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Mutation

Onset

Disease

Therapic value
(e.g. Drug target)

Symptoms
Stress

Objective (real/causal) 
diagnostic value?

Symptoms

Diagnostic value
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Smoking

Lung cancer

Smoking

Lung cancer
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Contingency table with marginals
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Conditional probabilities: 
P(LC| ¬S)=.11 ??? P(LC| S)=.36 ??? P(LC)=.25
Odds:
[0,1] �[0,�]: Odds(p)=p/(1-p)
O(LC| ¬S)=.12 ??? O(LC| S)=.56
Odds Ratio (OR):
OR(LC,S)=O(LC| S)/O(LC| ¬S)=4.6

����prevalences + odds: joint distribution, e.g. P(LC, S)=P(LC| S) P(S)
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Variables (nodes) 
Flu: present/absent
FeverAbove38C: present/absent

Assumptions: 

1, Two types of nodes: a cause and effects.

2, Effects are conditionally independent of each other given their cause.

FeverAbove38C: present/absent
Coughing: present/absent

Flu

Fever Coughing

P(Fever=present|Flu=present)=0.6
P(Fever=absent|Flu=present)=1-0.6
P(Fever=present|Flu=absent)=0.01
P(Fever=absent|Flu=absent)=1-0.01

P(Flu=present)=0.001
P(Flu=absent)=1-P(Flu=present)Model

P(Coughing=present|Flu=present)=0.3
P(Coughing=absent|Flu=present)=1-0.7
P(Coughing=present|Flu=absent)=0.02
P(Coughing=absent|Flu=absent)=1-0.02
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Decomposition of the joint:
P(Y,X1,..,Xn) = P(Y)�iP(Xi,|Y, X1,..,Xi-1) //by the chain rule

= P(Y)�iP(Xi,|Y) // by the N-BN assumption
2n+1 parameteres!

Diagnostic inference:
P(Y|xi1,..,xik) = P(Y)�jP(xij,|Y) / P(xi1,..,xik)

If Y is binary, then the odds
P(Y=1|xi1,..,xik) / P(Y=0|xi1,..,xik)  = P(Y=1)/P(Y=0) �j P(xij,|Y=1) / P(xij,|Y=0)

Flu

Fever Coughing

)|()|()(
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presentFlupresentCoughingppresentFluabsentFeverppresentFlup

presentCoughingabsentFeverpresentFlup
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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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Y A variable can be:

A minimal sufficient set for prediction/diagnosis.

��

Y A variable can be:
• (1) non-occuring

• (2) parent of Y
• (3) child of Y
• (4) pure (other parent)

Irrelevant
(strongly)

Relevant
(strongly)Markov Blanket Sets (MBS) the set of nodes which 

probabilistically isolate the target from the rest of the 
model
Markov Blanket Membership (MBM)
(symmetric) pairwise relationship induced by MBS
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Modeling error Modeling error 

To
ta

l e
rr

or

Modeling error Modeling error 
Statistical error Statistical error 
(Model selection error)(Model selection error)
Total errorTotal error

Model complexity
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Yp

XpXYp
YXp =

)()|()|( ModelpModelDatapDataModelp ∝
A scientific research paradigm

A practical method for inverting causal knowledge to diagnostic tool.

)()|()|( CausepCauseEffectpEffectCausep ×∝
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))(|()|( dataBestModelpredictionpdatapredictionp =

In the frequentist approach: Model identification (selection) is necessary

�=
i

ii dataModelpModelpredpdatapredictionp )|()|.()|(

In the Bayesian approach models are weighted

Note: in the Bayesian approach there is no need for model selection
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The peakness of the posteriors 
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The peakness of the posteriors 
of the most probable MB sets 
and their MBM-based 
approximations.
(46 variables, 1000 samples)
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HWE – Hardy-Weinberg equilibrium test, ODDS – odds ratio, ARM – Cochran-Armitage trend test, 
LRCO – logistic regression (continuous case), LRCAT – logistic regression (categorical case), MBM –
Bayesian pairwise relevance, MBS-1–9 relevant sets by Bayesian analysis. (only MBM values are 
numeric, others are arbitrary values for visualization) 
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