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Correlation vs. causation

3

# fires /
# ice cream

Dec    Jan    Feb    Mar    Apr    May    Jun    Jul    Aug    Sep    Oct    Nov

Ice cream salesForest fire number



Correlation vs. causation

4(Shilin Yan, “Integrative analysis of promising molecular biomarkers and pathways for coronary artery disease using WGCNA and MetaDE methods”, 2018.)

Correlation analysis of genes in 
four datasets from the Gene 
Expression Omnibus database. 
CC, correlation coefficient.



Why causality

5

BANNEDDecision making



Why causality

6

(Beery, Van Horn, and Perona, 2018)



Why causality
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Building models able to understand phenomena instead of predicting them at 
the cost of energy, data, and material resources (precious metals, water…)

(Beery, Van Horn, and Perona, 2018)



How (not to discover) causality
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Condition Treatment A Treatment B
Small stones 93% (81/87) 87% (234/270)
Large stones 79% (192/263) 69% (55/80)
All 78% (273/350) 83% (289/350)

Simpson’s paradox

Recovery rate for kidney stones in function of the stone size and the treatment 

T  Treatment
R Recovery

T R

S

All 78% (273/350) 83% (289/350)
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Condition Treatment A Treatment B
Small stones 93% (81/87) 87% (234/270)
Large stones 79% (192/263) 69% (55/80)
All 78% (273/350) 83% (289/350)

Simpson’s paradox

Recovery rate for kidney stones in function of the stone size and the treatment 

T  Treatment
R Recovery

T R

S S   Size of stones



How (to discover) causality
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Observational distribution

T R

S

P (R|T = t, S)

T  Treatment
R Recovery
S   Size of stones

Randomized controlled trials (RCT)



How (to discover) causality
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Intervention on variable X: “breaking” any incoming arrow of X and setting X to a particular value x
Do-operator: mathematical representation of an intervention

Observational distribution Interventional distribution

→

T R

S

P (R|T = t, S) P (R|do(T = t), S)

T  Treatment
R Recovery
S   Size of stones

Randomized controlled trials (RCT)



Intervention
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Intervention
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How (to discover) causality

Interventions are not always possible/ethical
(… although interventions exist in the wild)
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Causal discovery from observational data



How (to discover) causality

Interventions are not always possible/ethical
(… although interventions exist in the wild)
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Causal discovery from observational data
in a non-ideal world
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Question of Interest

How to formalize causality?



Causal model
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Directed acyclic graph (DAG)
Functional causal model (FCM) 

X := εX

Y := fY (X, εY )

Z := fZ(X,Y, εZ)

Joint probability distribution

P (X,Y, Z)

X Y

Z
with noise terms 𝜀 jointly independent



Causality ladder

14(Pearl, 2000)



Causality ladder

14(Pearl, 2000)

prediction, anomaly detection

data
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prediction, anomaly detection

data

decision making, root cause analysis

causal graph (DAG) 



Causality ladder

14(Pearl, 2000)

prediction, anomaly detection

data

decision making, root cause analysis

causal graph (DAG) 

fairness, counterfactual reasoning, individual level

equations (FCM)



Directed Acyclic Graph (DAG)
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X4 X5

X3

X1

X2



Directed Acyclic Graph (DAG)
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X4 X5

X3

X1

X2

parents 
children
descendants and ancestors

pa(X1) = {X2, X3}



Directed Acyclic Graph (DAG)
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X4 X5

X3

X1

X2

confounder



Directed Acyclic Graph (DAG)
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X4 X5

X3

X1

X2

hidden
confounder



Assumption
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Sufficiency
All confounders of the observed variables are 

also observed

X4 X5

X3

X1

X2



Directed Acyclic Graph (DAG)
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X4 X5

X3

X1

X2

collider



Directed Acyclic Graph (DAG)
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X4 X5

X3

X1

X2

collider being in this hotel

Alexandria
lover

Data mining
lover

selection bias



d-separation
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X4 X5

X3

X1

X2

X4 and X1 are d‐sep. by {X3}

Rules
● … → ● → … ●  blocks a path

● … ← ● → … ●  blocks a path

● … → ● ← … ●  blocks a path

Xi and Xj are d-separated by S if all paths between Xi and Xj are blocked by S



Assumption
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Markov condition
each node is independent of its non-

descendants given its parents

X4 X5

X3

X1

X2

P (X1, X2, ..., Xn) =

n∏

i=1

P (Xi|pa(Xi))



Assumption
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X4 X5

X3

X1

X2

Faithfulness
all and only the conditional independence 

relationships present in the probability 
distribution are due to d-separation in the 

causal graph
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Question of Interest

How to discover causality in an ideal world?



Causal discovery 

Constraint-based methods

FCM-based methods

Score-based methods

Continuous optimization-based methods
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Constraint-based methods

271(Spirtes, Glymour, Scheines, 2000)

Observational distribution

Conditional 
independence tests

Graphical causal model

PC algorithm1

Find all (conditional) independence in data
Select the DAG(s) having the corresponding d-separation

P (X1, X2, ...)

X2⊥⊥ X5 |X1, X4

X4⊥⊥ X1 |X3

X2⊥⊥ X4

...

X4 X5

X3

X1

X2



Constraint-based methods

271(Spirtes, Glymour, Scheines, 2000)

Observational distribution

Conditional 
independence tests

Graphical causal model

PC algorithm1

Find all (conditional) independence in data
Select the DAG(s) having the corresponding d-separation

Limitations:
§ Computational efficiency
§ Partially oriented graph
§ Multiple testing problem
§ Noise sensitivity

Z

Y

X

ZYX

ZYX

Markov Equivalence Class (MEC)
for X	⫫	Z	|	Y

P (X1, X2, ...)

X2⊥⊥ X5 |X1, X4

X4⊥⊥ X1 |X3

X2⊥⊥ X4

...

X4 X5

X3

X1

X2



Causal discovery 

Constraint-based methods

FCM-based methods

Score-based methods

Continuous optimization-based methods
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Functional causal model-based methods
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X Y X Y X Y

X ⊥̸⊥ Y X⊥⊥ Y

Y

Y

X

X



Functional causal model-based methods
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Y = f(X) X = f(Y )



Functional causal model-based methods
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X Y

Y = f(X) X = f(Y )



Functional causal model-based methods

31(Hoyer et al. 2009)

Y

X

Additive Noise Model (ANM)
Y = f(X) + εY

with εY independent of X
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32(Hoyer et al. 2009)

Y

X

Additive Noise Model (ANM)
X = f(Y ) + εX

with εX independent of Y



Functional causal model-based methods

33(Shimizu et al. 2006)

Linear Non-Gaussian Acyclic Model (LiNGAM)
Y = aX + εY

with εY non‐Gaussian

ICA-based solutions



Causal discovery 

Constraint-based methods

FCM-based methods

Score-based methods

Continuous optimization-based methods
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Score-based methods

351(Chickering. 2002) 2(Mian, Marx, Vreeken. 2021)

Observational distribution
Search over the 

DAG space 
& 

model selection 
based on a score

Graphical causal model

GES1

Bayesian scoring criterion

GLOBE2

MDL score (information-theoretic causal discovery)

P (X1, X2, ...)

X4 X5

X3

X1

X2



Occam’s razor
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The battery is dead.

A group of hackers 
remotely accessed your 
car’s onboard computer 
overnight, disabling the 

ignition system as part of 
a sophisticated cyber-

attack targeting random 
individuals to create 

chaos.

Why won’t my car start?



Occam’s razor
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The simplest 
explanation 

that fits the data
is usually the correct one



Occam’s razor
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The simplest 
explanation 

that fits the data
is usually the correct one

causal model



Information-theoretic causal discovery
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Algorithmic information theory (AIT)
AIT principally studies measures of irreducible information content of strings



Information-theoretic causal discovery
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Algorithmic information theory (AIT)
AIT principally studies measures of irreducible information content of strings

Kolmogorov complexity 
Length of the shortest program for a universal Turing Machine that generates it 

and halts
i.e. length of its shortest lossless description in bits



Causal discovery
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Markov condition
each node is independent of its non-

descendants given its parents

P (X1, X2, ..., Xn) =

n∏

i=1

P (Xi|pa(Xi))



Information-theoretic causal discovery

40(Janzing and Schölkopf. 2010)

Algorithmic Markov condition
the joint complexity over all nodes is given by 
the sum of the complexities of each individual 

node given the optimal compression of its 
parents 

K(x1, x2, ..., xn)
+
=

n∑

i=1

K (xi|pa
∗

i
)

→ gives us the Markov equivalence class



Assumption

41

Algorithmic independence of conditionals
A causal hypothesis is only acceptable if the 

shortest description of the joint distribution is 
given by the concatenation of the shortest 

descriptions of the Markov kernels 

K(P (X1, X2, ..., Xn))
+
=

n∑

i=1

K(P (Xi|pa(Xi)) )



Assumption

41

Algorithmic independence of conditionals
A causal hypothesis is only acceptable if the 

shortest description of the joint distribution is 
given by the concatenation of the shortest 

descriptions of the Markov kernels 

K(P (X1, X2, ..., Xn))
+
=

n∑

i=1

K(P (Xi|pa(Xi)) )

IA(PX1
|Ppa(X1)

; ...;PXn
|Ppa(Xn)

)
+
= 0



Information-theoretic causal discovery

42(Janzing and Schölkopf. 2010)

Applying the principle of independent mechanisms, 
if X → Y

→ gives us the edge orientation

K(PX) +K(PY |X)
+

≤ K(PY ) +K(PX|Y )

IA(PX ;PY |X)
+

≤ 0

because



Information-theoretic causal discovery
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Algorithmic causality

gives us the causal structure
and the edge orientation

in theory

Kolmogorov complexity is not computable in practice



Information-theoretic causal discovery
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Minimum description length (MDL)

L(D,M∗) = L(D|M∗) + L(M∗)

M∗ = argmin
M∈M

L(D|M) + L(M)

length of describing
the best causal model

length of describing the 
data encoded with

the best causal model

global length
(# of bits needed)



Causal discovery 

Constraint-based methods

FCM-based methods

Score-based methods

Continuous optimization-based methods
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Continuous optimization-based methods

461(Zheng et al. 2018)

Replace discrete search over DAG with 
continuous optimization 

Some strategies:
- DAG encoding into an adjacency matrix
- Acyclicity constraints
- Sparsity constraints



Continuous optimization-based methods

461(Zheng et al. 2018)

NOTEARS1

Optimize the fit of a linear model while enforcing acyclicity and DAG sparsity 

Limitations:
§ No consistency/identifiability guarantee ← Not causal
§ Orient the edges by choosing the variable with lowest variance as parent

Replace discrete search over DAG with 
continuous optimization 

Some strategies:
- DAG encoding into an adjacency matrix
- Acyclicity constraints
- Sparsity constraints



Question of Interest
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What if we live in a non-ideal world?



Causal discovery in a non-ideal world

Common Biases
Confounding, Selection, and Measurement Errors

Heterogeneous Data Sources
Simpson’s Paradox and Beyond

Time Series
Non-IIDness, Delayed Effects, and Non-Stationarity

48




