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MP={IP,1(X1;Y1|Z1),...}

),|()|(),|()|()(
),,,,(

MSTPDSPMODPMOPMP

TSDOMP =

3. Concise representation of joint 
distributions

2. Graphical representation of 
(in)dependencies

1. Causal model
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quantitave

qualitative

passive
(observational)

Active
(interventional)

„small number of parameters”

„what is relevant for diagnosis”

„what is the effect of a treatment”
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Stochastic internal dependencies

+ stochastic transitions



 �����3!��
 ���������������
�	����

�����&���� � �	����&
• (���
�
�	����� ��������
�

• (	��������������	�����

• (����� 	�	��	����������
��	�

• (&�
� 	���� ��
�	�

• #������
 
�����������
�!

• '���	��	��������� 
	��� �����

• +����	
�	��
�����	����������� ����
��
�• +����	
�	��
�����	����������� ����
��
�

• ,���

– "��	�

– .����
�����
 ��!�

– ������
��
���� 
���

– � ��	�
�&��	�������	
�����
�	���

– '���
�	�	��	��� �����

• : 	����� 
�!��� �����

• /(&�
� 	�1�.
&��	
�����
 ��!�

• "
���
��

– �&���� ��.	����&� 
�!���"
���
��



+ : 	����� 
�!��� �����
����
��
-���# �#�!��)�"��

�������#�+

0����	�3��	�����	��

�
�	
�	���

0�����$�����	���

'������ 	���$�����	���

'�����&�	�

�����	�����

-���# �#�!��)�"��

�������#�,

0����	�3��	�����	��

�
�	
�	���

0�����$�����	���

'������ 	���$�����	���

'�����&�	�

�����	�����

……

�����	�����

Stochastic internal dependencies

Stochastic transitions

Stochastic measurements
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X Y ZIf P(X,Y,Z) is a Markov chain, then 
MP={D(X;Y), D(Y;Z), I(X;Z|Y)}
Normally/almost always: D(X;Z)
Exceptionally: I(X;Z)
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X

Y

Z

If P(Y,X,Z) is a naive Bayesian network, then 
MP={D(X;Y), D(Y;Z), I(X;Z|Y)}
Normally/almost always: D(X;Z)
Exceptionally: I(X;Z)
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For certain distributions exact representation is not possible by Bayesian networks, e.g.:
1. Intransitive Markov chain: X�Y�Z
2. Pure multivariate cause: {X,Z}�Y
3. Diamond structure:

P(X,Y,Z,V) with MP={D(X;Z), D(X;Y), D(V;X), D(V;Z), 
I(V;Y|{X,Z}), I(X;Z|{V,Y}).. }. X

Y

Z

V
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X Y X Y
X

*

Y X

*

Y

*...
...

Causal models:

X causes Y Y causes X
There is a common cause 
(pure confounding)

Causal effect of Y on X
is confounded by many 
factors
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X YMP={D(X;Y)} 

P(X,Y) 

From passive observations:

„X and Y are associated”
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Causal models:

X1 X2 X3 X4 X4X3X2X1

Flow of time?

MP={I(Xi+1;Xi-1|Xi)} 

P(X1,...) 

„first order Markov property”
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X Z Y

p(X),p(Z|X),p(Y|Z)

X Z Y

p(X|Z),p(Z|Y),p(Y)

p(X|Z),p(Z),p(Y|Z)

“transitive” M � „intransitive” M
X

Z
Y

p(X),p(Z|X,Y),p(Y)

X Z Y

p(X|Z),p(Z),p(Y|Z)

„v-structure”

MP={D(X;Z), D(Y;Z), I(X;Y), D(X;Y|Z) }MP={D(X;Z), D(Z;Y), D(X,Y), I(X;Y|Z)}

Often: present knowledge renders future states conditionally independent.
(confounding)

Ever(?): present knowledge renders past states conditionally independent.
(backward/atemporal confounding)
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Causal models:

From passive observations:

J.Pearl:
~„3D objects”

P(X1,..., Xn) 

From passive observations:

MP={IP,1(X1;Y1|Z1),..., IP,K(XK;YK|ZK)}

Different causal models can have the same independence map!

Typically causal models cannot be identified from passive observations, they are
observationally equivalent.

„2D projection”
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„Causal” model:

P(X1,..., Xn) 

Dependency map:

MP={IP,1(X1;X2),...}

One-to-one relation
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„Causal” models (there is a DAG for each ordering, i.e. n! DAGs):

P(X1,..., Xn) 

Dependency map:

MP={DP,1(X1;X2),...}

One-to-many relation
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Russel&Norvig: Artificial intelligence, ch.14
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Mutation

Disease

Subpopulation
Location

?
E

X

Y
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– Xi=fi(X1,..,Xi-1) for i=1..n
– In the linear case the sytem of equations 

indicates a natural causal orderingindicates a natural causal ordering

5

5 5

5 5 5

5 5 5 5

����

In fact the probabilistic conceptualization is its generalization: 
P(Xi,|X1,..,Xi-1) ~ Xi=fi(X1,..,Xi-1) 
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Smoking

Smoking

A genetic
polymorphism*

Increased susceptibility

Increased propensity

E

X

Y

*

?

???

Lung cancer

�� Automated, tabula rasa causal inference from (passive) observation is Automated, tabula rasa causal inference from (passive) observation is 
possible, i.e. hidden, confounding variables can be excludedpossible, i.e. hidden, confounding variables can be excluded

Lung cancer

„Plato’s two surprises:
1. Not all true theorems can be proved

2. Causal inference is possible from observations”
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A „causal”(?) chain: MenoPausalState�Volume�Ascites�CA125
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• Statistical and causal models

• Interpretations of probabilistic graphical 
models

• Observational equivalence
• Observational and interventional inference
• The Causal Markov Condition and faithfulness• The Causal Markov Condition and faithfulness
• Learning causal relations

• Homework: construct a model for a disease
http://redmine.genagrid.eu/

Login: bayeseyestudent Files: Wiki


