as directed acyclic graphs or
causal Bayesian networks). The focus is on the use of causal diagrams
for minimizing bias in empirical studies in epidemiclogy and other
disciplines. For background information, see the "learn" page.

DAGitty is developed and maintained by Johannes Textor (Theoretical
Biology & Bioinformatics group, University of Utrecht).

Coloring
Adjustment Sets

Testable Implications
Model Code

Johannes Textor


http://dagitty.net/

Humans: What would happen if...

Pearl’s 3 Rung: Imagining / counterfactuals







Sufficient Causal Sets

merican Joumal of Epidemiology Vol. 166, No. 9
@ Author 2007. Published by the Johns Hopkins Bloomberg School of Public Health. DOI: 10.109¥aje/kwm179
Al rights reserved. For permissions, please a-mall: joumals,permissions @ oxfordjoumals.org Advance Access publication August 16, 2007

Practice of Epidemiology

Directed Acyclic Graphs, Sufficient Causes, and the Properties of Conditioning
on a Common Effect

Tyler J. VanderWeele' and James M. Robins?

(Rothman AJE 1976)

Sufficient Sufficient Sufficient
Cause Cause Cause
| ] 1]

& >
&) (&) D
(=)

Understanding Causes

METHODS

Identification of operating mediation and mechanism
in the sufficient-component cause framework

Etsuji Suzuki -

Invited Commentary

Invited Commentary: The Continuing Need for the Sufficient Cause Model Today

Tyler J. VanderWeele*



Suff. Causes Sets and Graphical Diagrams
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Suff. Causes Sets and Graphical Diagrams

Structural Causal Models
= f
= X=y, (or maybe 3*y, +10)

=

= Y = X*l, (or maybe X2*U),)

== L
Ity
A

i £

e



Suff. Causes Sets and Graphical Diagrams

FIGURE 3. A causal directed acyclic graph with a sufficient causa-
tion structure.

(VanderWeele and Robins. Am J Epidemiol 2007)



Summary

Dagitty makes life much easier

Collider-stratification bias may be more common than
believed (Obesity paradox, Hamstring paradox)

Causal arrows examined through the lens of:
— Conditional independence

— Sufficient causal sets
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