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Purposes & Context

Actors & audiences

1-Introduction to decision-making in medicine
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Predictive & Decision-making in Medicine
The experience of the team



Key issues according to  J. Pearl

What can I deduce by observing this?
(e.g.: What does this sign tell me about this disease?)

What happens if I do this?
(e.g. will this treatment be effective?)

What would have happened if I had done that?
(e.g. is the therapeutic hazard observed due to my treatment?)

Prediction

Decision

Regret



❖Prediction:
Announce an event in advance by calculation or by reasoning

❖Decision: 

Choosing between several solutions that may solve a problem

❖Regret:

A feeling of sadness about a mistake that you have made, and a 
wish that it could have been different and better

Decision

Theory, knowledge

Data, cases

RegretPrediction



People
& patients

Doctors
& Scientists

Agencies
& the Media
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2-Human intelligence & decision-making

Evidence based Medicine
Overview & current drift

Limitations and errors
Cognitive illusion assessment
Deciphering errors in prostate cancer policies



SYSTEME 1
Instinct & Intuition  

SYSTEME 2
Rational & Logic

95% 5%

According to D. Kahneman

Thinking and Decision-Making



Bat + ball = 10$
Bat costs 9$ more than the ball

How much does the ball cost ?

Right

Wrong



Bat + ball = 10$
Bat costs 9$ more than the ball

How much does the ball cost ?

Right

Wrong

0.5 $



Men
>50 

years old

Prostate
Cancer

PSA↑

Prostate cancer as guiding thread

Association - Intuition Causality - Calculation

Other
Prostatic
diseases

Risk factor
Age

Diseases

Diagnosis
Test

Confounding
Variables

S1 S2



Theory
Model
Rules

Data
clinical cases

Conclusion
Hypothesis

Typology of Reasoning

Paleo-reasoning (Fast Thinking)

Associative
Symmetrical

Neo-reasoning (Slow Thinking)

Logic
Asymmetric

Causal Research

Clinical practice →
→Machine learning

→ Symbolic AI 

S1 S2



Theory

Conclusion

Observation

Obs → PSA

Cancer

Deduction

Cancer → PSA

Logical reasoning: Asymmetric (Causal)

Men →mortal
→ X is a man

→ X is mortal

→ Symbolic AI 

Syllogism

Aristotle (384-322 BC JC)

If & If → Then

Cancer → PSA↑
→ X has a Cancer

→ X has PSA↑



Evidence Based Medicine
The aim of EBM is to integrate the best available 

scientific information to guide decision-making 
about clinical management

Scientific Theory & Law

Physics
Biology

Translational research

Clinical trials

Statistics



Translational & clinical research

Inference
by Induction

Discovery

The foundations of the Evidence Based Medicine



Theory

Conclusion

Observation
Cancers 

Induction

Obs → PSA

Cancer → PSA

Research

Establishing a rule

David Hume (1711-1776) 

Reasoning in Clinical Research→ EBM

Hypothesis H0 to be rejected?
Likely hypothesis?

Decision problem

Data ∞

Algorithm

Yes / No
Universal decision

Individual profiles → General law / theory



Scientific Theory
Mechanistic

Statistics
Clinical Data / p value

Evidence Based Medicine drift



Real life

Studies
Randomized

Clinical research

Databases

Selection bias
Interactions

Inference

by Induction



BMJ december 2003 Vol 327

Randomized trial ≠ scientific relevance



p value <5% ≠ Scientific Reality

p<0.05



1-Theory Theory

Significance

Idiocy Relevance

p-Value <0.05

Clinical research

« Evidence based Medicine »
?

Geocentrism Heliocentrism



CLINICAL INTUITION

Learning

Inference

by Abduction



Theory

Conclusion

Observation

Abduction

Cancer

Obs → PSA

Cancer → PSA

Establishing a diagnosis

Charles S. Peirce (1839-1914) Semeiology

Clinical reasoning
General law / theory→ individual case 



Do you think
Be the best?

Cognitive illusions: the limits of Human Intelligence



Cognitive illusions
&

Unconscious bias

Perception
Deduction
Calculation



Inference
Observational



Check all information without a subjective lecture

you have 10 seconds to count the number of «F»

Just the reality



FINISHED FILES ARE
THE RESULT OF YEARS 
OF SCIENTIFIC STUDY
COMBINED WITH THE 

EXPERIENCE OF 
YEARS



3
4
5
6

2

The number of «F»

✓

FINISHED FILES ARE
THE RESULT OF YEARS OF SCIENTIFIC STUDY

COMBINED WITH THE EXPERIENCE OF YEARS









Peter Wason

1966

Deductive inference



Which 2 cards should you turn over to determine the veracity of the rule 

"If a card has a bird on one side, 
then it is red on the other side."

TESTING COGNITIVE BIASES BY PETER WASON

❑ Card 1 ❑ Card 3

1 2 3

❑ Card 2



The most common mistake: 

flip red-card and forget green-card

We trend to look more for a verification than a refutation 

of a rule (here, forget the green-card)

❑ Card 1
❑ Card 2
❑ Card 3

✓

✓

1 2

Red Non-Bird



modus ponens modus tollens

Confirmation Refutation

Checking the rule

https://www.wikiwand.com/en/Modus_ponens
https://www.wikiwand.com/en/Modus_tollens


Bayesian 
inference



Monty Hall (1921  -2017)

General population : (Prevalence) % sick people
→Cancer 10%        →Other 60%

Odds (PPV) to be sick if the diagnosis test is positive

Diagnosis’ Test 
accuracy: 

Cancer Other

Sensitivity 90% 50%

Specificity 90% 50%

PPV Cancer Other

90%

80%

70%

60%

50%



33% 66%

General population : (Prevalence) % sick people 
→ Cancer 10%           → Other 60%

Odds (PPV) to be sick if the diagnosis test  is positive

Diagnosis’ Test 
accuracy: 

Cancer Other

Sensitivity 90% 50%

Specificity 90% 50%

PPV Cancer Other

90%

80%

70%

60% 60%

50% 50%



They distort our health policies

Cognitive illusions could be just a game

But, unfortunately 



Expert reports 
and Health 
autority
guidelines 
overide causal 
reasoning

Prostate cancer is not recommended to screen 
prostate cancer in asymptomatic men but 
should be use in a symptomatic man

PSA assay is not recommended to screen 
prostate cancer in the general population or in 
populations of men considered more at risk

The use of 5areductase inhibitors increases 
the risk of prostate cancer worse outcome



« Prostate cancer should be sought in a symptomatic man"

PSA

Cancer
Prostate
Volume

∑

Health authorities

Yet, it is widely know that……



Survival of the Berkson’ selection bias (1946)

Berkson Joseph
1899 -1982

2020



Screening for prostate cancer in populations of men with risk factors

The High Authority for Health recalls that current knowledge does not allow to recommend screening for prostate 

cancer by PSA assay systematically in the general population or in populations of men considered more at risk.

Health authorities

PSA

Risk factors TestCancer



Screening for prostate cancer in populations of men with risk factors

PSA

Risk factors TestCancer

P(Cancer+/Test+)= P (Test+/Cancer+) x P(Cancer+ )
P(Test+)



Impact of family history on prostate cancer 
mortality in white men undergoing prostate 

specific antigen based screening.
Liss MA, et al J Urol. 2015.

Prostate, Lung, Colorectal, and Ovarian Cancer Screening Trial (PLCO) 

+ Family History of PCa

No PCa family history

(↓ † >50% if FR genetics)

However ………..



Increase aggressiveness of cancer

Prostate cancer prevention using 5 aReductase inhibitors (5ARi)

Health authorities



Journal of the National Cancer Institute, Vol. 98, No. 16, August 16, 2006

But………

=5ARi drug



N Engl J Med 1985; 312:1604-1608

VariableIntervention

Effect

Treatment Classification

Result



A

Total

Direct



January 24, 2019
N Engl J Med 2019; 380:393-394

Here again, 20 years later



3-Algorithmic medicine and decision-making

Interactive computer-based decision-making systems
Bringing psychology closer to algorithms

Decision-making engine architecture
The « Integratome » experience in preventive medicine



Documentation

Consultation
Opinion

Expert
systems

Alert





Prediction
Uncertainty

Decision
Acceptance

Regret

The Best decision minimises regret



System 1 operates automatically
and cannot be turned off at will.

System 2 is too slow to serve 
as a permanent substitute for 
System 1

How cognitive illusions can be overcome.

Can Artificial intelligence help ?



Observation

Paleo-reasoning
Intuition / Analogy

Learning 
Stereotypes

Neo-reasoning
Logic

Answer
Decision

Learning logic

Action

Learning
reasoning strategy

Machine Learning Symbolic AI



Judea Pearl 1936-



Reporting systems

Questions
According to J. Pearl According to D. Kahneman

What can I deduce from 
this by observing this?

(ex: What does this sign tell 
me about this disease?)

Associative
calculated with machine learning 

systems

Automatic

What happens if I do this?
(e.g. will this treatment be 

effective?)

Interventional
estimated by randomized trials or 

causal Bayesian networks
Logic

What would have 
happened if I had done 

that?
(e.g. is the therapeutic 

hazard observed due to my 
treatment?)

Counterfactual
calculated with functional models or 

structural equations

Executive

« SEEING »

« DOING »

« IMAGINING »

Mathematical Psychological
P

re
d

ictio
n

D
e

cisio
n



Machine-learning
Deep-learning

Symbolic AI

Hybrid AI

Involves the explicit embedding of human 
knowledge & behavior rules into computer



Observations

Algorithms
Observational inference

Algorithms
Decision inference

Best option

Algorithms
Predictive inference
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AI doctor’s assistant



OPTIONS

ACCEPTANCE

UNCERTAINTIES

Expectation

Objective
Values

Subjective
Values

Minimization
of REGRET

Doctor

Patient

Level 1
Level 2
Level 3

AI doctor-patient’s advisor





Exploring with XAI the factors 
that influence the onset of the 
disease to provide insight into
the mechanism of the disease
and its points of attack to 
prevent it.



From Barabási A. N Engl J Med 2007;357:404-407.

Complex Networks for
Precision Medicine

Most human diseases are not 

independent of each other, although 

they are often treated separately.

diseases are associated with the 

breakdown of functional modules of 

relevant genetic, metabolic, and 

environnemental interactions. 

interrelationships among human 

diseases allow to construct a 

network in which two diseases are 

connected if they have a common 

genetic or environmental or 
functional links



Medical literature
& guidelines

Case mix
Machine learning

Boolean/Conditional rules
Decision tree

Customers
Expert

ACTIONS

CUTOFFS

Modelling preventive medicine



40 50 60 70 80 Age





4-Conclusion



Patients

Doctors

Society

Artificial
Intelligence

Decision
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