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Abstract: <p>From earliest infancy, we live in and learn to function in aworld of causes and effects. Y et science has had an ambivalent, even hostile
attitude toward causation for more than a century. Statistics courses teach us that &cecorrelation is not causation,&€e yet they are strangely silent
about what& nbsp;<em>is</em>& nbsp;causation.</p>

<p>A centra reason for this silence is that causation does not reside in data alone, but in the& nbsp;<em>process</em>& nbsp;that generates the
data. In order to answer causal questions, like &odWVhat would happen if we lowered the price of toothpaste?&€s or &€osShould | brake for this
object?a€» we need a model of causes and effects. Judea Pearl has developed a simple calculus for& nbsp;<em>expressing</em>& nbsp;our
cause-effect knowledge in a diagram and& nbsp;<em>using</em>& nbsp;that diagram to tell us how to interpret the data we gather from the real
world. His methods are already transforming the practice of statistics and could equip future artificial intelligences with causal reasoning abilities
they currently lack.</p>

<p>Thistalk islargely based on Mackenzied€™s book co-written with Pearl,& nbsp;<em>The Book of Why</em>.</p>

Pirsa: 19010074 Page 1/39



Three Claims ...

JUDEA PEARI
AND DANA MACKENZII * Machimes do not understand
THE questions about cause and effect.

* T'he human brain 1s still an

BOOK Ol unmatched technology for
WHY answering such questions.

 If we want to create “strong Al,”
« —p— .
we must emulate the way humans
Al s think about causal processes.
OF CAUSE AND EFFECT
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... and a Fourth

JUDEA PEARI
\ND DANA MACKENZI * Causal blindness has 1n fact been
THE pervasive 1 a variety of sciences,

not just AI. Many scientists think

BOOK ObF ol “model-free” (1.e., non-causal)

WHY reasoning as a virtue, when n fact

the opposite 1s true.
< S

THE NEW SCIENCE

OF CAUSE AND EFFECT
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My Co-Author

. - —

“Judea Pearl has been the heart and soul of a revolution in

artificial intelligence and in computer science more broadly.”
-- Eric Horvitz, Director of Microsoft Research
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Correlation and Causation
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Correlation and Causation

T USED T THINK, THEN I TOOK A | | SOUNDS LIKE THE
CORRELATION mPUED STATISTICS CLASS. CLASS HELPED.
CAUSATION. Now I DON'T. WELL, MAYBE.

0% 15808 g

http://xked.com/552

Page 6/39

Pirsa: 19010074



Pirsa: 19010074 Page 7/39



Pirsa: 19010074 Page 8/39



Correlation and Causation
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Causal Diagrams (or Directed Acyclic Graphs)
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Causal Diagrams (or Directed Acyclic Graphs)
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Causal Diagrams (or Directed Acyclic Graphs)
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Causal Diagrams (or Directed Acyclic Graphs)
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Causal Diagrams (or Directed Acyclhic Graphs)

Observed data. Revenue higher
when price of toothpaste is higher.

Observed data. Revenue higher
when price of toothpaste is higher.

Market Price

Ve N
Store Price = Customer
Behavior
N 4
Revenue

Market Price

4 N
Store Price = Customer
Behavior
N 4
Revenue

Model 1. Other stores historically
set their prices in response to ours.

Model 2. We historically set our
prices to match other stores.

Conclusion 1. Intervening to raise
our price will raise our revenue.

Conclusion 2. Intervening to raise
our price will decrease our revenue.
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Causal Diagrams (or Directed Acyclic Graphs)
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Simpson’s Paradox

TABLE 6.4. Fictitious data illustrating Simpson’s paradox.

Control Group Treatment Group
(No Drug) (Took Drug)
Heart attack | No heart attack | Heart attack | No heart attack
Female 1 19 3 37
Male 12 28 8 12
Total 13 47 11 49
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Simpson’s Paradox

Gender

b

g

s

Drug Heart Attack
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Simpson’s Paradox

TABLE 6.4. Fictitious data illustrating Simpson’s paradox.

Control Group Treatment Group
(No Drug) (Took Drug)
Heart attack | No heart attack | Heart attack | No heart attack
Female 1 19 3 37
Male 12 28 8 12
Total 13 47 11 49
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Simpson’s Paradox

TABLE 6.6. Fictitious data for blood pressure example.

Control Group
(No Drug)

Treatment Group

(Took Drug)

Heart No heart Heanrt No beart
attack attack attack attack
Low blood | 19 3 37
pressure
High blood 12 28 8 12
pressure
Total 13 47 11 49
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Simpson’s Paradox

Blood Pressure

& ~e
Drug Heart Attack
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My Favorite 'xample
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My Favorite 'xample

Crating/Supervision

\\}

\\

/| \\i Other Pets House Training

Direct Effect: Kittens directly change Daisy’s behavior.

Indirect Effect: Kittens imndirectly change Daisy’s behavior because we
supervise her more carefully.,
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My Favorite 'xample

Crating/Supervision

\\}

L\ i
/ \;i Other Pets House Training
Lxpernnent: Remove the kittens (intervention 1) and supervise the
dog as we would have 1f kittens were present (intervention 2)

Requuires us to know a counterfactual!
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Another Example (Confounding)

Honolulu Heart Program

Observational study, 707 men of Japanese descent

Over a 12-year period, death rate among mtense walkers (>2
miles/day) was two times lower than for casual walkers (<1

mile/day)
Does 2 miles/day of walking immcrease hfespan?

(Abbott et. al., New Ekngl. Jour. Medicine, 1998)
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, i L . ]
Another Example (Confounding)

Does 2 miles/day of walking imncrease hfespan?

"This 1s a causal question. To answer 1t, we need a causal model.

Age

Walking Mortality

Problem: The mtense walkers could be younger to start with than the
casual walkers.

Solution: Control for confounding variables (like age).
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Another Example (Confounding)

Does 2 miles/day of walking mcrease hifespan?

Authors: “Of course, the effects ... of mtentional efforts to mmcrease
the distance walked per day... cannot be addressed i our study.”

Pearl and Mackenzie: Of course we can address the question! And

should!
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The C-Word

Journal of the American Medical Associationn (2017): “If 1t 1sn’t [a

randomized chinical tnal] and 1s a report of an observational study,
then all cause-and-effect language must be replaced.”

Miguel Hernan, Am. Jour. Public Health (2018): “Arguably, the
biggest disservice of traditional statistics to science was to make
‘causal’ mto a dirty word, the C-word that researchers have learned

to avoid.”
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The C-Word

PERSPECTIVE

Control of Confounding and Reporting of Results in Causal
Inference Studies
Guidance for Authors from Editors of Respiratory, Sleep, and Critical Care Journals

David J. Lederer'?*, Scott C. Bell**, Richard D. Branson™, James D. Chaimers™, Rachel Marshall®*, David M. Maslove™,
David E. Ost™, Naresh M. Punjabi®, Michael Schatz'"", Alan R. Smyth''*, Paul W. Stewart'*, Samy Suissa'",

Alex A. Adjei'®, Cezmi A. Akdis'®, Elie Azoulay'®, Jan Bakker'’-'®'9, Zuhair K. Ballas®®, Philip G. Bardin®',

Esther Barreiro™, Rinaldo Bellomo™, Jonathan A. Bernstein®®, Vito Brusasco®®, Timothy G. Buchman?®#"#¢,
Sudhansu Chokroverty*®, Nancy A. Collop®®*', James D. Crapo®?, Dominic A. Fitzgerald®*, Lauren Hale™,

Nicholas Hart*®, Felix J. Herth®*, Theodore J. Iwashyna®’, Gisli Jenkins*®, Martin Kolb*?, Guy B. Marks"®,

Peter Mazzone*', J. Randall Moorman®“?*¥**, Thomas M. Murphy*®, Terry L. Noah"®, Paul Reynolds®’, Dieter Riemann“®,
Richard E. Russell"”°, Aziz Sheikh®', Giovanni Sotgiu®, Erik R. Swenson®®, Rhonda Szczesniak™*?,

Ronald Szymusiak®®®", Jean-Louis Teboul™, and Jean-Louis Vincent™

Department of Medicine and “Department of Epidemiology, Columbia University Irving Medical Center, New York, New York; Editor-in-
Chief, Annals of the American Thoracic Society: 'Department of Thoracic Medicine, The Prince Charles Hospital, Brisbane, Queensland
Australia; Editor-in-Chiel, Journal of Cy. Fibrosis; “Department of Surgery, University of Cincinnatl, Cincinnati, Ohio; Editor-in-Chief,
Respiratory Care; “University of Dundee, Dundee, Scotland; Deputy Chief Editor, European Respiralory Jourmal, “London, England;
Deputy Editor, The Lancet Respiratory Medicine; "Department of Medicine, Queen's University, Kingston, Ontario, Canada; Associate
Editor for Data Science, Critical Care Medicing; "Dapartment of Pumonary Medicing, University of Texas MD Anderscn Cancer Center
Houston, Texas; Editor-in-Chiel, Journal of Bronchology and interventional Pulmonalogy: “Division of Pulmonary and Critical Care
Medicine, Johns Hopkins University, Baltimore, Maryland; Deputy Editor-in-Chief, SLEEP; ""Department of Allergy. Kaiser Permanente
Medical Canter, San Diego, Calfornia; Editor-in-Chief, The Journal of Allergy & Clinical Immunology: In Practice; ' Division of Child Health,
Obstatrics, and Gynecclogy, University of Nottingham, Nottingham, England; Joint Editor-in-Chief, Thorax, “Department of Biostalistics
University of North Carolina, Chapel Hill, North Carolina; Asscclate Editor, Pedlatric Pulmonalogy; 'Department of Epidemiology
Biostatistics, and Occupational Health, McGill University, Montreal, Quebec, Canada; Advisor, CORD: Journal of Chronic Obstructive
Pulmonary Disease; ' “Department of Oncology, Mayo Clinic, Rochester, Minnesota; Editor-in-Chiel, Joumnal of Theracic Oncology: '“Swiss
Institute of Allergy and Asthma Research, University of Zurich, Davos, Switzerand; Editor-in-Chiel, Allergy, "“St. Lous Hospital, University of
Paris, Paris, France; Editor-in-Chief, Intensive Care Medicing; ''Department of Medicine, Columbia University Inving Medical Canter, and
Nivisional Pulmonary, Critical Cam.and Sisen. NYLLL anoana Haalth, Neve York, New York: '"Denanment of Intansive Cars Adulls. Frasous
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The C-Word

Journal of the American Medical Assocrationn (2017): “If 1t 1sn’t [a

randomized chmcal trnal] and 1s a report of an observational study,
then all cause-and-effect language must be replaced.”

Miguel Hernan, Am. Jour. Public Health (2018): “Arguably, the
biggest disservice of traditional statistics to science was to make
‘causal’ mto a dirty word, the C-word that researchers have learned
to avoid.”

47 Authors, Annals of the American Thoracic Socrety (2019): “We
urge authors to consider using causal models when testing causal
associations. The scientific, mathematical, and theoretical
underpmnings of causal inference... have evolved sufficiently to
permit the everyday use of causal models.”

Page 29/39



Pirsa: 19010074

Times Change!

PERSPECTIVE
A Confounding
Exercise Lung cancer
« Direct causal path
Back-coor i
palh / ,./
./ e -
Smoking -
c Collider Bias

Shift work — Obstructive sleep apnea

Direc! caunal path

4
» Sleepiness

B Mediation
rdiract causal path
Immune
function
Exercise Lung cancer
Diret causal path

D M-Bias

Heart failure Pneumonia

n y

Crackles

L v
Beta-blocker use ——— > ARDS

Direct causal path
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Another Favorite Example

Does smoking cause lung cancer?
Vigorously disputed by R.A. Fisher and others

“Constitutional hypothesis” - a confounder

Smoking Gene

-3
Smoking  Tar Cancer
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Another Favorite Example

Same procedure works any time Smoking Gene

we have:

"Two variables (X and Y)
A -
Unobservable confounder (7) Smoking Tar Cancer

Intermedate vanable (M) that 1s “shielded” from the effect of Z.

Front-door adjustment: Invented by Judea (1993), proved using

causal diagrams.
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What Causal Diagrams Can Do For Us

Tell us what experiments to conduct (or emulate)
T'ell us how to mterpret existing data
Cure the fear of confounding

Give us new ways to extract causation from association
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But What Does 'This Have to Do with AI?

National I ransportation Satety Board
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3. COUNTERFACTUALS
QUESTIONS I:’ i 4y 1 doted b

|
! EXAMPLES

2. INTERVENTION
ACTIVITY Phoing, Tntervening
| QUESTIONS: W hur i 1o Ha

| EXAMPLES: I 1 rako

1. ASSOCIATION
ACTIVITY:  Seeing, Olbsersin

QUESTIONS: Wkt it |

ACTIVITY Tragging, Rereospecnion, Understnding

The Ladder of Causation

<<Any organism that can build a causal model
or “theory” of its environment, imagine the
results of actions not taken, and be capable
of introspection and retrospection, is on the

third rung.

<< Tool users, any organism that can plan an
action without having seen such an action

before 1s on the second rung.

<< Deep learning, neural nets, Big Data, all
“model-free” statistical methods are on the

first rung.
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Pﬁ)d sorry I cotld not travel both
Rod be one traveler, long | stood...”

Pirsa: 19010074 Page 36/39



In the End, the Bunnies Always Win

Amazon Top 100 Last, 5/19/2018

o s
W6
"'ﬁ"‘
#93. The Book of Why >>>>>> {Animals
WHY 4 ’f \?
#94. Cute baby bunmes! >>>>>>>>>>>> b e o
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In the End, the Bunnies Always Win

Amazon Top 100 Last, 5/19/2018

o s
fras
-.,ﬁ"
#93. The Book of Why >>>>>> {Animals
WHY 4 ’f \?
#94. Cute baby bunmes! >>>>>>>>>>>> b o
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JUDEA PEARL

WINNER OF THE TURING AWARD

AND DANA MACKENZIE

g
BR®IOK O F

BV H Y

« > ———

THE NEW SCIENGE
OF CAUSE AND EFFECT
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