
Lecture 1: Introduction to Causal Inference

Drago Plečko

Causal Inference for 
Health Data 

(STATS C160/C260 — Winter 2026)



• When: Tuesday & Thursday, 11:00am


• Where: Mathematical Sciences 5200 


• Office hours: Thursday 1-2pm, Mathematical 
Sciences 8105E (note: 1.15-2.15pm Jan/8)


• Course Website https://dplecko.com/cihd26


• BruinLearn page also active


• Syllabus published in the website/BruinLearn
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Logistics

password: causalhealth26

https://dplecko.com/cihd26


• You’ll need some mathematical background

• Probabilistic Reasoning (foundations)

• Statistics (sampling, experimental design) 

• Discrete math (search and graph algorithms)


• It’s not a purely theoretical class

• You need some programming experience (R)

• Plus: experience with data analysis

• Plus: experience in health sciences 
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Pre-requisites



Grading Scheme
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Undergraduate  
(C160)

Graduate  
(C260)

Homeworks 
[completion based] 10% 10%

Midterm Exam 
(Feb/12) 50% —

Midterm Project Report 
(Feb/12) — 30%

Final Project Report 
(Mar/17) 40% 60%



5

Expectations
Fr

om
 th

e 
Cl

as
s

Fr
om

 th
e 

St
ud

en
ts

Causal Inf.

Theory Methods Real-World Data

Homeworks 
(w/o AI)

Attend & 
Participate

Start Project 
Timely



Data Access for MIMIC-IV
• As said, in the course, we will study interesting 

real-world causal questions in health data,


• For following the course, getting access to the 
MIMIC-IV dataset (https://physionet.org/content/
mimiciv/2.2/) is strongly recommended,


• For this, some basic training is required (CITI 
Program Certification),


• After obtaining access to MIMIC-IV, try setting up 
the ricu R-package (https://github.com/eth-mds/
ricu).
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https://physionet.org/content/mimiciv/2.2/
https://physionet.org/content/mimiciv/2.2/
https://github.com/eth-mds/ricu
https://github.com/eth-mds/ricu


Reading Materials
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•Additional resources for reading: 

• The Book of Why  

J. Pearl, D. Mackenzie 
Basic Books, 2018 


•Causality: Models, Reasoning, and Inference 
J. Pearl 
Cambridge Press, 2000


•Causal Artificial Intelligence  
E. Bareinboim  
https://causalai-book.net 

https://causalai-book.net


Schedule (Tentative) 
Week 1. Motivation, Pearl’s Causal Hierarchy, SCMs 

Weeks 2. d-separation, Layer 1, Identification of Effects

Weeks 3. Truncated Product, Backdoor, Estimation

Weeks 4. Estimation in Practice; Do-calculus 

Week 5. Counterfactual Inference

Weeks 6. Heterogenous Effects + Midterm (Feb/12)

Weeks 7. Causal Explanations, Health Equity  

Week 8. Sensitivity to Unobserved Confounding 

Week 9. Missing Data & Measurement Error

Week 10. Causal Artificial Intelligence in Health Data 8



Causation in the Sciences
• Standard scientific methodology is built around the idea 

of combining observations and experiments.


• Scientists formulate 
hypotheses about 
unobserved causal 
mechanisms (e.g., 
Newtonian Physics).


• Submit them to further 
observation and 
experimentation, then 
refine them continuously.
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Causation in Medicine: 
Historical Primer — Scurvy

• in the 16th-18th century, colonial powers 
increasingly used ships for long voyages,


• soon, sailors began developing specific 
symptoms, which were shown to be highly lethal 
(50%-80% mortality) — today known as scurvy,


• the condition was a leading  
cause of death for sailors,  
and the cause was unknown,


• theories about its cause included “bad air”, 
dietary problems, and even “laziness”.
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Causation in Medicine: 
Scurvy

• James Lind started serving  
as Naval Surgeon in 1747,  
encountering numerous  
cases of scurvy,


• Lind studied ship logs, sailors’ medical journals, 
Admiralty health reports, and previous naval 
voyages.


• he collected anecdotes, and identified six 
possible cures: cider, vinegar, seawater, 
sulphuric acid, nutmeg paste, and citrus fruits.
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In modern terms: health data



Causation in Medicine: 
Scurvy

• Lind then decided to run an 
experiment: subjecting 12  
sailors, in pairs of two, to the 
6 possible medicines 

• after several days, it was discovered that only 
citrus fruits resulted in recovery


• Lind summarized his findings 
in the “Treatise of the Scurvy”
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In modern terms: clinical trial

In modern terms: paper / book



Causal Understanding
• Decompose a phenomenon into causal components and 

describe how they interact. 
 
 

• Uncover the underlying data-generating process (that is, how 
Nature works) or key aspects of it — how does each arrow above 
work, mechanistically? 


• Infer what would or could happen under hypothetical or 
counterfactual situations.

• What happens if we add seawater?

• What happens if we add vitamin C?

• What happens if voyages are made shorter?
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The Modern Journey of 
Causality



Timeline of Modern Causality
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Why Causality Matters for Health 
Data
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Why Causality Matters for Health 
Data
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Modern language of causality
• Critical observation: causal mechanisms behind 

the system under study are generally not 
observable, but they do produce traces: data.


• David Hume (1748): “Nature has kept us at a 
great distance from all her secrets, and has 
afforded only the knowledge of a few superficial 
qualities of objects; while she conceals from us 
those powers and principles, on which the 
influence of these objects entirely depends”.
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Causal framework (requirements)
• The observation that “reality” and the data generated by it 

are fundamentally distinct entities leads to two  
requirements for any framework for causal inference: 

1. The causal mechanisms underlying 
the phenomenon under investigation 
should be accounted for —indeed, 
formalized— in the analysis.


2. This collection of mechanisms (even 
if primarily unobserved) should be 
formally tied to its output: the 
generated phenomena and 
corresponding datasets.
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Allegory of the Cave (Plato)
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Structural Causal Models (intuition)

• We will assume that the underlying reality (or 
“ground truth”), our putative target, can be 
represented as a collection of causal mechanisms 
in the form of a mathematical object called 
structural causal model (SCM).


• We assume the existence of those 
mechanisms, independent of our 
practical capacity to discern their 
form, nature, and intricate details.
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Pearl’s Causal Hierarchy 
• Each collection of causal mechanisms (i.e., SCM) 

induces a causal hierarchy (sometimes called the “ladder 
of causation”).


• This structure is named the Pearl Causal Hierarchy (PCH)  
after Turing Awardee and UCLA Professor Judea Pearl, 
who was the first to recognize and discuss it in some 
depth.


• In this course, 
we pursue a 
formal view of 
the PCH and its 
implications.
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PCH - Comparing to Human 
Cognitive Capabilities

• Cognitive capabilities
• human: sensors + agency + retrospection 

• 1. ability to observe the world and infer the    
‘next’ stage

• 2. ability to intervene in the world and 
change it

• 3. ability to reflect about what we did (and 
didn’t do) and infer new behaviors
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layer 1 layer 2 layer 3

Pearl’s Causal Hierarchy (PCH)



Big picture - Pearl’s Causal Hierarchy

Level 
(Symbol)

Typical  
Activity

Typical  
 Question Examples

1 

!
Associational 

P(y | x)
Seeing  

(Associations)

What is?


How would seeing 
X change my belief 
in Y?


Is low blood 
pressure 
associated 
with sepsis?

2 

"
Interventional 
P(y | do(x), c)

Doing 
(Treatment Effects, 

Interventions)  
  

What if?


What if I do X? 

Do statins 
prevent heart 
attacks?

3 

#
Counterfactual 

P(yx | x’, y’)

Imagining,

Retrospection 

(Treatment Harm)

Why?


What if I had acted 
differently?

Had the 
patient not 
undergone 
surgery, would 
they be alive?
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Predictive ML

Reinforcement Learning



Level 
(Symbol)

Typical  
Activity

Typical  
 Question Examples

1 

!
Associational 

P(y | x)
Seeing  

(Associations)

What is?


How would seeing 
X change my belief 
in Y?


Is low blood 
pressure 
associated 
with sepsis?

2 

"
Interventional 
P(y | do(x), c)

Doing 
(Treatment Effects, 

Interventions)  
  

What if?


What if I do X? 

Do statins 
prevent heart 
attacks?

3 

#
Counterfactual 

P(yx | x’, y’)

Imagining,

Retrospection 

(Treatment Harm)

Why?


What if I had acted 
differently?

Had the 
patient not 
undergone 
surgery, would 
they be alive?

Big picture - Pearl’s Causal Hierarchy

  Causal Inference =  
        Cross-layer inferences 

!

"

#

24



Level 
(Symbol)

Typical  
Activity

Typical  
 Question Examples

1 

!
Associational 

P(y | x)
Seeing  

(Associations)

What is?


How would seeing 
X change my belief 
in Y?


Is low blood 
pressure 
associated 
with sepsis?

2 

"
Interventional 
P(y | do(x), c)

Doing 
(Treatment Effects, 

Interventions)  
  

What if?


What if I do X? 

Do statins 
prevent heart 
attacks?

3 

#
Counterfactual 

P(yx | x’, y’)

Imagining,

Retrospection 

(Treatment Harm)

Why?


What if I had acted 
differently?

Had the 
patient not 
undergone 
surgery, would 
they be alive?

Big picture - Pearl’s Causal Hierarchy

  Causal Inference =  
        Cross-layer inferences 

!

"

#

24

   Task-type 0 
     Data: Layer 1 
     Inference: Layer 1

 
e.g., “does high cholesterol  predict 
mortality?”



Level 
(Symbol)

Typical  
Activity

Typical  
 Question Examples

1 

!
Associational 

P(y | x)
Seeing  

(Associations)

What is?


How would seeing 
X change my belief 
in Y?


Is low blood 
pressure 
associated 
with sepsis?

2 

"
Interventional 
P(y | do(x), c)

Doing 
(Treatment Effects, 

Interventions)  
  

What if?


What if I do X? 

Do statins 
prevent heart 
attacks?

3 

#
Counterfactual 

P(yx | x’, y’)

Imagining,

Retrospection 

(Treatment Harm)

Why?


What if I had acted 
differently?

Had the 
patient not 
undergone 
surgery, would 
they be alive?

Big picture - Pearl’s Causal Hierarchy

  Causal Inference =  
        Cross-layer inferences 

!
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#
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   Task-type 1 
     Data: Layer 1 
     Inference: Layer 2

 
e.g., “will a patient’s state improve if we 
treat them with antibiotics?”



Level 
(Symbol)

Typical  
Activity

Typical  
 Question Examples

1 

!
Associational 

P(y | x)
Seeing  

(Associations)

What is?


How would seeing 
X change my belief 
in Y?


Is low blood 
pressure 
associated 
with sepsis?

2 

"
Interventional 
P(y | do(x), c)

Doing 
(Treatment Effects, 

Interventions)  
  

What if?


What if I do X? 

Do statins 
prevent heart 
attacks?

3 

#
Counterfactual 

P(yx | x’, y’)

Imagining,

Retrospection 

(Treatment Harm)

Why?


What if I had acted 
differently?

Had the 
patient not 
undergone 
surgery, would 
they be alive?

Big picture - Pearl’s Causal Hierarchy

  Causal Inference =  
        Cross-layer inferences 

!

"

#

24

"

   Task-type 2 
    Data: Layer 2 
    Inference: Layer 2

 
e.g., “given a randomized controlled 
trial on drugs A, B, can we say anything 
about their joint effect?”



Level 
(Symbol)

Typical  
Activity

Typical  
 Question Examples

1 

!
Associational 

P(y | x)
Seeing  

(Associations)

What is?


How would seeing 
X change my belief 
in Y?


Is low blood 
pressure 
associated 
with sepsis?

2 

"
Interventional 
P(y | do(x), c)

Doing 
(Treatment Effects, 

Interventions)  
  

What if?


What if I do X? 

Do statins 
prevent heart 
attacks?

3 

#
Counterfactual 

P(yx | x’, y’)

Imagining,

Retrospection 

(Treatment Harm)

Why?


What if I had acted 
differently?

Had the 
patient not 
undergone 
surgery, would 
they be alive?

Big picture - Pearl’s Causal Hierarchy

  Causal Inference =  
        Cross-layer inferences 

!

"

#

24

   Task-type 3 
     Data: Layer 1, 2 
     Inference: Layer 3

 
e.g., “if we adopted a different treatment 
policy, which patients would avoid harm?”



Big Picture
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Motivating Examples — 
Why Causality Matters in 

Practice



HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 20 20 40 50%

no-drug 
(¬X) 16 24 40 40%

36 44

Ex 1. Diabetes Treatment with Semaglutide 
(Simpson, 1951; Pearl, 2000)
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HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 20 20 40 50%

no-drug 
(¬X) 16 24 40 40%

36 44

Stratified by sex

28

male 
(¬F)

HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 18 12 30 60%

no-drug 
(¬X) 7 3 10 70%

25 15 40

female 
(F)

HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 2 8 10 20%

no-drug 
(¬X) 9 21 30 30%

11 29 40



female 
(F)

HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 2 8 10 20%

no-drug 
(¬X) 9 21 30 30%

11 29 40

male 
(¬F)

HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 18 12 30 60%

no-drug 
(¬X) 7 3 10 70%

25 15 40

HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 20 20 40 50%

no-drug 
(¬X) 16 24 40 40%

36 44

Which table should the physician consult?
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P(Y | F, X)   < P(Y | F, ¬X) 

P(Y | ¬F, X) < P(Y | ¬F, ¬X)

but


P(Y | X) > P(Y | ¬X) !



no weight 
loss (F)

HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 2 8 10 20%

no-drug 
(¬X) 9 21 30 30%

11 29 40

weight 
loss (¬F)

HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 18 12 30 60%

no-drug 
(¬X) 7 3 10 70%

25 15 40

HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 20 20 40 50%

no-drug 
(¬X) 16 24 40 40%

36 44

Identical tables, different variable:  
Which table should the physician consult now?
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P(Y | F, X)   < P(Y | F, ¬X) 

P(Y | ¬F, X) < P(Y | ¬F, ¬X)

but


P(Y | X) > P(Y | ¬X) !



Would the result be different  
with a different Story?
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(F) HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 2 8 10 20%

no-drug 
(¬X) 9 21 30 30%

11 29 40

(¬F) HbA1c 
low (Y)

HbA1c 
high (¬Y)

Sucess 
Rate

drug  
(X) 18 12 30 60%

no-drug 
(¬X) 7 3 10 70%

25 15 40

X Y

F

Sex-Stratified

X Y

F

Weight Loss-Stratified



Big Picture
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