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Why causality?



A scientific cliché

• Correlation ≠ dependence ≠ causality



Causal inference

Confounding

Reverse causality

Bias



Example: confounding



Example: confounding

• Fisher’s debate

Sir R. A. Fisher



Examples: confounding

• Simpson’s paradox



Example: confounding



Example: surrogate paradox

From the probabilities, we obtain two positive 

effects, ACE{T→S|do(T=1),do(T=0)}=0.6220 and 

ACE{S→Y|do(S=1),do(S=0)}=0.3010, but a negative 

effect ACE{T→Y|do(T=1),do(T=0)}=−0.0491.

Not a pure mathematical game!

心律失常是猝死的危险因素，纠正心
律失常能够预防猝死。FDA批准的一

种药物有效地纠正了心律失常，却反
而增加了猝死率

Chen, H., Geng, Z. and Jia, J. (2007). Criteria for surrogate end 

points. Journal of the Royal Statistical Society: Series B 

(Statistical Methodology)



Example: reverse causality



Example: Collider bias
Go back 50 years; in Western 
world, female college students 
were smarter than male ones on 
average. Why?



Example: Collider bias



Why causality so important

• Correlation → Prediction; 
Causation → Decision



A brief history on causality 
studies



Hellenistic era

• Aristotle physics (cosmos) • Ptolemaic astronomy

Saving the 
phenomena

“追问事物原因/解释”【物理学】和
“描述现象规律并作出预测”【（数
理）天文学】分属于相对独立的两个
不同学科



De revolutionibus orbium, 1543

• Neque enim necesse est, eas hypotheses esse 
veras, imo ne verisimiles quidem, sed sufficit 
hoc unum, si calculum observationibus 
congruentem exhibeant.

• It is indeed not necessary that these 
hypotheses are real or very deeply 
believable, but if these hypotheses would 
give a calculation method which is consistent 
to the observations, this one is sufficient.

出自出版商加的序言，不完全是哥白尼本
意
以亚里士多德物理学的原则反对托勒密天
文学，又用托勒密天文学的方法摧毁了亚
里士多德物理学



Renaissance & scientific revolution

西方科学的发展是以两个伟大的成
就为基础，那就是：希腊哲学家发
明形式逻辑体系(在欧几里得几何学
中)，以及通过系统的实验发现有可
能找出因果关系(在文艺复兴时期)。



Era of correlation

Sir Francis Galton Karl Pearson

Regression to mean

Episode: Debate between Mendelianist (molecular genetics) 
and Biometrician (quantitative genetics)

“作为运动原因的力，与作为成
长原因的树神完全一样。因果关
系是现代科学高深奥秘中的迷信”



R. A. Fisher: randomization

• Lady tasting tea

• “a genius who almost single-
handedly created the 
foundations for modern 
statistical science”

• one to most comprehensively 
combine the ideas of Gregor 
Mendel and Charles Darwin.

Sir R. A. Fisher



Causal revolution

Statistics

Computer 
science

Epidemiology

Economics



Causal revolution



Two (modern) causal models



Potential outcome/Counterfactuals

• Independently invented by Jerzy Neyman 
(1921) and Donald Rubin (1976); now 
most commonly used in statistics and 
econometrics

• Notation:
• Y – outcome;
• A – treatment / exposure / intervention / 

policy / assignment

• In observed data, we have the following 
table

id A Y

1 0 0

2 0 0

3 1 0

4 1 1

5 0 1

… … …

是否用药 是否痊愈



Potential outcome/Counterfactuals

• How can we quantify the causal effect of A on Y?

id A Y A Y

1 0 0 1 1

2 0 0 1 1

3 1 0 0 0

4 1 1 0 0

5 0 1 1 0

… … …

Red columns: hypothetical, 
not really observed in data



Potential outcome/Counterfactuals

• How can we quantify the causal effect of A on Y?

id A Y A Y

1 0 0 1 1

2 0 0 1 1

3 1 0 0 0

4 1 1 0 0

5 0 1 1 0

… … … … …

id A Y(1) Y(0)

1 0 1 0

2 0 1 0

3 1 0 0

4 1 1 0

5 0 0 1

… … … …

Potential outcome

Y(a): the outcome were A assigned value a

(subjunctive mood)



Missing data issue

Average treatment
effect (ATE)
𝜏 ≔ 𝔼{𝑌 1 − 𝑌 0 }



Wright’s path analysis

Sewall Wright



Structural causal model

• Structural equation model

𝑋𝑖 = 𝑓𝑖 𝑃𝐴𝑖, 𝐸𝑖 , 𝑖 = 1,… ,𝑛

• Causal graph: DAG



Three domains



Three domains

• Causal inference (causal effect estimation) – known variables, 
known graph
• Experimental: RCT or A/B test
• Observed confounding: adjustment
• Unobserved confounding: quasi-experimental

• Causal discovery (causal structure learning) – known variables, 
unknown graph
• BN structure learning: Constrain-based & score-based
• Functional Causal Models

• Causal representation learning – unknown variables, unknown 
graph



Causal effect estimation



Two perspectives



Assumptions

Potential outcome ⫫ assignment 
mechanism



RCT or A/B test

• average causal effect (ACE) / average treatment effect (ATE):
𝜏 ≔ 𝔼 𝑌 1 − 𝑌(0)

• g-formula

{𝑌𝑖 0 , 𝑌𝑖(1)}⫫𝐴𝑖



Confounding

Single World Intervention 
Graphs (SWIGs)



Graph perspective

• Back door

• Front door



Adjustment

• Observed confounding
• Regression adjustment

• Matching

• Propensity score

• Inverse probability weighting

• Doubly robust estimation

• G-estimation

• Double Machine Learning

• Unobserved confounding
• Instrumental variable

• Difference-in-Difference

• Regression Discontinuity

• Sensitivity analysis



Examples

• quasi-experimental: 
Instrumental variable



Three domains

• Causal inference (causal effect estimation) – known variables, 
known graph
• Experimental: RCT or A/B test
• Observed confounding: adjustment
• Unobserved confounding: quasi-experimental

• Causal discovery (causal structure learning) – known variables, 
unknown graph
• BN structure learning: Constrain-based & score-based
• Functional Causal Models

• Causal representation learning – unknown variables, unknown 
graph



Causal discovery

• BN structure 
learning



Causal discovery: Functional Causal Models

• independent noise assumption

𝑌 = 𝑓(𝑋, 𝐸)



Asymmetry between cause and effect

𝐸𝑌与𝑌独立
𝐸𝑌与𝑌不相关

（未必独立）



Three domains

• Causal inference (causal effect estimation) – known variables, 
known graph
• Experimental: RCT or A/B test
• Observed confounding: adjustment
• Unobserved confounding: quasi-experimental

• Causal discovery (causal structure learning) – known variables, 
unknown graph
• BN structure learning: Constrain-based & score-based
• Functional Causal Models

• Causal representation learning – unknown variables, unknown 
graph



Factor Analysis



Independent causal mechanism

• Independent component analysis



Causal representation 
learning



Example

Zheng et al., On the Identifiability of Nonlinear ICA: Sparsity
and Beyond, NeurIPS 2022



Causality in the age of artificial 
intelligence



Pharmaceutical industry

Real-world evidence



Generative AI

• minimal change



Domain adaptation

• causal invariance



Individualized recommendation



Fairness



Causal AI



Causal thinking 易经



Plato’s Allegory of the Cave



Cassandra's curse



Causality & Freedom

• No causation without 
manipulation (D. Rubin)

• Allegory on Three world:
• Laplacian world;

• intervenable world;

• random world

• “Causal” Stoicism



Unresolved disputes …



Thank you!

"Felix, qui potuit rerum cognoscere causas"
——Vigil, verse 490 of Book 2 of the

"Georgics"
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