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I nt ro d u Ct i O n e cocnl‘as

ACTUAIRES

e Les actuaires doivent affiner leur compréhension des phénomeéenes
complexes face aux transformations sociétales et a 'émergence de
nouveaux risques

e Inférence causale et graphes acycliques dirigés (DAG) permettent de
représenter et d’analyser les relations entre événements.
e Réduisent les biais d’interprétation

Renforcent la robustesse des modeles

Buts de lI'atelier
* Introduire ces concepts a travers des exemples concrets.

* lllustrer I'exploitation de I'lA générative et des données textuelles pour produire des
graphes de connaissance causaux.




Plan o

ACTUA

1. Linférence causale : un levier pour une meilleure analyse des risques

2. Les graphes acycliques dirigés (DAG) et IA générative au service de la
causalité : quelques applications concréetes

3. Opportunités et limites de I'approche causale



1. Inférence causale e

ACTUAIRES O

claim 1 a paradigm shift is necessary

e “What if we introduced usage-based telematics discounts—how much
would that actually reduce accident rates? ”

e “What if we offered pay-as-you-go payment plans—do they truly increase
policy retention and reduce lapses? ”

See Lyon and Popov (2020), the power of what if...
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1. Inférence causale L

claim 1 a paradigm shift is necessary

e “correlation does not imply causation”
? . . -
e E[Y | no treatment] = E[Y | ] «— regression or machine learning

e E[Y | do(no treatment)] L E[Y | do( )]

e do(...) operator, formalized in Pearl (1994) a probabilistic calculus of actions

JUDEA PEARL

Causal
THE
Inference
BOOK OF -
WHY
- —

EFFECTY
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1. Inférence causale L

claim 1 a paradigm shift is necessary

e “correlation does not imply causation”
7
e E[Y | no treatment] = E[Y | | +— regression or machine learning

e E[Y | do(no treatment)] L E[Y | do( ]

e do(...) operator, formalized in Pearl (1994) a probabilistic calculus of actions

claim 2 there are simple methods for more relevant answers
e difference in differences
e regression discontinuity

e potential outcomes, counterfactuals (with causal graphs)
e matching, counterfactuals

e bias correction and re weighting
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1. Inférence causale R

claim 1 a paradigm shift is necessary

e “What if we introduced usage-based telematics discounts—how much
would that actually reduce accident rates”

e “What if we offered pay-as-you-go payment plans—do they truly increase
policy retention and reduce lapses”

claim 1’ time travel is still not possible
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1. Inférence causale

Motivation

Does hospital recovery improve survival outcomes compared to home recovery?

CELELECcCcCcccx
CELELELcccxccx
TELELECcccccx
TELELErcccxcxcx
FLrLLECCcCcccx
CELELccccccx
CELELECcCccccx
TELELEcccccx
L™
SRR R R R R
CELELELECccxccx
T
CELELccCcCcxccx
CTELELEccccxcx
CELELEcccccx
CELLCCcCcccx
CLLLCcCcCcccx
FrLrLECcCccccx
CELErcccccx
CELELECcccccx

Initial situation, no treatement (home recovery for all patients)
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1. Inférence causale

Motivation

Does hospital recovery improve survival outcomes compared to home recovery?

CELLCCcCcccs
CLELELLCCCEEX
CLELELCTCCCC™X
CELLCCcCcccsE
SRR AR RCR R
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CccecCccccx
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CELELCCCECccx
CEELCcccccex
CLELLECTCcCcC™
CELELECcCcCcCxcx
CELELLCCCEC™
R AR R
CELLCCCcCccx
LR RCRCRCR R
CrELELEeCccccs
CLELLTLCCCcCcC™
CELELECccccxcx

Initial situation, no treatement, P[Y =1 | no treatement] ~ 20%
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1. Inférence causale S

Motivation

Does hospital recovery improve survival outcomes compared to home recovery?

Suppose we could get back in time, , (hospital recovery for all patients)
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1. Inférence causale oo

AT At'mEe~

Motivation

Does hospital recovery improve survival outcomes compared to home recovery?

() f® A )
faa
() ()
() ()
()
a® ®
(1) ()
()
() A\
Suppose we could get back in time, P[Y=1] ] ~ 10%
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1. Inférence causale S —

ArTIIATAEEe N

Motivation

Does hospital recovery improve survival outcomes compared to home recovery?

AAAAAAAAAA
AAAAAAAAAA
AAAAAAAAAA
AAAAAAAAAA
AAAAAAAAAA
AAAAAAAAAA
AAAAAAAAAA
AAAAAAAAAA
AAAAAAAAAA
AAAAAAAAAAN

Solution? split the population in two, control v.s.
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1. Inférence causale

Motivation

?

Does hospital recovery improve survival outcomes compared to home recovery?

AAAAAAAAAA
AAAAAAARAAA +A )
AAAAAAAAAA A ada
AAAAAAAANAA () G
AAAAAAAAAA ()
AAAAAAAAAA ()
AAAAAAAAAA A A
AAAAAAAAAA () AAlA
AAAAAAAAAA G
AAAAAAAAAA A AAdAAd

Compare: P[Y =1 | no treatment] = PlY =1| ]
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1. Inférence causale

Motivation

€ CONGRES DES
ArTIIATDEC

?

Does hospital recovery improve survival outcomes compared to home recovery?

What if groups (control v.s. ) are related to ...?
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1. Inférence causale

Motivation

€ CONGRES DES @,
ArTIIATDECS N

?

Does hospital recovery improve survival outcomes compared to home recovery?

@
a a @ a
A ad|
“a A G G
G G
G
@ A
A AAA
@ Gy
@ AAA
What if groups (control v.s. ) are related to ...?
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1. Inférence causale s

Motivation

e Group should be "as random as possible” (randomized trial)
e In many applications, we deal with observational data (not a real experiment)

e What we care about is not difference in (conditional probabilities),

.
P[Y = 1| no treatment] = P[Y =1 | ]

e We are looking for something more complicated, related to (intervention),

P[Y = 1| do(no treatment)] L P[Y =1 do( ]
or
.
P[Y(no treatment) = 1] = P[Y/( ) =1]
where Y(no treatment) and Y/( ) are potential outcomes
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1. Inférence causale L

Cas 1 - Intervention

“No causation without manipulation,” Holland (1986)

— Randomized Control Trial (RCT)

e Check that key demographics and other confounders are
balanced

e Find difference in average outcome in treatment and con-
trol groups

e Use statistical significance to test for effects
RCT considered a Golden Standard

See Jonas Salk's polio vaccine in the 50's, Meldrum (1998)

But doesn't fix attrition problem
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1. Inférence causale T

Cas 1 - Intervention

If the study is too short, the effect might not be =™ Fnwcmmdoutenm o

detectable yet; if the study is too long, attrition be- i s s
comes a problem

(people might drop out because of the treatment, or
because they got/didn’t get into the control group)

drem | i A Scmemiy,” e | ey, e

e Hawthorne effect, observing people makes them
behave differently

e John Henry effect, control group works hard to
prove they're as good as the treatment group

e Spillover effect, control groups naturally pick up i
what the treatment group is getting ' '

see also Yeh et al. (2018)

WHAT TH8 $TEON ASES
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1. Inférence causale

Case 2a - Double différences (ou différence des différences)

W oo

"Difference in differences” (DID), studying the
differential effect of a treatment on a 'treatment
group’ versus a 'control group’ in a natural experi-
ment, Angrist and Pischke (2009)
Example minimum wages and employment, Card and
Krueger (1994) and Imai (2022)
What happens if you raise the minimum wage?
Economic theory says there should be fewer jobs
New Jersey in 1992 $4.25 — $5.05
Average number of jobs per fast food restaurant in
NJ

before (NJ) :20.44

after (NJ) :21.03

A = 0.59: Is this the causal effect?
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1. Inférence causale S

Case 2a - Double différences (ou différence des différences)

pre post
control a (never treated) b (never treated)
treatment ¢ (not yet treated) d (treated) Pennsylvania @
pre post A .
Pennsylvania a=2333 b=2117 a-b o
New Jersey ¢=2044 d=21.03 c—d < - B
Causal effect o |
_J(d=c)—=(b—a)= (0.59)—(-2.16) =2.76 a
(d —b) — (c —a) =(—2.89) — (—0.14) = 2.76
pre post
control a a+p

treatment a+vy a+vy+ 8+ A
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1. Inférence causale

Cas 2b - Régression sur discontinuité
“In Australia, starting Nov. 1, 2016, live atten-
uated HZ vaccination was provided free to indi-
viduals aged 70 to 79 years. Thus, individuals
whose 80th birthday was just a few weeks be-
fore Nov. 1, 2016, never became eligible,”
Eyting et al. (2025)
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Article

Anatural experiment on the effect ofherpes
zoster vaccination on dementia
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1. Inférence causale

Cas 2b - Régression sur discontinuité

Does extra time in the hospital improve health outcomes?

See also Howe et al. (2016), that estimate the effect of
playing Pokémon GO on the number of steps taken daily
up to six weeks after installation of the game.

"Regression discontinuity design” (RDD), Thistleth-
waite and Campbell (1960) or Imbens and Lemieux
(2008)

See also Imai (2022)

=/ © CONGRES DES

Average steps per day (000s)

-4 -3 -2 -1 1 2 3 & 5 -]

Week since installation

Fig 1| Average number of daily steps and 95% confidence
intervals by week before and after installation of Pokémon

GO (median & July 2016)
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1. Inférence causale =t

Case 3 - Résultats Potentiels et Countrefactuels

Gender Name  Treatment Outcome (Weight) Height
t; 01 Vi y;"{[}j TE X;
1 H Alex odO |75 75 77 | 1
2 F Betty 0¥ |52 7 | 161
3 F Beatrix o |57 : ? 163
4 H Ahmad O0&O |78 78 77 | 183

If we define potential outcomes as:

{}’:‘(1) — Qutcome if unit i/ receives treatment (t,- = 1)

yi(0) = Outcome if unit i receives control (t; = 0)

then the individual treatment effect is: TE; = y;(1) — yi(0).
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1. Inférence causale

Case 3 - Résultats Potentiels et Countrefactuels

=/ € CONGRES D

But in real life:

i =

- _ 7?77 it =
TE. — yi(1) =777 ifti=1
777 — yi(0) ift; =0

We never observe both potential outcomes for any individual — no counterfactuals
Since we can't observe individual treatment effects, we turn to averages,

TE =E[Y(1)] - E[Y(0)] = 7ate

only works if the treated and control groups are comparable (i.e., balanced on
covariates). Otherwise, use designs or statistical methods that adjust for confounding

See causal model from Neyman-Rubin Neyman (1923), Rubin (1973, 1974), see
also Sekhon (2009) and textbooks Angrist and Pischke (2009, 2014).
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1. Inférence causale R

Case 3 - Potential Outcomes and Counterfactuals

Sewall Wright introduced directed acyclical graphs (DAG) to represent probabilistic
cause and effect relationships among a set of variables (see Wright (1921, 1934))

o

K Sire
Ut Uy Uy E f’;ﬂ
'} h q

He N
t y @® y ._2{“"

1’\ m C
‘\_“—\_‘_“-‘. . '
ux x ux X - ' 0
[}
. EH@ L7
When you do(t), delete all arrows into t . o
confounders don’t influence treatment. .n.';...“ﬁ 7 5‘”“.“;‘;"* 3100 Do atocs bepwers Loy et miicals snd okt
] G wre foor germecells.  Eand [ represest tangible external oondilions semd chusce [rrepw
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1. Inférence causale -

Case 4 - Méthodes d’'appariement, ou “matching”

We have two sets of observations

1.0

t=0: {(yl:xl):”'1(.}”5?"(-;)1'“!(-]””0?1’”0)}

0.8

{(yl'.'xl): R (y:f-:xj)f "o (yﬂlixnl)}

Given treated observation
find a plausible untreated counterfactual (y;+. x;+ )

0.4

0.2

Nearest neighbour matching (1-1) , d(x;-, x))

0.0

find a plausible counterfactual

0.0 0.2 0.4 0.6 0.8 1.0

Find untreated observations that are very close/sim-

ilar to treated observations based on confounders
Lots of mathy ways to measure distance (e.g., use Optimal Transport instead)
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1. Inférence causale

Case 5 - Poids et correction de biais

Use Inverse probability weighting (IPW), as Rosenbaum and Rubin (1983)

e Estimate Propensity Scores

Predict the probability of treatment assignment using logistic/probit regression or
machine learning:

e(x)=P(T=1|X=x)
e Weight Observations
Assign higher weights to individuals whose treatment assignment is unlikely.
We want to estimate the Average Treatment Effect 7ate = E[Y(1) — Y(0)]
Estimated potential outcome means,
(1- T)Y}

BlY()] ~ E || and BY(0)] ~ E [1_—6()()

e(X)
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1. Inférence causale R

Case 5 - Poids et correction de biais

e |PW Estimator of ATE, quite naturaly

N Zn: [ tiyi (L= ti)yi

n = é(x;) 1—&(x;)

e Assumptions for consistency
- Unconfoundedness: Y(0), Y(1) 1L T | X
- Positivity: 0 < &(x;) < 1 for all i

o AIPW Estimator of ATE

1 <& ti 1—¢
~AIPW _ i i e (x 1 (x:) = fin(x;
TATE = ;; KE‘(K;') 1o E‘(x;')) (vi = fie,(xi)) + fa(xi) — fo(xi)

Units with low probability of receiving the treatment they got are upweighted,

Mimics a randomized experiment by rebalancing the covariates.
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1. Inférence causale L

Classical references

Donohue and Levitt (2001): how legalized abortion led to fewer unwanted births
and a subsequent decline in crime rates roughly eighteen years later, using
cross-state variation and crime data.

Card and Krueger (1994): difference-in-differences design comparing fast-food
employment in New Jersey (which raised its minimum wage) and Pennsylvania
(which did not), finding no adverse employment effects.

Cornfield et al. (1959): epidemiological evidence linking smoking to lung cancer
and introduces sensitivity analysis techniques to assess how unmeasured
confounding could affect that conclusion.

Hill (1965): nine criteria—such as strength, consistency, temporality, and
biological gradient—for judging whether an observed association can be
interpreted as causal.
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1. Inférence causale S

Classical references

e Rosenbaum and Rubin (1983): propensity score (the probability of treatment

given covariates) and shows that conditioning on it balances covariates, enabling
unbiased estimation of causal effects in observational studies.

Imbens and Angrist (1994): instrumental-variables methods in a
potential-outcomes framework, defining the Local Average Treatment Effect
(LATE) and demonstrating how it can be identified and estimated using
instruments that affect compliance.

Rubin (1974): formalizes the “Rubin Causal Model,” defining
treatment-assignment mechanisms and potential outcomes, and proposes methods
for estimating causal effects in both randomized and observational settings.

Holland (1986): clarifies the potential-outcomes framework, distinguishes causal
effects from associations, and discusses identification and estimation of causal
parameters under various assignment mechanisms.
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1. Inférence causale
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2.1 Contexte

Plusieurs aspects limitent la bonne
compréhension des risques:

+L’organisation de la connaissance
+Son exploitation dans les outils actuariels
+Son interopérabilité entre équipes

L'utilisation d’lA Gen permet de mieux
représenter les phénomeénes notammentvia:
+Le traitement multimodal de corpus documentaires

+Laformalisation d'un modele de données standardisé, typé et évolutif
+L'emploie de LLMs pour structurer linformation en DAGet les causes

©)
Qe’-@
@ @

Figure: exemple de rapport de sinistre Figure: exemple de modéle JSON Figure: exemple de structure DAG
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2.2 Approches

Données

+ Exemple sur 2K rapports de sinistres
+ Un modeéle de données de +96 attributs.
+ Des attributs particuliers sur les nodes et edges pour la causalité

Modeéles

+ LLM (Claude 3.5/4, Llama 3 8B/ 70B) et Embedding (gte-large)
+ Déduplication programmatique, standard via Clustering
+ Algorithme dichotomique pour traiter 'agrégation

Evaluations

+ Evaluation techniques des couts, temps d'inférence, nombre de
nodes, de edges, déduplication, compression, agrégation, etc.

+ Evaluation de la qualité : précision, exhaustivité, consistance, etc.
+ Systéme HIL

Confidential - All rights reserved - Dylogy © 2025
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ACTUAIRES O |

Pré-traitements

+ OCR Textract, Deduplication, Fixed chunkin
+ Text to markdown et Image to text
+ Sentence spanner

Processus

+ Création de DAG par chunk par UCR
+ Agrégation des DAG pour un UCR donné
+ Standarisation et agrégation dans un graphe commun

Jacket launching operations
2021-03-08

HAS_CAUSE {éelay: 45d)

‘ Damage to stern deck and internal structure
2021

1-04-22

FOLLOWED (delay: 0 d)
Damage discovery
2021-04-22

FOLLOWED (delay: 47 d) | inspection
1 2021-06-08

FOLLOWED (delay: 53 d)

(O Primary cause

Temporary repairs
2021-07-31

(O Indirect consequence FOLLOWED (delay: 32 d)

(0 Direct consequence

(D Mitigation actions Delay in permanent repairs

2021-09-01

(O Resolution
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Event 1
bush fire

business interruption E

2.3 Résultats

Temps

ntrol and safeguarding
corrosion e

fefective workmanship .

electrical breakdown s,
electrical failure s
£Mergency response mm
equipment falure —
‘explosion ——-

Evaluations

ire
Vlve’vgn( ing
d -

Gas\eak
human error
hurricane
inspection mmm

+ 1min par dossier

e —

eal
lightning e

+ Peu de défaut
+ 30 attributs en moyenne machinery breckdows
+ Agrégat par UCR limité & 2 ou 3 comprasaiasi: =

Couts tenu de la taille des chunk -

power outage —
proberty damage —.

+ 14 5€ par dossier e
g

Graphes

+ 125 graphes par claims RA:’ ®
+ Graphes jumeaux contenant les metadata °
+30 a4 90 évenements type ®

+ Distribution d'attributs via le graph agrégé

Graph Table

ID:33
EVENT:FIRE

duration for the risk of Business Interruption

175

“duration": [
ngsh,

150

Event 2
business-interruption [l
business continuity ——
contamination
control and.safeguarding m—
Corrosion mmm
defective workmansmp ]

uman error
mechanical broekomn

e Ml

management systems —
collapse

rthquake —

cqmpmenl falure —

DI0SI0N ==

o e

machinery breakdown em.

mechanical failure e

power failire —

power out

crmncax fallurc —

supply ¢ cham Biption —
nal error-

Fantning

water damage

collision —

physical damage —
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Event 3
business interruption [l
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Event
property damage mmm

End
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mechanical failure e
COTOSION e
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electrical failure
business continuity

€XpIOSION mm—
equipment failure ——
NVestigation e
earthquake —

machinery breakdﬂvm e
i

remed:anon =

ection —

manaqemcnl svslems e
Enance —

operagional €fTor —.
firefghting —

mechanical breekfown
sl

oilapse

operational disruption

sther —

contamination —

ooe
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Event 5

il 6+ Evens

— business continuity

= bosiness interruption

Lot and safeguarai
= IvesSaaton
= Seré“&(‘v'e W«ma,\sm,
mainten
Results overview
Nodes (349)
§ i‘(@‘e) Claim(29) Event (283)
Relationships (949)
*(949) CONNECTED (116) CONTAIN (566)
FOLLOWED (45) HAS_CAUSE (193)
IS_RELATED (29)



2.4 Usages

Consultation & visualisations

+ App pour trier les UCR et rendre disponible les graphes

Claims Triage
Review and process incoming claims documents
h clalr Sortby. Priority Date  Total Loss AILOBs v @) AllRegions v
cuamio scors sTarus sworry DM o8 TomaL company neoon
PER20WP00222 (87%) Processing m 2024-02-15 @ Property $25M Tech Industries Ltd North America
PERZOWPO0223 (75%) Accapted n 2024-02-18 O Liability $18M Global Manufacturing Co Europe
PER20WP00224 @ Received (111 2024-02-20 & Marine $32M Ocean Shipping Inc Asia Pacific
L

PER20WP00225 159 Rejected [ 2024-02-21 @ Property $12m Retail Solutions Corp North America
PER20WP00226 @ Procassing m 2024-02-22 ® Cyber sa5M Digital Systems Ltd Europe
PER20WP00227 (78%) Accepted n 2024-02-23 4 Energy $5.8M Power Generation Co Middle East
PERZOWPO0228 @ Recelved m 2024-02-24 @ Construction s2.0M Build RightInc South America
PER20WP00229 @ Processing n 5 Aviation $72M Sky Fleet Ailines Global

Figure: application de consultation des sinistres

All Statuses v

DOCUMENTS

2 documents

1 documents

0 documents

0 documents

0 documents

0 documents
0 documents
0 documents

€ CONGRES DES ...

ACTUAIRES O |

Requétes et agents
+ Requéte en langage naturel vers cypher quer vers LLM

Incident Reports Chatbot

e Chat with our agent to easily expl tored i

Chatbat

What types of incidents are mast frequently reparted?
Based on the data analysis, there are two main types of incidents that are reported with equal frequency:

1. Explosion incidents - These represent one type of reparted incident

2. Pressure Rupture incidents - These also represent one type of reported incident

Both types of inci to occur with the same frequency in the dataset, with each type accounting for one reported case. This suggests that explosion events and

pressure rupture events are equally common among the incidents that have been documented.

Référentiels

+ Création de classes a partir d'attributs libres

{

"node__properties__eventCategory": {
"Abnormal or Unplanned": "Abnormal or Unplanned",
"Anchor Drag": "Anchor Drag",
"Assessment": "Assessment",
"Assignment": "Assignment",
"Authorization": "Authorization",
"Blowout; no fire": "Blowout; no fire",
"Bodily Injury": "Bodily Injury",
"Burglary": "Burglary",

"Bush Fire": "Bush Fire",
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2.5 Applications actuarielles

Tarification

+ Estimer un cout/une occurrence
moyenne via techniques markoviennes
+Sinon applicable, poser un systeme de
rapprochement par clustering

: S

¥
1
A B C 0
A 0 o0 f
Mi;=|B 0 0 0 1
¢ t=} i=i 0 i}
03 o 3 o0

Figure: exemple de matrice de proba de passage

UMAP DI 2

Provisionnement

+Suggérer d’autres segmentations
+Identifier les pertes en cours/ alissue
des développements

+Evaluer limpact des changements de
DAGsur les pertes estimées

+Identifier les causes primaires
aboutissant ades couts nul

2D UMAP Projection with DBSCAN Clusters
(dot size « loss_reserve)

4 & [
UMAP DI 1
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DESCAN Cluster

e CONGRES DES
ACTUFRES

Prévention

+ Observer les causes primaires fréquentes,
en déduire des actions de prévention
+Identifier les causes secondaires ou
conséquences pour limiter les transmissions
+Suggérer des méthodes de limitation des
couts alultime

Top 10 Recovery Mitigation Types Distribution

2 & o 2 &
& G S I
& o < & S N & ' S &
&Y Qjﬁ ’o& ‘}3‘) & Q(O > Q/L,Q @g S
< o“*& «"'Q\ \0& & & ’o{\\(’ & & 0\’(
s & & N P
& & & S & & &

Mitigation Type
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2.6 Perspectives

Limites

+ Le chunking des documents n'est pas contextuel

+ Le modele de données pourrait étre par concept

+ La déduplication des nceuds est restrictive

+lmanque de gold standard (hotamment pour les causes)

)

ENGINE
FAILURE STATUS

<-wvoLves—| ——— - stage

- status

{

INVOLVES INVOLVES  HAS_STATUS

}

EVENT

DAMAGE

J

= humanInjury -name | TAKES_ - occupancy
- humanDeath ZINOLVES= < dake PLACE_ON - location
- reason - coordinates

- propertyDamage

INVOLVES

SHOULD_PREVENT INVOLVES

RECOVERY
MITIGATION

- type
- specification

THIRD PARY

- name

- type

- characteristics

Figure: exemple de concepts / ontologies

NATURAL
CATASTROPHE

- name

- type
- characteristics

Prochaines étapes

+ Eprouver le procédé sur un jeu de données plus important
+ Etendre le cadre agentique des outils de tarification, provisionnement
et prévention (hotamment via des tools)

Chatbot

What are the top primary causes of claims ?

Based on the data analysis, here are the top primary causes of claims:

Inspection Programme - 4 claims
This is the most common primary cause, accounting for 4 out of 10 total claims. This suggests that issues with inspection programs are a significant factor in insurance

claims.

Management of Change (MoC) - 3 claims
The second most frequent cause, with 3 claims related to problems in managing operational changes within facilities or processes.

Operations Practices & Procedures - 2 claims x
Two claims were attributed to issues with operational practices and procedures.

Control of Work (CoW) - 1 claim
One claim was linked to problems with work control systems.

The data shows that inspection-related issues are the leading cause of claims, followed closely by change management problems. Together, inspection programs and

management of change account for 70% of all claims, indicating these are critical areas that require attention to reduce future incidents.
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3. Discussions

ACTU?RS 0

Opportunités et limites de I'approche causale

41
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