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«(...)high-stake problems are likely 
to involve powerful emotions and 
strong impulses to action.»
Daniel Kahneman, 2011

Problèmes importants->émotions fortes...

Prix Nobel d’économie 2002 



Commençons par un exemple 
difficile...

Koenigs et al. (2007). Nature.



60% des gens 
décident pousser 
le levier

20% des gens 
décident pousser la 
personne

Emotion et décision morale

Koenigs et al. (2007). Nature.

See also Greene et al. (2001). Science.



60% des gens 
décident pousser 
le levier

20% des gens 
décident pousser la 
personne

Emotion et décision morale

Koenigs et al. (2007). Nature.

See also Greene et al. (2001). Science.

En réponse à ce dilemme, la plupart des participants vont 
décider de ne pas pousser l’étranger vers une mort certaine. 
En revanche, les patients ayant une lésion du VMPFC ont la 
tendance à choisir cette option “utilitaire”. 



Emotions incidentes

Emotions «intégrées»

Effets de l’émotion sur la 
prise de decision

Situation Evaluation

Temps

Option 1

Option n

Option 2

...
Décision Conséquences

Voir Han and Lerner (2009). Oxford Companion to Emotion and the Affective Sciences

P.ex, la colère causée par 
l’acte du collaborateur 
influencerait le feedback

P.ex, la colère causée par une 
dispute avec son conjoint  

influencerait le feedback

P.ex., feedback 
à un 

collaborateur



Han, Lerner, & Keltner (2007); Raghunathan & Pham (1999)

Pas seulement une question 
«d’humeur positive ou negative»

TristesseAnxiété

Incertitude faible
Récompense faible

Incertitude élevée
Récompense élevéeOU



L’intuition"sociale: 
FeriezSvous"confiance"à"cet"homme?



L’intuition"sociale": 
Confiance"dans"le"visage



Clément, Bernard, Grandjean, & Sander (2012). Cognition and Emotion

Prise de décision et 
informations sociales 



!

Clément, Bernard, Grandjean, & Sander (2012). Cognition and Emotion

Prise de décision et 
informations sociales 



Quelle!personne!est!la!plus!compétente?



Quelle!personne!est!la!plus!compétente?



can be characterized as system 1 processes
(7, 8). The implications of the dual-process
perspective are that person impressions can
be formed Bon-line[ in the very first encoun-
ter with the person and can have subtle and
often subjectively unrecognized effects on sub-
sequent deliberate judgments.

Competence emerges as one of the most
important trait attributes on which people eval-
uate politicians (9–11). If voters evaluate po-
litical candidates on competence, inferences
of competence from facial appearance could
influence their voting decisions. To test this
hypothesis, we asked naBve participants to
evaluate candidates for the U.S. Senate (2000,
2002, and 2004) and House (2002 and 2004)
on competence (12). In all studies, participants
were presented with pairs of black-and-white
head-shot photographs of the winners and the
runners-up (Fig. 1A) from the election races.
If participants recognized any of the faces in
a race pair, the data for this pair were not used
in subsequent analyses. Thus, all findings are
based on judgments derived from facial ap-
pearance in the absence of prior knowledge
about the person.

As shown in Table 1, the candidate who
was perceived as more competent won in
71.6% of the Senate races and in 66.8% of
the House races (13). Although the data for
the 2004 elections were collected before the
actual elections (14), there were no differ-
ences between the accuracy of the prospec-
tive predictions for these elections and the
accuracy of the retrospective predictions for
the 2000 and 2002 elections (15). Inferences
of competence not only predicted the winner
but also were linearly related to the margin
of victory. To model the relation between
inferred competence and actual votes, we
computed for each race the difference in the
proportion of votes (16). As shown in Fig. 1B,
competence judgments were positively corre-
lated with the differences in votes between
the candidates for Senate Er(95) 0 0.44, P G
0.001^ (17, 18). Similarly, the correlation was
0.37 (P G 0.001) for the 2002 House races
and 0.44 (P G 0.001) for the 2004 races.
Across 2002 and 2004, the correlation was
0.40 (P G 0.001).

In the previous studies, there were no
time constraints on the participants_ judgments.
However, system 1 processes are fast and
efficient. Thus, minimal time exposure to the
faces should be sufficient for participants to
make inferences of competence. We con-
ducted an experiment in which 40 partic-
ipants (19) were exposed to the faces of the
candidates for 1 s (per pair of faces) and
were then asked to make a competence judg-
ment. The average response time for the
judgment was about 1 s (mean 0 1051.60
ms, SD 0 135.59). These rapid judgments
based on minimal time exposure to faces pre-
dicted 67.6% of the actual Senate races (P G

0.004) (20). The correlation between compe-
tence judgments and differences in votes was
0.46 (P G 0.001).

The findings show that 1-s judgments of
competence suffice to predict the outcomes
of actual elections, but perhaps people are
making global inferences of likability rather
than specific inferences of competence. To
address this alternative hypothesis, we asked
participants to make judgments on seven dif-
ferent trait dimensions: competence, intelli-
gence, leadership, honesty, trustworthiness,
charisma, and likability (21). From a simple
halo-effect perspective (22), participants
should evaluate the candidates in the same
manner across traits. However, the trait judg-
ments were highly differentiated. Factor anal-

ysis showed that the judgments clustered in
three distinctive factors: competence (compe-
tence, intelligence, leadership), trust (honesty,
trustworthiness), and likability (charisma, lik-
ability), each accounting for more than 30%
of the variance in the data (table S1). More
important, only the judgments forming the
competence factor predicted the outcomes of
the elections. The correlation between the
mean score across the three judgments (com-
petence, intelligence, leadership) and differ-
ences in votes was 0.58 (P G 0.001). In contrast
to competence-related inferences, neither the
trust-related inferences (r 0 –0.09, P 0 0.65)
nor the likability-related inferences (r 0 –0.17,
P 0 0.38) predicted differences in votes. The
correlation between the competence judgment

Fig. 1. (A) An example
of a pair of faces used
in the experiments: the
2004 U.S. Senate race
in Wisconsin. In all ex-
periments, the positions
of the faces were coun-
terbalanced. (B) Scatter-
plot of differences in
proportions of votes be-
tween the winner and
the runner-up in races
for the Senate as a
function of inferred
competence from fa-
cial appearance. The
upper right and lower
left quadrants indicate
the correctly predicted
races. Each point rep-
resents a Senate race
from 2000, 2002, or
2004. The competence
score on the x axis
ranges from 0 to 1 and
represents the pro-
portion of participants
judging the candidate
on the right to be more
competent than the one
on the left. The midpoint score of 0.50 indicates that the candidates were judged as equally
competent. The difference in votes on the y axis ranges from –1 to þ1 [(votes of candidate on the
right – votes of candidate on the left)/(sum of votes)]. Scores below 0 indicate that the candidate on
the left won the election; scores above 0 indicate that the candidate on the right won the election.
[Photos in (A): Capitol Advantage]
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Table 1. Percentage of correctly predicted races for the U.S. Senate and House of Representatives as a
function of the perceived competence of the candidates. The percentages indicate the races in which the
candidate who was perceived as more competent won the race. The c2 statistic tests the proportion of
correctly predicted races against the chance level of 50%.

Election Correctly predicted c2

U.S. Senate
2000 (n 0 30) 73.3% 6.53 (P G 0.011)
2002 (n 0 33) 72.7% 6.82 (P G 0.009)
2004 (n 0 32) 68.8% 4.50 (P G 0.034)
Total (n 0 95) 71.6% 17.70 (P G 0.001)

U.S. House of Representatives
2002 (n 0 321) 66.0% 33.05 (P G 0.001)
2004 (n 0 279) 67.7% 35.13 (P G 0.001)
Total (n 0 600) 66.8% 68.01 (P G 0.001)

10 JUNE 2005 VOL 308 SCIENCE www.sciencemag.org1624
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Intuition"sociale"et"élections"législatives



L’intuition"sociale

• Des"processus"affectifs"automatiques"peuvent"
influencer"nos"jugements"sociaux…"

• …avec"un"impact"important"sur"nos"décisions."
• Les"jugements"de"confiance"peuvent"être"basés"
sur"une"«"analyse"»"automatique"de"
l’expression"émotionnelle"d’autrui.



- Vous êtes le ministre de la santé dans votre pays"
- Une épidémie menace la vie de 600 personnes"
- Vous devez sélectionner une stratégie de 

traitement pour le gouvernement

Effets de cadrage



Option A Option B

Un traitement qui 
sauvera les vies de 
200 personnes

Un traitement qui soit 
sauvera les vies de 600 
personnes soit tuera ces 
600 personnes



Une année plus tard…



Option A Option B

Un traitement qui 
tuera 400 
personnes

Un traitement qui soit 
sauvera les vies de 600 
personnes, soit tuera ces 
600 personnes



Les situations sont identiques
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Option A Option B

Option A Option B

Un traitement qui 
sauvera les vies de 
200 personnes

Un traitement qui soit 
sauvera les vies de 600 
personnes, soit tuera ces 
600 personnes

Un traitement qui 
tuera 400 
personnes

Un traitement qui soit 
sauvera les vies de 600 
personnes, soit tuera ces 
600 personnes



Effets de cadrage

23

CADRAGE PERTE

CADRAGE GAIN

Option A Option B

Un traitement qui 
sauvera les vies de 
200 personnes

Un traitement qui soit 
sauvera les vies de 600 
personnes, soit tuera ces 
600 personnes 

Option A

Un traitement qui 
tuera 400 
personnes

Option B

Un traitement qui soit 
sauvera les vies de 600 
personnes soit tuera ces 
600 personnes



Effets de cadrage

• Vous évitez les options risquées si les autres 
options représentent un gain avec certitude 

• Vous recherchez les options risquées si les 
autres options représentent une perte avec 
certitude

24



DeMartino et al. (2006). Science

Effets du «cadre» de présentation 
(framing effects)

Cadre de gain

Cadre de perte



Effets du «cadre» de présentation 
(framing effects)

DeMartino et al. (2006). Science



Effets du «cadre» de présentation 
(framing effects)

DeMartino et al. (2006). Science



Aversion au risque
• Préfereriez-vous: 

– A: avoir 85 % de chance de gagner 1000 CHF "
– B: avoir 100 % de chance de gagner 800 CHF"

• Valeur escomptée A = .85 x 1000 + .15 x 0 = 850 
• Valeur escomptée B = 1 x 800 + 0 x 0 = 800

28



Soit vous gagnez: +CHF 100 
Soit vous perdez: -CHF 70

Accepteriez-vous de jouer?

Soit vous gagnez: +CHF 100 
Soit vous perdez: -CHF 80

Soit vous gagnez: +CHF 100 
Soit vous perdez: -CHF 90

Soit vous gagnez: +CHF 100 
Soit vous perdez: -CHF 100

Soit vous gagnez: +CHF 100 
Soit vous perdez: -CHF 110



Aversion"à"la"perte": 
Le#poids#de#la#valeur#des#pertes#pèse#plus#lourd#que#celui#des#gains

Daniel 
Kahneman

Amos 
Tversky



Comment les émotions nous aident-elles à 
apprendre des risques ?



Intuition"et"prise"de"risque": 
Iowa"Gambling"Task

A B C D

Gain:"100 Gain:"100" Gain:"50" Gain:"50"

Perte:"1250" Perte:"1250 Perte:"250" Perte:"250"

Total:"Perte Total:"Perte Total:"Gain Total:"Gain

«"Mauvais#tas"» «"Bons#tas"»



Intuition"et"prise"de"risque": 
Mesure"de"la"réponse"électrodermale





Régulation de l’aversion à la perte
Soit vous gagnez: +CHF 100 
Soit vous perdez: -CHF 95

Accepteriez-vous, si…?

Soit vous gagnez: +CHF 100 
Soit vous perdez: -CHF 80

Soit vous gagnez: +CHF 100 
Soit vous perdez: -CHF 100

Soit vous gagnez: +CHF 100 
Soit vous perdez: -CHF 105

Soit vous gagnez: +CHF 100 
Soit vous perdez: -CHF 110

« Pensez comme un trader »

Ne réfléchissez pas à votre choix de 
manière isolée, mais dans le contexte 
d’un portefeuille boursier.



L’aversion individuelle à la perte se traduit par les 
réactions émotionnelles (réponse électrodermale)



of this variability and quantify the strength of this effect, we
performed likelihood ratio tests on the parameters (see Methods
and SI Text) to identify individuals with differences in param-
eters between the conditions stronger than a cutoff P value of
0.05. Of 30 subjects, 15 exceeded the criterion for changes in !,
3 for changes in estimated " values, and 2 for changes in their
estimated # values. Overall, individuals’ loss aversion as mea-
sured during the attend instruction (!Attend) was reduced by an
average of 16% (standard error 3.09%) during the regulate
instruction (!Regulate) (See Fig. 2). This effect was independent
of !Attend (r ! 0.03, n.s.).

Counterbalancing (including block order, gamble outcome,
and gamble order within block) had no effects on parameter
estimates or the effectiveness of the Regulate strategy. See SI
Text for more details.

Study 2 Results.

Behavioral Results. The behavioral results in Study 2 confirmed
those of Study 1. Mean Attend parameter estimates (with
standard errors) were ! " 1.31 (0.13), " " 0.88 (0.03), and # "
2.97 (0.28). Mean Regulate parameter estimates (with standard
errors) were ! " 1.15 (0.12), " " 0.92 (0.03), and # " 2.60 (0.23).
Paired t tests between the Attend and Regulate conditions
confirmed a strong effect for the loss aversion coefficient !
(t(28) " 6.91 P ! 1.6 # 10$7). There was no significant effect
on " (t(28) " 1.82 P ! 0.08), or # (t(28) " 1.40 P ! 0.17).

Physiological Results. Because amounts of money won or lost
varied both within participants and between participants, SCR at
outcome in units of microsiemens (#S; square-root transformed
to reduce skewness) were normalized by the amount of money
won or lost on a given trial, giving each participant an average
Gain SCR score and average Loss SCR score with units of
%#S/$. In addition to the Gain and Loss SCR scores, we created
an SCR difference score of Loss $ Gain as a physiological
measure of loss aversion.

On average, losses were more arousing than gains in the
Attend condition (Loss $ Gain " 0.0092 %#S/$, t(28) " 1.89,
P ! 0.035 one-sample t test, one-tailed), but not in the Regulate
condition (Loss $ Gain " 0.0017 %#S/$, t(28) " 0.24, P ! 0.40
one-sample t test, one-tailed). However, although 28 of the 29
subjects in Study 2 showed a decrease in loss aversion with the
regulation strategy, there was extensive variability in the strength
of the effect. To characterize that variability, we separated
participants using likelihood ratio tests. We divided them based
on whether they exceeded the cutoff for changes in their !
coefficient between Attend and Regulate, creating 2 groups:
Regulators (P ! 0.05), and Nonregulators (P & 0.05). Only
Regulators showed a significant decrease in the Loss $ Gain

SCR difference score from Attend to Regulate (Attend " 0.0102
%#S/$, Regulate " $0.0102 %#S/$, t(13) " 2.04, P ! 0.031
one-tailed paired t test), whereas Nonregulators showed a non-
significant increase (Attend " 0.0089 %#S/$, Regulate " 0.0128
%#S/$, t(14) " 0.49, P ! 0.64 two-tailed paired t test) (see
Fig. 3).

We also conducted ANOVAs on the Gain and Loss SCR
scores. A 2 # 2 # 2 repeated measures ANOVA with factors of
Outcome (Loss, Gain), Strategy (Attend, Regulate), and Group
(Regulators, Nonregulators), revealed a trending interaction
between all 3 factors (F (1, 27) " 3.70 P ! 0.065), but no other
interactions nor main effects (all P’s & 0.29). To examine what
might be driving the 3-way interaction, we conducted separate
2 # 2 repeated measures ANOVAs on the Gain and Loss SCR
scores. The Loss SCR score ANOVA showed a trending inter-
action between Strategy and Group (F(1,27) " 3.791 P ! 0.062,
all other P’s & 0.37), but an identical ANOVA on just the Gain
SCR score had no significant main effects or interactions (all
P’s & 0.48), illustrating that the initial 3-way interaction was
driven in large part by changes in the Loss SCR score.

Individuals’ Loss $ Gain SCR difference scores also positively
correlated with their respective behavioral loss aversion (!)
coefficients in both the Attend condition (r(27) " 0.394, P !
0.035) (See Fig. 4), and the Regulate condition (r(27) " 0.403,
P ! 0.031).

Model Estimation. To test the significance of the estimated pa-
rameters, we performed a likelihood ratio test for each individ-
ual in each condition, contrasting the likelihood of the data given
the estimated parameters for that condition with the likelihood
of the data given a random choice model. This showed that for
subjects of Study 1 in both conditions (60 sets of parameters
total), all estimated models had a P ! 5 # 10$5, and 56 out of
60 models had a P ! 1 # 10$10 (Participants’ models in Study
2 had similar significance levels). For more details on validity
tests of the model, see Methods.
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Fig. 2. Percent change in loss aversion due to the cognitive strategy in Study
1, expressed as (!Regulate $ !Attend) as percent of !Attend. A negative value
indicates less loss aversion during Regulate trials. Participants are in the same
order as Fig. 1. Changes in loss aversion exceeding the 0.05 criterion cutoff are
marked with red asterisks.
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Fig. 3. Average Loss $ Gain (%#S/$) SCR difference scores from Study 2. (A)
Across all subjects, arousal is greater per dollar to losses than gains, but only
in the Attend condition. (B) Regulators (exceeded cutoff for decrease in !)
show a significant decrease in the difference score, while Nonregulators (did
not exceed cutoff for decrease in !) do not. Error bars are standard error of the
mean.

Sokol-Hessner et al. PNAS ! March 31, 2009 ! vol. 106 ! no. 13 ! 5037
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Penser"à"chaque"décision"
séparément

Penser"comme"un"trader



‣ Les émotions sont déclenchées par la cognition et influencent la 
cognition

‣ Différents types d’émotions influencent différentiellement la prise 
de décision

‣ Il existe des méthodes pour mesurer les émotions et leurs effets

‣ Il existe des modèles pour prédire quelles émotions peuvent 
moduler la prise de décision selon le contexte

Conclusion


