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Causal questions are ubiquitous: healthcare

Demographic factors ?

High levels of circulating virus /yx
Close proximity of people
Host factors living together Vaccine access factors

Old age

Previous infection

High levels of vaccine uptake Which vaccine used

High levels of herd immunity Number of doses
Immune compromise Timing between doses

Heterologous prime-boost

| Cost-benefit decisions by
/ national vaccine bodies

Limited access to vaccines

Vaccine effectiveness \

Immune factors

Genetic polymorphisms

Underlying health
conditions

| S—

Viral variant factors Positive effect on VE High antibody titres
Antigenic mismatch with Negative effect on VE Quality of antibody
vaccine (neutralization)

Increased transmissibility Unknown effect on VE T cells

https://www.nature.com/articles/s41577-021-00592-1 2
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Causal questions are ubiquitous: climate change

Human influence has warmed the climate

Change in average global temperature relative to 1850-1900,
showing observed temperatures and computer simulations
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Note: Shaded areas show possible range for simulated scenarios
Source: IPCC, 2021: Summary for Policymakers EBEE

https://www.bbc.com/news/science-environment-58600723 3
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Causal questions are ubiquitous: biology
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Correlation or causation? Does chocolate cause Nobel prizes?
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Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 5
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Correlation or causation? Can we predict a new data point?

?
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Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064
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Correlation or causation? Can we predict a new data point?

Switzerland
Sweden
r=0./9]
P<(0.000]

Denmark
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Nobel Laureates per 10 Million Population

Finland

52 - - - -

Chqgcolate Consumption (kg/yr/capita)

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064
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Correlation or causation? Can we predict a new data point?
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Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064
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Correlation or causation? Can we predict a new data point?
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Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
P P
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 9
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Correlation or causation? Can we predict a new data point?
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Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.
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Correlation or causation? Can we predict a new data point?
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Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 »
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Correlation or causation? Can we predict a new data point?

Predictlonmworks!

—-— No

Why sha

Nobel Lau cmlo Million Populatior

Chocolate Consumption (kg/yr/capita)

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 1
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Helping the Dutch government with decision making
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Chocolate Consumption (kg/yr/capita)

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 13



&3
<3 % Seminar: Causality & Causal ML - Introduction UdS - Summer 2026

83

Helping the Dutch government with decision making
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Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 14



&3
<3 % Seminar: Causality & Causal ML - Introduction UdS - Summer 2026

83

Helping the Dutch government with decision making
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Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 15
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Helping the Dutch government with decision making

r=0.791
P<0.000]

Let’'s assume we implement the “Eat more chocolate”
policy and this happens

=> Chocolate
probably does not

’ cause Nobel prizes
of o [ ... how to formalize

it?

Nobel Laureates per 10 Million Population

Chocolate Consumption (kg/yr/capita)

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 16
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Many ways to define causality

g Stanford Encyclopedia of Philosophy

& Browse @ About @ Support SEP

Search

causation

iments found

1-10 of 539 do

Backward Causation

called retro-causation. A common feature of our world seems to be that in all cases of causation,
the cause...required for backward causation to be possible 1s some account of the direction of
causation which does not ...objection against backward causation is that if eternalism and
backward causation are possible, then the ...

Jan Faye

https://plato.stanford.edu/entries/causation-backwards/

Probabilistic Causation
causal models | causation: and manipulability | causation: backward | causation: counterfactual

theories...Interpretation of Probability 1.4 General Causation and Actual Causation 1.5 Causal
Relata 1.6 Further Reading... a theory of causation could provide some explanation of the 17

directionality of causation, rather than ...
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Humean regularity theory

David Hume defines a cause:

UdS - Summer 2026

[a]n object precedent and contiguous to another, and where all the objects resembling the

former are plac’d in |

(https://plato.stanford.edu/e

ike relations of priority and contiguity to those objects, that

resemble the latter. (Hume 1739: book I, part III, section XIV [1978: 169])

- A cause precedes Its effect
- A cause Is spatiotemporally close to the effect

- All similar causes are followed by similar effects

ntries/causation-regularity)

18
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Humean regularity theory

David Hume defines a cause:

[a]n object precedent and contiguous to another, and
former are plac’d in like relations of priority and conti
resemble the latter. (Hume 1739: book I, part III, secti

- A cause precedes its effect
- A cause Is spatiotemporally close to the effect

- All similar causes are followed by similar effects

(https://plato.stanford.edu/entries/causation-reqularity)

19
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Other examples of regularity theories

Swimming pool drownings

140 drownings

120 drownings

100 drownings

80 drownings

1999

1999

Number of people who drowned by falling into a pool
correlates with

Films Nicolas Cage appeared in

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

-®- Nicholas Cage -¢- Swimming pool drownings

http://tylervigen.com/spurious-correlations

UdS - Summer 2026

6 films

4 films

23e) Se|oydIN

2 films

0 films

tylervigen.com

20



83835 Seminar: Causality & Causal ML - Introduction UdS - Summer 2026

&3
(

We know what causality is not, but what is it?

The classical approach to causality is based on experimentation.

21
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We know what causality is not, but what is it?

The classical approach to causality is based on experimentation.

Can we use a definition of causality based on manipulation (interventions)?

22
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y

23
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
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Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 o4
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y

NL eats more chocolate => nothing changes

[ T T e e e e e e e e e T i

....

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 o5
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y

P<0.0001

NL eats more chocolate => nothing changes

... and similarly for other countries (@and other values)

Chocolate does not cause Nobel prizes

[ T T T T T T T T T T T T T

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 26
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y

In a hypothetical universe:

NL eats more chocolate => more Nobel prizes

[ T T e e e e e e e e e T i

....

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 o7
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y

itzerland

NL eats more chocolate => more Nobel prizes

In a hypothetical universe:

CH eats more chocolate => more Nobel prizes

... and similarly for (some) other countries

Chocolate causes Nobel prizes

[ T T —_— ]

....

et corsmpion b " Based on experimental data

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 o8
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Gold standard for experiments: Randomized Controlled Trials

- INTERVENTION
Double-blind @ @ Treatment group

Population is splitinto 2 Outcomes for both
groups by random lot groups are measured

CONTROL
@ @ Control group

= looking for work = found work

29
https://www.researchgate.net/publication/256031307_Test_Learn_Adapt_Developing_Public_Policy_with_Randomised_Controlled_Trials
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Randomised controlled trials (RCT): spot the difference?

Figure A: Figure B:

INTERVENTION
INTERVENTION

Population is splitinto 2 Outcomes for both

Population is splitinto 2 Outcomes for both groups by random lot groups are measured
groups by random lot groups are measured

CONTROL
CONTROL

' = looking for work ' = found work

\J/

' = looking for work = found work

30
https://www.researchgate.net/publication/256031307_Test_Learn_Adapt_Developing_Public_Policy_with_Randomised_Controlled_Trials
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Randomised controlled trials (RCT): spot the difference?

Positive effect No effect

INTERVENTION
INTERVENTION

Population is splitinto 2 Outcomes for both

Population is splitinto 2 Outcomes for both groups by random lot groups are measured
groups by random lot groups are measured |
\\/

CONTROL
CONTROL

' = looking for work ' = found work

' = looking for work = found work

31
https://www.researchgate.net/publication/256031307_Test_Learn_Adapt_Developing_Public_Policy_with_Randomised_Controlled_Trials
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Observational data: when we do not have RCTs

Let’s assume we have observational data (e.g. data collected by hospitals)

We don’t know if there is a policy
. %@;&g%’o 2% (and in case, which one) of how
@§5%80§<208° 2858 people decide to exercise.
e %.if,i& 3 00RoE s We know they were not randomly
split in two similar groups and
- X randomly assigned exercise.

Exercise

32
From the Book of Why [Pearl 2018]
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What if we don’t have an RCT?

Let’s assume we have observational data (e.g. data collected by hospitals)

A e S Initial hypothesis:

@0

Exercise increases cholesterol

Cholesterol

Exercise

33
From the Book of Why [Pearl 2018]
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Let’s assume we have observational data (e.g. data collected by hospitals)

What if we don’t have an RCT? Opposite conclusion
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Exercise

From the Book of Why [Pearl 2018]
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What if we don’t have an RCT? Opposite conclusion

Let’s assume we have observational data (e.g. data collected by hospitals)

e_’o Cholesterol

Exercise decreases cholesterol

Exercise

35
From the Book of Why [Pearl 2018]
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What if we don’t have an RCT? Opposite conclusion

A is a confounder (a common cause of the treatment and outcome)

® O

It confounds (biases) the effect, if we |
1' do not consider it |

Conditioning on A =
Controlling for confounding

36
From the Book of Why [Pearl 2018]
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Shall we always just control on everything?

In alternative universe with this true graph: Cood intake 6000 kea

5000 kcal

° Cholesterol

Exercise increases cholesterol Exercise

E has both a direct and indirect (through F) effect on C,
conditioning on C removes the indirect effect

37
Edited based on the Book of Why [Pearl 2018]
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Shall we always just control on everything?

In alternative universe:

Food intake 6000 kcal
5000 kcal

Cholesterol

Exercise increases cholesterol Exercise
E has both a direct and indirect (through F) effect on C

We will see later in the course on which covariates we should adjust.

38
Edited based on the Book of Why [Pearl 2018]
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Simpson’s paradox (not really these Simpsons)

In order to know what to control/adjust for so we get the correct causal effect,
we need to know the underlying causal graph

39
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
Intervention

40
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
Intervention

Challenge: estimate the causal effect of an intervention, when we do not
have (all possible) interventional data (e.g. we have observational data)

41
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SRS

A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
Intervention

Challenge: estimate the causal effect of an intervention, when we do not
have (all possible) interventional data (e.g. we have observational data)

Representation: We can represent causal relations in causal graphs nodes
are random variables, edges causal relations

Chocolate

5 = Austria % :
= T Norway
3
(-
&
5 = ~
£ 5<% United Kingdom
=
=)
g 15
o
g 0
5 <
g 1o France
= -
] Bel ?:LH"I D =
el Finland
16 Canada . inland
z 1
5 Poland w3l Australia
Portygal Sr€EceN i
- ta
S
0 Japan ~)
r

prizes

Chocolate Consumption (kg/yr/capita)

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

42
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Basic types of graphs in causality

« Agraph Gisatuple G = (V, E):
» V is the set of nodes (vertices)
« E is the set of edges between two nodes, i.e. EC VXV

 If all edges are directed — then the graph is directed

6o &o oo

Directed graph Mixed graph Undirected graph

43
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Basic types of graphs in causality

« Agraph Gisatuple G = (V, E):

We assume the ertices) These two types are useful

ground truth graph is when we are progressively learning
directed (and often Wee causal relations from data or to

acyclic, a DAG) JE=Ri-sln, represent sets of graphs

Directed graph Mixed graph Undirected graph
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What if we don’t know the graph? Causal discovery

w
vl
)

Reichenbach’s principle of common
5. o cause: A correlation between X and Y
iImplies that

- Xcauses Y, or
ot T - Y causes X, or

Cana
Poland I*h Australia
Greece\
B

w
o
L

)
v
>
7]
-
=
o

[
o
1

United Ireland
The Netherlands ™= States B ™ Germany

Nobel Laureates per 10 Million Population

w
1

Portugal l

Gl LR - There exists a common cause between

- L
o §l - Japan
razil
Chocolate Consumption (kg/yr/capita)

Il-:iaguur::aat tsC::e;:t:;';mpi:: l:;::.tries' Annual Per Capita Chocolate Consumption and the Number of Nobel (O r a n y co m b i n at i o n Of t h e a b Ove)
(( for now, we ignore selection bias ))
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X

What if we don’t know the graph? Causal discovery

35+
= eden Switzerland > <
30+
0.791
P<0.0001 Denmark
o
Austri
Stria i B oy

Nobel Laureates per 10 Million Population
— — N

Reichenbach’s principle of common cause:
A correlation between X and Y implies that X
e causes Y, Y causes X, or there exists a common
e M P cause between X and Y (or any combination)
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/
X

What if we don’t know the graph? Causal discovery

B o Sweden Switzerland ° “ a “ a “

S4=% United Kingdom @
. l Ireland - Germany
-'— Finland

| Reichenbach’s principle of common cause:
e Acorrelation between X and Y implies that X
T causes Y, Y causes X, or there exists a common
cause between X and Y (or any combination)

0.791
P<0.0001 Denmark
R
Austri
st S

Nobel Laureates per 10 Million Population
=) v S v
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An example of confounding

35+
Switzerland
B o Sweden
304
r=0.791
e 25+ ~—
Austria :
:_g o= Norway
3
<
= == United Kingdom
=
)
~—~
2 15+
0 United B N Ireland G
8 ermany
S The Netherlands —Stés
5 == France
2 |
-
Belgium
g gCanaldaI s Finland
50 Poland ‘hAustralia
Greece\
Portugal i Italy
o E= L spain
o - 8l - Japan E
China Brazil
: ; . . T T T T : , ; . . - )
0 5 10 15
Chocolate Consumption (kg/yr/capita)
Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.
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Statistically indistinguishable from only these data

35-
: = Sweden Switzerland &» 4
30-
r=0.791
P<0.0001 Denraark
25- o E
ustria s+= Norway

20+
S4=% United Kingdom
15+
United B N reland I Germany

Nobel Laureates per 10 Million Population

he Netherland mmm States
10+ ST S_E France
Be'gc':;naldal l I +Finland
e Poland I*hAustralia
Portugal Greece\ Italy
o il Japan m SRR SN PPN PN
s B . Or even selection bias }
A T S ;

Chocolate Consumption (kg/yr/capita)

Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.
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Another example of bias: Selection bias

Scatter Plot of Math Score vs. English Score

S FaTa'
100 ® o

=
' ¥ ¢

g e o ® ®
W
— b
9 s 9 e
= o o PN
= - o | y g
- e ® o e
TY [ =

® p © o
4 v =-0.5894x+ 110.1
4 5 60 ; 1

Math Score

College admissions: English score is negatively correlated with Math Score

50
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EnglishScore

Scatter Plot of Math Score vs. English Score

100 o o
o
90 o
80 . o 9 9
-n o® ®... “ s
o @ .. = ®
50 S T )
v o o L., @ o
@ % o TRy

50

® e © o
a0 v =-0.5994x + 110.12

Math Score

Another example of bias: Selection bias

EnglishScore

UdS - Summer 2026

Scatter Plot of Math Score vs. English Score

100 ® o -
80 ® o
80 ? C o o
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70 _ o c.%e z. o ° o ...
- o o oo o® e @ '.
50 % ™ ® o
- 28 0,0 " 2% . e o
50 = ” o o
o ® ) o o 00 @
a0 ® e o Wy &
30 'L e °
3: o P oo ®
20 & *% ¥ o 2 o
10 * ® @
- o
0 &
0 20 40 60 80 100
Math Score

Selection rule: English score + Math Score > 120

https://medium.com/analytics-vidhya/simpsons-paradox-when-you-derive-a-wrong-insight-from-your-analysis-ee488b346427
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Another example of bias: Selection bias

o O o
qo

Selection rule: English score + Math Score > 120
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Statistically indistinguishable from only these data

354

Switzerland
BB sweden

- * Add some experimental data
. « Sometimes unfeasible, unethical

S4=% United Kingdom

United B Jreland = Germany

T * Measure more variables that will
e 4

g o e provide more constraints on the
| i S possible graphs

Chocolate Consumption (kg/yr/capita)

Nobel Laureates per 10 Million Population

Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.
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A more general method for causal discovery

* (Given a causal graph, d-separation is a graphical criterion that (under
standard conditions) allows us to read conditional independences
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Recap: Independent random variables

* Definition: Two random variables X and Y are independent iff:
Vx,y:P(X=x,Y=y) =P X =x)P(Y =vy)

e We then write X 1L Y, otherwise we write X AL Y (dependent)
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Recap: Independent random variables

* Definition: Two random variables X and Y are independent iff:
Vx,y:P(X=x,Y=y) =P X =x)P(Y =vy)

e We then write X 1L Y, otherwise we write X AL Y (dependent)
« Equivalently Vx, y:
PX=x|Y=y)=PX=x)andP(Y =y|X=x)=P(Y =y)

* |ntuitively, knowing the value of Y will not tell us anything about the
distribution of X (and viceversa, it’s symmetric)
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Recap: Independent random variables

* Definition: Two random variables X and Y are independent iff:

Vx,v:P
vt Correlation is a special type of

dependence that assumes a linear relation

* We then write X | between X and Y
 Equivalently Vx, y:

PX=x|Y=y)=PX=x)andP(Y =y|X=x)=P(Y =y)

* |ntuitively, knowing the value of Y will not tell us anything about the
distribution of X (and viceversa, it’s symmetric)
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Recap: Independent random variables - example

» Consider throwing an unbiased coin two times X, X, € {H, T'}:

 Knowing that X, = H will not change P(X, = H|X,=H)=PX, =H)=0.5,
so X; 1 X,
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Recap: Independent random variables - example

» Consider throwing an unbiased coin two times X, X, € {H, T'}:

 Knowing that X, = H will not change P(X, = H|X,=H)=PX, =H)=0.5

* On the other hand, if you have a smoke alarm A € {0,1} that accurately detects
smoke S € {0,1},thenPA=1|S=1)>PA=1|S5=0)

e Thismeansalsothat PA=1[S=1)#PA=1) —= A IS
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Recap: Conditional independence - definition

o Xis independent of Y conditioned/given Z iff

Vx,v,2:P X =x|Y=vy,Z=2=PX=x|Z=12) (forP(Z = 7) > 0)

» We then write X Il V|7, otherwise X 'Y |Z

* Intuitively this means that Y does not add any information to predict X
that isn’t already offered by Z

» Zcan be a set of variables, e.g. X Il V| {Z,,7,}
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Recap: Conditional independence - example

» Alice and Bob throw each an unbiased coin A,B € {H,T}:

e PB=H|A=H)=PB=H)=0.5,s0A 1L B and Alice cannot guess
Bob’s result better than random
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Recap: Conditional independence - example

» Alice and Bob throw each an unbiased coin A,B € {H,T}:

e PB=H|A=H)=PB=H)=0.5,s0A 1L B and Alice cannot guess
Bob’s result better than random

» Carlo observes both and tells them if they are different C € {eq, diff},
PB=H|A=H,C=diff) =0#PB=H|A=H) = A 1L B|C
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A more general method for causal discovery

* (GGiven a causal graph, d-separation is a graphical criterion that (under
standard conditions) allows us to read conditional independences

-0-© \°-/°
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A more general method for causal discovery

* (GGiven a causal graph, d-separation is a graphical criterion that (under
standard conditions) allows us to read conditional independences

_’°—’° \°-/°

v

Graph: Y A, D YiLdD\X Y1, 6D YU, ,D|X
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A more general method for causal discovery

* (GGiven a causal graph, d-separation is a graphical criterion that (under
standard conditions) allows us to read conditional independences

~°~°
v

Graph: Y A, D YiLdD\X Y1, 6D YU ,D|X

v v

Data: Y 1 D YU DX YLD Y I D|X

—~~—
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A more general method for causal discovery

2 2

Y IL D|X
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A more general method for causal discovery

2 2

Graph: Y A,D Y1 ,6D|X

Data: YU D|X
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A more general method for causal discovery

Usually:

set of equivalent
graphs

Graph: Y A,D Y1 ,6D|X

A

data: - P ALD Y1 D|X
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SRS

Example: assuming no selection bias or latent confounding

Q*@*Q Q*@-'Q
000

Graph: Y A,D Y1 ,6D|X Y1, 6D YU ,D|X

A

Data: Y 1L D YU D|X Y 1L D|X
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Cheatsheet: d-separation - Algorithm

« A path 7 between node i and node j is a sequence of distinct nodes (1, ..., /)
such that each two consecutive nodes are adjacent (regardless of orientation)

A directed path 7 between node | and node | is a path where all edges point

towards j,i.e.1 — ... =] M
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X

Cheatsheet: d-separation - Algorithm

« A path 7 between node i and node j is a sequence of distinct nodes (1, ..., /)
such that each two consecutive nodes are adjacent (regardless of orientation)

A directed path 7 between node | and node | is a path where all edges point

towards j,i.e.1 — ... =] M

Algorithm 2 Compute if nodes i and j are d-separated by conditioning set A

Require: Nodes i # j € V, conditioning set A C V\ {i, j}
function 1SDSEPARATED(i, j, A)

for all paths 7 between i and j do > Check all paths between i and j. If i and j are adjacent, this includes the path (i, j).
if 1ISPATHBLOCKED(i, j, 7, A) == False then
return False > There is at least a path that is not blocked by A, so they are not d-separated.
end if
end for
return True > All paths between i and j are blocked by A, so they are d-separated.

end function

/1
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Cheatsheet: Blocked Path - Algorithm

* Acollider konapathz = (i,...,])is anon-endpoint node (k # i, ) s.t. the path x

contains ... = k <« .... Other nodes on & without this pattern are non-colliders

Algorithm 1 Compute if path 7 between nodes i and j is blocked by conditioning set A

Require: Nodesi # j € V,path 7 = (i, ..., j), conditioning set A C V '\ {i, j}
function 1SPATHBLOCKED(i, j, 7, A)
for all nodes k on 7, such that k # i, j do
if k is a non-collider on 7 then

if k € A then > A non-collider on r is a node on the path without two incoming edges.
return True > If a non-collider on 7 is in A, the path is blocked, else continue searching.
end if
else > Else k is a collider on 7, so a node with two incoming edges on 7.
if Desc(k) N A =0 then > Note: the descendents of a node include the node itself.
return True > If a collider on 7 or its descendants are not in A, the path is blocked, else continue.
end if
end if
end for
return False > We did not find any node that could block this path. This includes the case in which i is adjacent to j on 7.

end function
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Causal Hierarchy [Pearl 2009, 2018]

Level Typical Typical Questions Examples
Svmbol Activity

1. Association Seeing What is? What does a symptom tell me
P(y|z) How would seeing X about a disease?
MOSt M I— change my belief inY? What does a survey tell us

about the election results?
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Causal Hierarchy [Pearl 2009, 2018]

Level Typical Typical Questions Examples
Svmbol Activity

1. Association What is? What does a symptom tell me
P(y|z) How would seeing X about a disease?
MOSt M I— change my belief inY? What does a survey tell us
about the election results?
2. Intervention Doing What if? What if I take aspirin, will my

Pl(y|do(x), z) Intervening What if | do X7 headache be cured?
What if we ban cigarettes”
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Most ML

Level
Svmbol
1. Association

P(y|z)

Causal Hierarchy [Pearl 2009, 2018]

Typical Typical Questions Examples
Activity

What is?
How would seeing X
change my belief inY?

UdS - Summer 2026

What does a symptom tell me
about a disease?

What does a survey tell us
about the election results?

2. Intervention
P(y|do(z), z)

3. Counterfactuals
P(y.|z',y')

Doing What if?
Intervening What if I do X7

Imagining, Why?

Was it X that caused Y7
What if I had acted
differently”

Retrospection

What if I take aspirin, will my
headache be cured?

What if we ban cigarettes”
Was i1t the aspirin that
stopped my headache?
Would Kennedy be alive had
Oswald not shot him?

What if I had not been smok-

ing the past 2 vears?
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Causal Hierarchy [Pearl 2009, 2018]

Most ML

Causality

Level
Svmbol

1. Association

P(y|z)

Typical Typical Questions Examples
Activity

What is?
How would seeing X
change my belief inY?

What does a symptom tell me
about a disease?

What does a survey tell us
about the election results?

2. Intervention

P(y|do(z), z)

3. Counterfactuals

P(y.|z',y')

Doing What if?
Intervening What if I do X7

Imagining, Why?

Was it X that caused Y7
What if I had acted
differently?

Retrospection

What if I take aspirin, will my
headache be cured?

What if we ban cigarettes”
Was it the aspirin that
stopped my headache?
Would Kennedy be alive had
Oswald not shot him?

What if I had not been smok-
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Questions?

ANOHER HUGE. STUDY
FOUND No EVIDENCE THAT
CELL PHONES CAUSE CANCER.
WHAT WAS THE WH.O. THINKING?

T THINK THEY JUsT
GOT 1T BACKIWARD.

P

UNITED STATES:
204+
TOTAL CANCER
s INCIDENCE
o4
i
PER Qo .
70 1980 1940 2000

YOURE NOT...THERE ARE S0
MANY PROBLEMS WITH THAT.

I €€ MORE DATA T™M

GOING To ASSUME CANCER
CAUVSES CELL PHONES.

(&5

w 1

https://xkcd.com/925/
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