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Prediction – VO2max (regression)

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



Prediction – Image Recognition

Joelle Pineau,  McGill, Facebook



Prediction – Fracture Risk (regression)

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



Prediction – Total Body BMD (CART)

Cut = 0.25Cut = 0.5

Frame Fam Hx Stress # Weight

First menses Fam Hx Osteopenia Fat Mass

Gyne Age Prev Stress # Lean Body Mass

Infrequent menses Impact Activity AG Ratio

BCP Race BMI

(Stanford University data, 2011)



Generalizability from a study requires Causal approach

(Bareinboim and Pearl)
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Prediction – Risk Factors for Injury

(Dutch Study, in preparation)
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Don’t bother with strength / flexibility: 

they don’t predict injury!

AI: Important Factors
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• 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 √X is not identifiable: 

⇒ √4 = (2)2

⇒ √4 = (-2)2

• Estimation may or may not be challenging

Identifiability vs Estimation



• A variable may (i.e. potential confounder) 
affect the magnitude or direction of the 
estimated effect if it:
 Is 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

“Standard” Confounder
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• A variable may affect the magnitude or 
direction of the estimated effect if it:
 Is 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

• Must also
 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

“Standard” Confounder



Ex Outcome

Covariate?
Ex

Covariate

Outcome☺
 Not be caused by the outcome

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

UU

 Must cause the outcome (independently), or be a marker 
for an independent cause of the outcome

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

“Standard” Confounder



Ex Outcome

Covariate?
Ex

Covariate

Outcome☺

Directed Acyclic Graph (causal diagram)

C Ex Outcome

“Standard” Confounder



(Hernán Am J Epid 2002)

C Ex Outcome ☺

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

Potential Confounder?
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Ex C Outcome

Ex U

Outcome

C

C Ex Outcome

U

C Ex Outcome

U
(Hernán Am J Epid 2002)






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

Potential Confounder?



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

(Hernán Am J Epid 2002)

☺

Collider

E Outcome

C

U2U1

Potential Confounder?



X1

X3 X2

X4

X5

Sprinkler Rain

Season

Wet

Slippery

If one knows the value 

of the “collider”, the 

parents are associated. 

If wet: the sprinkler is 

more likely to 

be on if there 

was no rain.

(Shrier & Platt, 2008)

Pearl’s Rules - Explanation



X3 X2

X4

7

10

X4 = X2 + X3

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

Pearl’s Rules - Explanation



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

Potential Confounder vs. Collider?

(Cole & Hernán Int J Epid 2002)

E Outcome

C

U2U1

Collider



Collider-Stratification Bias

Complex Attrition bias

Treatment

Death

Side effects Drop Out

Mild disease

Condition on common effect

Condition on common effect

Case-control selection bias

Estrogen Emerg

Myo. Infar.

Fracture
Hospitalization



1. Obesity causes heart failure

2. Heart failure causes death

3. Obesity causes death independent of heart 

failure

The risk of death in obese patients with heart 

failure is less than the risk of death in non-

obese patients with heart failure.

Draw a causal diagram

Obesity Paradox



• Obesity Paradox
 Obesity is risk factor for heart failure (HF)

 Among HF patients, obese do better than non-obese

 Alternative Reason

 Obese HF patients have milder form of HF compared to 
HF due to myocarditis, genetics

 Obese HF patients who lose weight do better

• Diabetes Analogy
 Obesity is a risk factor for DM (non-insulin)

 Among diabetic patients, obese patients (non-insulin) do better 
than non-obese patients (insulin)

Obesity Paradox

Banack & Kaufman Epidemiology 2013

Stovitz, Banack & Kaufman JECH  2018



• 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

What does ➛ on a DAG mean?

Y

X2X1



• Structural Causal Models

 Child is some function of parents

 fx: X = ux

 fy: Y = f(uy, X)

 fz: Z = f(uz, X, A)

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

What does ➛ on a DAG mean?

X

ZY

Uy Uz

Ux

A

UA



• Structural Causal Models

 fx

 X = ux (or maybe 3*ux +10)

 fy:

 Y = X*Uy (or maybe X2*Uy)

 fz

 If X=0, Z=Uz*2

 If X=1, Z=A*X X

ZY

Uy Uz

Ux

A

UA

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

What does ➛ on a DAG mean?



• Conditional Independence

 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 change if Y is changed

 Z is not caused by Y

X

ZY

Uy Uz

Ux

A

UA

What does ➛ on a DAG mean?
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Dagitty

• Coloring

• Adjustment Sets

• Testable Implications

• Model Code
Johannes Textor

http://dagitty.net/


Humans: What would happen if…

Pearl’s 3rd Rung: Imagining / counterfactuals





Understanding Causes EB

Y
G

C D

A F

HI

J

Sufficient Causal Sets

(Rothman AJE 1976)



Suff. Causes Sets and Graphical Diagrams

M YM Zmy
ZmuyM

U

DeterministicProbabilistic

M Y

M Zmy2

M Zmy3

M Zmy

Uy



• What is the causal effect of M on Y?

M YM Zmy

M Y

K

Zmky

K

M
M ZmyM Y

K
K Zky

M Zmy M Y

K K Zky

Zmky

K

M M Y

K K Zky

Zmky

K

M
M Zmy

Suff. Causes Sets and Graphical Diagrams

(monotonicity)



(VanderWeele and Robins. Am J Epidemiol 2007)

M Y

K K Zky

Zmky

K

M
M Zmy

Suff. Causes Sets and Graphical Diagrams



• 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

Summary
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