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Introduction g én érale

Cette th èse de doctorat regroupe quatre diff érents articles de recherche, écrits seuls, ainsi qu'une note additionnelle, co écrite avec Valentin Baudin et publi ée dans Economics Letters. Dans la premi ère partie, j'explore sous diff érents aspects les possibilit és offertes par les statistiques Bay ésiennes dans le traitement des d écisions en situation d'incertitude. Cette partie contient deux articles diff érents, ainsi que la note de recherche mentionn ée plus haut. Ces trois chapitres correspondent aux Chapitres II, III et IV, cette introduction faisant office de premier chapitre.

Dans la seconde partie, je pr ésente deux papiers plus ind épendants, mais r éunis autour d'une m ême th ématique de la construction de l'image de soi. Cette partie recouvre donc les Chapitres V et VI. Mon cheminement entre ces deux parties vient essentiellement de l' étude d'une large base de donn ées commune aux chapitres IV et V, le LISS (Longitudinal Internet studies for the Social Sciences), dont la rencontre m'a ouvert à de nouvelles questions de recherche.

La probl ématique de la premi ère des contributions de la premi ère partie-c'est-à-dire du Chapitre II-est de d éterminer les sources d'h ét érog én éit é dans le domaine des d écisions dans le risque. Ici, nous cherchons à souligner la consid érable homog én éit é de la fonction d'utilit é dans notre base de donn ées, et la possibilit é, sans perte de pouvoir pr édictif ou de performance statistique, à supposer une unique fonction d'utilit é pour l'ensemble de la population. Nous pr ésentons également dans ce chapitre une contribution plus instrumentale avec la pr ésence d'une nouvelle m éthode d'estimation non-param étrique des pr éf érences dans le risque, à partir d'une extension relativement simple des m éthodes Bay ésiennes d éj à pr ésentes dans la litt érature.

Cette question de la mesure non-param étrique des mod èles de d écision dans le risque nous am ène la note de recherche qui constitue le Chapitre III. Mon questionnement sur les approches non-param étriques, discut ées dans le Chapitre II, m'a amen é à r éfl échir aux m éthodes propos ées dans la litt érature, et en particulier à la m éthode dite du Trade-Off [START_REF] Wakker | Eliciting von neumann-morgenstern utilities when probabilities are distorted or unknown[END_REF]. Dans ce chapitre, nous d émontrons à l'aide de simulations la possibilit é de biais syst ématiques dans le cadre de cette m éthode lorsque le param ètre de bruit évolue durant l'exp érience. Notre seconde partie concernant "la construction de l'image de soi" s'ouvre sur le Chapitre V de cette th èse.

Nous y traitons du processus cognitif à l'oeuvre lorsqu'un individu r épond à des questions concernant son bien-être, g én éralement mesur é à l'aide d' échelles de Likert ou d'indicateurs assimil és. Cette question de recherche, bien que de nature diff érente de celles pr ésent ées dans la premi ère partie, se fonde sur la m ême base de donn ées que celle utilis ée dans le Chapitre IV, et nous a ét é inspir ée lors de la r édaction de ce m ême chapitre. Nous montrons ici que les d éterminants du bonheur sont potentiellement diff érents selon le style cognitif des individus.

Plus particuli èrement, nous d éveloppons un indicateur de style cognitif bas é sur la coh érence d'un individu dans ses r éponses, et nous montrons que les individus les plus coh érents sont aussi les plus faiblement impact és par le revenu et l' âge dans la mesure de leur bien-être. Or, un effet du style cognitif ou du style de r éponse adopt é dans un questionnaire ne devrait pas impacter la nature des d éterminants du bien-être, si ce n'est par le processus de jugement lui-m ême. Ce r ésultat souligne donc le risque à utiliser des r éponses auto-rapport ées, car il semble dans ce cas impossible de distinguer un v éritable effet causal du mod èle d'attribution subjectif utilis é par le r épondant.

L'un des r ésultats les plus importants de la recherche sur le bien-être a ét é de souligner le r ôle de la position relative des agents économiques au sein de leur groupe de r éf érence. Nous pouvons ici citer le c él èbre paradoxe d' [START_REF] Easterlin | Does economic growth improve the human lot? some empirical evidence[END_REF], selon lequel l'augmentation globale des revenus d'un pays n'affecte pas le bien-être de ses habitants-en tout cas, une fois d épass é un certain seuil. Cette th ématique n'a pas pu être abord ée dans le Chapitre V, car il n'existait pas de variables permettant de construire des groupes de r éf érence pertinents dans notre contexte. Cependant, cette question fera l'objet du chapitre suivant, avec cette fois-ci comme application, le domaine de l' éducation. Pour comprendre les contributions de notre premi ère partie, il est n écessaire d'expliquer la nature et l'int ér êt des statistiques Bay ésiennes. Dans un mod èle statistique estim é dans un cadre Bay ésien, le statisticien ne calcule pas directement un estimateur ponctuel comme en statistiques "classiques" ou "fr équentistes", mais une distribution repr ésentant notre croyance sur la position des param ètres, étant donn é nos informations a priori (si elles existent) et les donn ées observ ées. Ainsi, si l'on suppose un échantillon normalement distribu é, avec une esp érance µ et une variance σ 2 , l'estimateur de µ, μ correspondra dans le cas des statistiques fr équentistes à la moyenne empirique des observations μ = n i=1 x i . En statistiques Bay ésiennes, l'on supposerait tout d'abord une croyance a priori sur la position du param ètre µ avant d'actualiser cette croyance en fonction du tirage observ é. Comme le nom de ce courant des statistiques l'indique, cette distribution actualis ée est trouv ée à l'aide de l'application de la r ègle de Bayes.

Au-del à de cet exemple simplifi é, supposons que nos estimations portent sur un vecteur de param ètres θ, pouvant prendre des valeurs dans l'espace Θ, et sur lequel l'on a des croyances a priori exprim ées par la fonction de densit é f prior (θ) et des observations donn ées Z. L'on d éduit alors du mod èle à estimer une fonction de vraisemblance L(Z|θ)-fonction qui pourrait être simplement maximis ée dans le cadre des statistiques fr équentistes. Dans un cadre Bay ésien, la r é-allocation de nos croyances est exprim ée par une nouvelle fonction de densit é, d écrivant nos croyances a posteriori (i.e., post érieures à l'observation de donn ées). Plus pr écis ément cette fonction est donn ée par

f post. (θ|Z) ∝ L(Z|θ)f prior (θ), (1.1) 
ou, de mani ère équivalente, apr ès une normalisation appropri ée pour que la fonction f post. (•) corresponde bien à une fonction de densit é

f post. (θ|Z) = L(Z|θ)f prior (θ) θ∈Θ L(Z|θ)f prior (θ)dθ . (1.2)
Comme nous pouvons le constater dans l' équation 1.1, pour un prior non-informatif (par exemple, une distribution uniforme si θ ∈ [0, 1]), la distribution post érieure est proportionnelle à la vraisemblance. Dans ce cas, un maximum de vraisemblance donnera donc exactement la m ême valeur que le mode du post érieur, également appel é "maximum a posteriori" dans un cadre Bay ésien. Aussi, nous savons que pour un nombre d'observations assez important, la distribution de l'estimateur du maximum de vraisemblance converge vers une loi normale. Par cons équent, pour un prior relativement peu informatif, et pour des probl èmes classiques comme l'estimation des param ètres d'une r égression, les r ésultats fournis par les statistiques classiques ou fr équentistes et les statistiques Bay ésiennes sont bien souvent comparables. Cependant, hors de ce cadre les statistiques Bay ésiennes peuvent pr ésenter de multiples int ér êts pr ésent és ci-dessous.

Pourquoi Utiliser des statistiques Bay ésiennes ?

L'un des premiers arguments en faveur des statistiques Bay ésiennes est que ce cadre th éorique correspond assez naturellement à la d émarche adopt ée par un agent rationnel en pr ésence de la d écouverte progressive de donn ées à partir de croyances a priori. 1 Ainsi, l'intervalle cr édible, "l' équivalent Bay ésien" de l'intervalle de confiance en statistiques fr équentistes, peut être facilement interpr ét é comme l'ensemble des valeurs cr édibles du param ètre. En cons équence, certains paradoxes pouvant être li és à la d éfinition a priori de l'intervalle de confiance, en l'absence m ême de tirage, dans les statistiques fr équentistes peuvent être évit és dans un cadre Bay ésien. 2 De m ême, des tests statistiques peuvent être effectu és dans un cadre Bay ésien en utilisant la notion de "probabilit é de direction" au lieu de celle de "p-value." La probabilit é de direction correspond simplement à la probabilit é que la m édiane de la distribution post érieure, souvent utilis ée comme estimation du param ètre dans un cadre Bay ésien, soit du m ême signe que la vraie valeur du param ètre (e.g., la probabilit é que le param ètre soit positif si la m édiane de la distribution a posteriori est positive). Ainsi, une distribution post érieure dont la m édiane est éloign ée de 0 et dont l' écart-type est faible aura probablement une probabilit é de direction proche de 1. Au contraire, une distribution post érieure avec une m édiane proche de 0 et dont l' écart-type est élev é aura vraisemblablement une probabilit é de direction proche de 0, 5. Le "niveau de preuve" donn é par la probabilit é de direction est ais ément compr éhensible, alors qu'il est g én éralement admis, en comparaison, que la "p-value" est un concept peu intuitif. 3Ces premiers arguments sont de nature relativement "th éorique," en ce sens qu'ils ne changent que rarement les r ésultats obtenus pour des probl èmes classiques, comme mentionn é ci-dessus. Un certain nombre d'arguments plus pratiques peuvent également être d évelopp és, comme énonc és notamment par Kruschke (2015). En voici quelques-uns que nous trouvons particuli èrement significatifs, ou adapt és à notre contexte:

1. L'ensemble des possibilit és offertes par l'estimation par un maximum de vraisemblance sont pr ésentes dans un cadre Bay ésien, comme par exemple celle d' étudier la structure de corr élation des param ètres. D'autres él éments, plus particuli èrement utilis és dans le Chapitre IV, comme la correction des erreurs de mesure ou l'imputation des donn ées manquantes peuvent aussi être trait és à la fois dans un cadre Bay ésien ou avec une approche par le maximum de vraisemblance. Les statistiques Bay ésiennes permettent donc, elles aussi, d'appliquer un cadre conceptuel unique pour corriger des probl èmes de nature multiple. Cependant, avoir une estimation de la distribution post érieure non bas ée sur des algorithmes d'optimisation, mais sur l'utilisation d'autres m éthodes, peut se r év éler crucial. 4 En effet, les algorithmes d'optimisation sont parfois peu performants lorsque la fonction de vraisemblance est complexe, et l'on évite potentiellement un grand nombre de difficult és techniques en passant à un cadre Bay ésien, comme nous le verrons ci-dessous.

2. Lorsque la fonction de vraisemblance est atypique (par exemple, asym étrique), l' élicitation d'une distribution sur la position des param ètres peut se r év éler plus pertinente qu'un estimateur ponctuel. Pour comprendre cela, l'on peut se souvenir que le maximum de vraisemblance ne correspond à rien d'autre que le mode de la distribution post érieure lorsque les croyances a priori ne sont pas informatives. Or, dans bien des cas, une m édiane peut se r év éler être un indicateur plus pertinent et plus robuste que le mode pour d écrire la position d'une distribution. Ainsi, si l'on consid ère le cas d'une fonction de vraisemblance ayant de multiples maximums locaux, dont aucun ne semble significativement plus élev é que les autres, inf érer la valeur des param ètres à l'aide d'un maximum de vraisemblance peut être discutable, m ême si les propri ét és de l'estimateur du maximum de vraisemblance demeurent math ématiquement vraies. 53. Les m éthodes Bay ésiennes sont g én éralement plus adapt ées aux petits échantillons. En effet, la premi ère raison est que les r ésultats donn és dans ce cadre sont "exacts," en ce sens qu'ils ne requi èrent pas d'hypoth èses asymptotiques. Avec une approche Bay ésienne, nous mesurons exactement les croyances que l'on peut raisonnablement avoir sur la position des param ètres, pour des observations et des croyances a priori donn ées.La seconde raison de l'ad équation des statistiques Bay ésiennes à de petits échantillons est que l'on peut utiliser toute l'information disponible à l'aide de mod èles hi érarchiques, permettant d'inf érer la position d'un param ètre individuel non seulement à partir des d écisions d'un individu, mais également de s'appuyer sur les r égularit és observ ées à un niveau agr ég é. Nous d évelopperons cet avantage ci-dessous, car il s'agit tr ès probablement de l'avantage principal des statistiques Bay ésiennes dans l' élicitation des pr éf érences dans le risque. Plus que tous les él éments d évelopp és ici, il me semble que ce sont donc les possibilit és techniques offertes par l'approche Bay ésienne qui en font tout l'int ér êt. En effet, c'est l'assimilation des statistiques Bay ésiennes qui m'ont fait imaginer les tests pr ésent és dans les Chapitres II et IV. Ainsi, la m éthodologie et les questions de recherche viennent souvent simultan ément, et je crois que l'acquisition de ces nouvelles approches par une communaut é plus large devrait ouvrir de nouvelles perspectives en économie comportementale, qui, à terme, pourront également être utiles pour des chercheurs favorisant une approche fr équentiste des statistiques. Ces r éflexions ont motiv é ma r éf érence à la parabole du vin nouveau et des outres neuves (Matthieu, 9:17) dans le sous-titre de cette partie.

Statistiques

Nous pensons finalement que cette partie peut être interpr ét ée comme une étude de cas montrant la richesse des statistiques Bay ésiennes dans l'analyse des d écisions dans le risque, comme l'indique le tableau 1.1 qui synth étise les diff érences des Chapitres II et IV (pour rappel, le Chapitre III est une note recherche que l'on peut consid érer comme un prolongement du Chapitre II). Depuis son origine, l' élicitation des pr éf érences en situation d'incertitude est un él ément central de l' économie comportementale. Jusqu'au milieu des ann ées 1990, la plupart des études empiriques se concentraient sur la capacit é des mod èles dominants à pr édire certains paradoxes ou anomalies (par exemple, Kahneman et [START_REF] Kahneman | Prospect theory: An analysis of decision under risk[END_REF]. Cependant, vers le d ébut des ann ées 2000, l'accent a ét é mis sur la mesure et le test des mod èles à partir de leurs formes structurelles ou fonctionnelles. L'une des principales conclusions de cette litt érature, et probablement aussi l'une des plus solides, est que les individus diff èrent consid érablement dans leurs attitudes vis-à-vis du risque.

Dans ce cadre, la mesure de l'h ét érog én éit é est simple, et l'on suppose g én éralement que tous les param ètres du mod èle de d écision de chaque sujet sont diff érents. Cependant, comme le souligne par exemple [START_REF] Wilcox | Stochastic models for binary discrete choice under risk: A critical primer and econometric comparison[END_REF], les d écisions dans le risque ont une forte composante stochastique, et l'ensemble des observations individuelles dans les donn ées exp érimentales est g én éralement trop limit é pour rendre l'estimation des pr éf érences r éellement pr écise.

Cet article soutient qu'une compr éhension syst ématique de la source de l'h ét érog én éit é dans les mod èles structurels pourrait aider à s éparer le bruit de v éritables diff érences dans les mod èles de d écision des sujets.

En utilisant un mod èle traditionnel d'utilit é à d épendance de rang [START_REF] Quiggin | A theory of anticipated utility[END_REF] et en suivant une approche hi érarchique Bay ésienne, nous montrons que toute l'h ét érog én éit é du comportement dans le risque peut être attribu ée à l'h ét érog én éit é de la fonction de transformation des probabilit és des sujets de notre échantillon. Lorsque nous supposons une fonction d'utilit é unique entre les individus, le pouvoir pr édictif du mod èle d'utilit é à d épendance de rang reste identique, m ême pour des incitations mon étaires relativement élev ées selon les normes de l' économie exp érimentale. À l'inverse, l'hypoth èse d'une fonction de probabilit é universelle r éduit fortement la qualit é pr édictive du m ême mod èle. Nos r ésultats restent, de plus, identiques lorsque nous n' étudions pas le pouvoir pr édictif des mod èles mais leur ad équation aux donn ées. Ainsi, nous reconsid érons l' élicitation standard des pr éf érences de risque faite au niveau individuel, et nous proposons la notion d' h ét érog én éit é cibl ée, o ù l'h ét érog én éit é dans les comportements individuels n'est attribu ée qu' à certains él éments du mod èle. Sur le plan th éorique, une telle hypoth èse pourrait rendre les mod èles comportementaux plus parcimonieux et, par cons équent, plus maniables.

Pour d émontrer nos r ésultats, nous introduisons quelques contributions m éthodologiques, essentiellement instrumentales mais qui m éritent d' être soulign ées. En particulier, nous étudions cette question à travers une approche param étrique classique et une nouvelle approche non param étrique. Certaines m éthodes non param étriques bien connues ont ét é propos ées dans le pass é, comme dans Hey et Orme (1994) et [START_REF] Wakker | Eliciting von neumann-morgenstern utilities when probabilities are distorted or unknown[END_REF].

Cependant, ces deux approches ne peuvent être appliqu ées qu' à des donn ées de nature tr ès sp écifique. En revanche, nous montrons que notre m éthode est flexible et peut être appliqu ée à des contextes plus g én éraux avec des r ésultats fiables.

Au moment o ù je soumets cette th èse, je consid ère ce chapitre comme la premi ère étape d'une m éta-analyse de plusieurs bases de donn ées, permettant de d émontrer de mani ère plus d éfinitive, ce que je consid ère être les principaux él éments de ce papier:

1. La fonction d'utilit é est caract éris ée par un si grand degr é d'homog én éit é parmi les individus que l'hypoth èse simplificatrice d'une unique fonction d'utilit é peut être envisag ée de mani ère l égitime sans perte de performance statistique ou d'ad équation aux donn ées.

2. Les mod èles dits "comportementaux" peuvent être plus parcimonieux que traditionnellement envisag és, le nombre de param ètres individuels peut être consid érablement r éduit par une compr éhension plus fine des sources de l'h ét érog én éit é dans les comportements individuels.

Chapitre III: Bruit asym étrique et biais syst ématique dans la m éthode dite du "Trade-

Off."

Ce chapitre provient d'une collaboration avec Valentin Baudin, lors de son stage au Centre d' Économie de l'ENS Paris-Saclay. 6 L'objet de cette note, publi ée dans Economics Letters, est de montrer les limites inh érentes à la m éthode dite du Trade-off [START_REF] Wakker | Eliciting von neumann-morgenstern utilities when probabilities are distorted or unknown[END_REF] dans l'estimation non-param étrique des fonctions d'utilit é.

Quoique cette note peut se comprendre ind épendamment du Chapitre II, je la vois comme son prolongement et comme une justification compl émentaire à l'approche non param étrique mentionn ée plus haut.

Je pense qu'il serait int éressant ici d'exposer le cheminement qui m'a amen é à cette note, et que je n'ai pas pu exposer dans ce papier par souci de concision. Lorsque j'ai commenc é à lire la litt érature sur les mod èles hi érarchiques Bay ésiens et sur le statistical learning, j'ai pens é que la m éthode propos ée par Wakker et Deneffe, bien qu' él égante, était radicalement en d écalage avec ces r écents d éveloppements des statistiques. En effet, toute cette "nouvelle" litt érature vise à augmenter la pr édiction des mod èles en limitant au maximum le risque de surajustement (overfitting), ou plus g én éralement le degr é de complexit é du mod èle statistique estim é. Au contraire, tout l'int ér êt de la m éthode de Lors du passage à un exercice de simulations, et une fois trouv ée une mani ère appropri ée de g én érer des d écisions al éatoires dans ce contexte (i.e., une adaptation du mod èle de [START_REF] Blavatskyy | A model of probabilistic choice satisfying first-order stochastic dominance[END_REF], il nous est apparu que des biais syst ématiques pouvaient survenir dans une situation assez vraisemblable. En effet, l'estimation de la forme de la fonction d'utilit é peut être syst ématiquement biais ée d'apr ès nos r ésultats lorsque le param ètre de bruit varie dans le processus d' élicitation des pr éf érences. Étant donn é que la distribution des r éponses est probablement asym étrique dans ce cadre-pour ne pas violer le principe de dominance stochastique-davantage de bruit à la fin du processus d' élicitation a également pour cons équence une probabilit é plus importante d'avoir des erreurs substantielles à la fin du processus et non au d ébut, biaisant l'estimation g én éralement obtenue dans le sens de la concavit é. Si le bruit diminue au cours de l'exp érience, le biais inverse est trouv é. 1.2 Construction de l'image de soi : entre bien-être et performance.

Les chapitres V et VI sont moins directement connect és que les pr éc édents, motiv és comme nous l'avons vu par le d éveloppement de l'approche des statistiques Bay ésiennes dans l' élicitation des pr éf érences en situation d'incertitude. Le premier chapitre de cette nouvelle partie-le chapitre V -traite du processus cognitif ayant lieu lors de l' évaluation du bien-être dans les questionnaires (e.g., les r éponses à des questions comme "sur une échelle de 0 à 10, à quel point êtes-vous satisfait de votre vie ?"). Le second chapitre de cette partie-le chapitre VItraite de la question de la position relative des parents dans leur environnement imm édiat sur leurs enfants. Nous pr ésenterons d'abord ces r ésultats en d étails dans les deux sections suivantes, puis nous tenterons de montrer que ces deux questions de recherche ont une th ématique cruciale en commun: celle de la formation de l'image de soi et de ses cons équences.

La question de recherche du Chapitre V peut être vue comme une cons équence des raisonnements men és dans le Chapitre IV et la d écouverte du questionnaire de personnalit é du LISS, dont sont issues plusieurs variables de contr ôles importantes du Chapitre IV : les traits de personnalit és et le bien-être, qui pouvaient influencer à la fois les pr éf érences politiques et les pr éf érences en situation d'incertitude. J'ai par la suite r éfl échi de mani ère plus approfondie au processus cognitif à l'oeuvre lorsque des individus r épondent à un questionnaire, et j'ai alors étudi é de mani ère plus syst ématique les variables trait ées dans le Chapitre IV comme des variables de contr ôle.

Notons que nous nous éloignons cette fois-ci du cadre Bay ésien d évelopp é dans la premi ère partie, à l'exception d'une application rapide d'un mod èle hi érarchique dans le Chapitre V. Bien que nous soyons convaincus par les ap-ports de cette approche pour l' économie comportementale, elle ne nous semble pas adapt ée à tous les types de sujets. Premi èrement, les statistiques Bay ésiennes restent exigeantes en termes de "co ût de calculs," essentiellement à cause de l'utilisation de MCMC. M ême si des progr ès ont pu être r éalis és ces derni ères ann ées, lorsque les bases de donn ées sont de taille cons équente, comme celles utilis ées dans les chapitres suivants, l'application 

Chapitre VI : "Mon p ère est meilleur que le tien"

La pr ésence d'une forte corr élation entre la r éussite scolaire d'une g én ération à l'autre est probablement le r ésultat le plus important de l' économie et de la sociologie de l' éducation (e.g. [START_REF] Becker | Human Capital[END_REF][START_REF] Coleman | Equality of Educational Opportunity[END_REF].

Cette relation, largement étudi ée dans la litt érature, est tr ès probablement attribuable à une multiplicit é de facteurs explicatifs. Les explications propos ées avant nous sont aussi diverses que l'h éritabilit é de pr édispositions sur le plan g én étique [START_REF] Bj Örklund | The origins of intergenerational associations: Lessons from swedish adoption data[END_REF]) ou l'acquisition de certaines performances cognitives en fonction du cadre familiale (Weisleder and Fernald, 2013). Nous proposons ici une nouvelle explication, compl émentaire des pr éc édentes et qui n'a certes pas vocation à les remplacer ou les contredire. Il s'agit du statut relatif donn é à un enfant du fait de la position relative de ses parents dans son environnement imm édiat, c'est-à-dire parmi les parents de ses pairs. Cette hypoth èse est motiv ée à la fois par une relecture des premiers travaux de Raymond [START_REF] Boudon | L'in égalit é des chances: la mobilit é sociale dans les soci ét és industrielles[END_REF] The nature of heterogeneity in risk attitudes: evidence from a high-stake experiment Abstract: Following recent advancements in Bayesian statistics in the field of decision under risk, we try to provide evidence that all heterogeneity in risk attitudes is driven by the heterogeneity in probability weighting. Our results indicate that participants in a high-stake experiment exhibit a homogeneous cognitive treatment of wealth but a heterogeneous treatment of probabilities. More specifically, most of the individual heterogeneity in risk attitudes seems to result from differences in the elevation of the probability weighting function. As an alternative to existing risk-preference elicitation procedures, we propose a targeted heterogeneity approach wherein only some elements in the models are estimated at an individual level. We argue that measurement procedures applied entirely at the subject level could mistake pure noise for heterogeneity in the distribution of some model parameters. This paper also proposes several methodological innovations to demonstrate its results, such as the use of both parametric and non-parametric methods for estimating risk preferences.

Introduction

Since its origin, the elicitation of risk preferences has been a key component in behavioral economics. Up until the mid-1990s, most empirical studies focused on the ability of dominant models to predict some paradoxes or anomalies (e.g., [START_REF] Kahneman | Prospect theory: An analysis of decision under risk[END_REF]. However, around the early 2000s, the focus changed to the elicitation and the test of the models on their structural or functional forms. 1 One of the main findings of this literature, and probably also one of the most robust, is that individuals considerably differ in their risk attitudes. The measurement of heterogeneity is straightforward, and it is typically assumed that all the decision model parameters of each subject are simply different. However, as pointed out for instance by [START_REF] Wilcox | Stochastic models for binary discrete choice under risk: A critical primer and econometric comparison[END_REF], decisions under risk have a strong stochastic component, and the set of individual observations in experimental data is generally too small to make the estimation of risk preferences precise or reliable. Thus, models are prone to overfitting and generate what we could call spurious heterogeneity or heterogeneity in the estimates caused only by noise. 2While there exists a large literature measuring heterogeneity in risk preferences through structural models, to our best knowledge, no study tried to explicitly test which features in the models are essential to capture heterogeneity and which ones could be seen as negligible. Moreover, we believe a systematic understanding of this issue could help to separate pure noise from genuine differences in the decision models of subjects. Using a traditional Rank-Dependent Utility (RDU) model and following a Hierarchical Bayesian Estimation (HBE) approach, we provide evidence that all heterogeneity in risk behavior can be attributed to the heterogeneity in the subjects' Probability

Weighting Function (PWF). When we assume a unique utility function among individuals, the predictive power of the RDU model remains identical, even for stakes that are relatively high according to experimental economics standards. Conversely, assuming a universal weighting probability function sharply reduces the predictive accuracy of the same model. According to our results, decision-makers (DM) could be considered homogeneous in their cognitive treatment of wealth but heterogeneous in their treatment of probabilities. Thus, we reconsider the standard elicitation of risk preferences made at an individual level, and we propose the notion of targeted heterogeneity,

where heterogeneity is driven only by some elements of the models.

This result seems consistent with the literature, and previous papers have already demonstrated that the parameters associated with the utility function generally have a low variance in the general population. For instance, [START_REF] Wakker | Prospect theory: For risk and ambiguity[END_REF] states "In general, probability weighting is a less stable component than outcome utility." This result can also be found, for instance, in Balcombe and Fraser (2015, p.184). However, we believe that the difference between those results and our approach is not trivial, as a low variance of the utility parameters does not logically imply that this one is less important in shaping heterogeneous risk attitudes, as small changes in some decision parameters can generate a considerable heterogeneity in decisions. Moreover, as parameters have antagonistic roles in decision-making (e.g., both the utility function and PWF can generate risk aversion), it seems impossible to know how well a feature can reproduce the heterogeneity observed in the data without keeping the other elements in the model constant.

To demonstrate our results, we introduce two more instrumental contributions. First, we investigate this question through both a classical parametric approach and a new non-parametric approach. Some well-known nonparametric methods have been proposed, such as in [START_REF] Hey | Investigating generalizations of expected utility theory using experimental data[END_REF] and [START_REF] Wakker | Eliciting von neumann-morgenstern utilities when probabilities are distorted or unknown[END_REF]. However these two approaches can be applied only to specific datasets. In contrast, we show that our method is flexible and can be applied to more general contexts with reliable results. Second, an additional contribution of this paper is to introduce a relatively new way of testing the predictive power of models. This procedure, inspired by the standard practices of machine learning and data sciences, enables us to discuss models' performance more qualitatively and not only through the statistical significance of a few tests. As we will see, this design is especially helpful in interpreting the results of a model competition study.

This paper proceeds as follows. First, we describe the different streams of literature that this paper brings together: the notion of heterogeneity in risk preferences, the non-parametric measurement of risk preferences, and the use of Bayesian statistics in decision sciences (Section 2). Then, we detail the methodology used in this study, more specifically, the elicitation of the risk preferences (Section 3) and the measurement of the predictive power (Section 4). We finally describe our results (Section 5) and, subsequently, the possible implications of this paper for further research (Section 6).

Background literature

Heterogeneity in risk preferences

The existence of substantial heterogeneity in risk attitudes is a well-established result in decision sciences. This point has already been underlined by early studies on the elicitation of risk preferences (e.g., Hey andOrme, 1994, Holt and[START_REF] Holt | Risk aversion and incentive effects[END_REF]. Despite the fact that individuals differ in their risk attitudes, we have reasons to believe that heterogeneity in risk preferences has been overstated in previous studies. As we show in the next section, shrinking individual parameters toward their median values through a hierarchical approach tends to significantly improve the predictive power of decision models and the reliability of their estimates (e.g., [START_REF] Nilsson | Hierarchical bayesian parameter estimation for cumulative prospect theory[END_REF]. In this paper, we push the analysis further, and we discuss the possibility that only one aspect of decision models could be driving the entire heterogeneity of the whole population. Therefore, we introduce the notion of targeted heterogeneity, a special case of continuous heterogeneity where only some aspects of the decision models are estimated at the individual level.

In terms of complexity, this approach constitutes an intermediate possibility between the restrictive representative individual hypothesis and the assumption that each agent has her own model.

Non-parametric measurement of risk preferences

In this study, we used both a non-parametric and a parametric approach. In the elicitation of risk preferences, each approach has limitations that, in fact, complement the other. On the one hand, the main limitation of the parametric elicitation method is its lack of flexibility, which could lead to deceptive results if the functional forms are misspecified.

On the other hand, the non-parametric approach may be sometimes prone to overfitting. Therefore, we suggest that a two-fold approach is especially relevant, one method constituting the most natural robustness check of the other.

To the best of our knowledge, there currently exist only two methods to elicit risk preferences without parametric assumptions: Hey and Orme's (1994) approach (HO) and Wakker and Deneffe's (1996) approach.

The Wakker and Deneffe's (1996) procedure, or Trade-off method, is based on successive adaptive decisions that determine equally spaced outcomes in terms of utility units, or utils, and consequently, the shape of the utility function. This technique has generated a considerable literature and has been successfully extended to such functions as the Probability Weighting Function [START_REF] Abdellaoui | Parameter-free elicitation of utility and probability weighting functions[END_REF]Bleichordt and Pinto, 2000), the Prospect Theory's value function [START_REF] Abdellaoui | Loss aversion under prospect theory: A parameter-free measurement[END_REF] and the Regret function [START_REF] Bleichrodt | A quantitative measurement of regret theory[END_REF]. Nevertheless, since this method relies on an adaptive experimental design, the choices proposed to the subjects depend on their previous answers, and this method cannot be applied to most datasets with risky decisions. This technique also suffers from several drawbacks; the procedure is generally not incentive-compatible [START_REF] Harrison | Risk aversion in the laboratory[END_REF], and its adaptive component can lead to error propagation issues [START_REF] Wakker | Prospect theory: For risk and ambiguity[END_REF]Deneffe, 1996, p.1148;Blavatskyy, 2006;[START_REF] Richard | Asymmetric noise and systematic biases: A new look at the trade-off method[END_REF].

A possible alternative to the Trade-off method is the HO approach. The HO strategy consists in treating different levels in the functions to elicit, such as the utility function, as parameters to estimate. For example, in the EU model, one can maximize the likelihood function with respect to the utility levels associated with each outcome in the database (e.g., the utility of 0, 10, or 100 dollars, euros, or experimental units). An apparent limitation of this technique is that it becomes unrealistic when the number of levels in the elicited functions is large. This is why the authors themselves apply a non-parametric analysis to the EU model but rely on parametric forms to estimate an RDU model (see below), that gives less degrees of freedom. Otherwise, without parametric specification, the estimates given by the maximum likelihood could be misleading: in that case, the likelihood function is generally complex, and the solutions found by optimization algorithms are sensitive to initial values. Thus, like the Trade-off method, the HO approach can only be applied to databases that come from experiments especially designed to use this method, which generally have a reduced number of possible outcomes. 3 Because of this, and while this technique is detailed in the seminal literature reviews on risk preferences [START_REF] Harrison | Risk aversion in the laboratory[END_REF][START_REF] Moffatt | Experimetrics: Econometrics for experimental economics[END_REF], it has been little used since its introduction. Some exceptions include Gonzalez and Wu (1999), Hey et al. In this paper, we return to the HO idea of treating different levels of the utility function as parameters, and we demonstrate that this method can actually be suitable to a large number of different outcomes if some elements from Bayesian statistics are added.

Bayesian statistics and decision sciences

The key aspect of Bayesian statistics is to treat the elicited parameters as random variables. As a result, the estimation of the parameters does not correspond to a precise value but to a credible distribution-or posterior distribution-given the observed data. By estimating a posterior distribution rather than precise values, some computational issues posed by the maximization algorithms in the non-parametric context can be avoided.

The posterior distribution of the parameters depends both on a prior distribution (generally vague) and on the choices made by the subjects. Then, the posterior distribution is provided by a Bayesian updating, such that the density of the posterior distribution in the case of a discrete predicted variable is

f post. (θ|x) ∝ P (x|θ)f prior (θ), (2.1) 
where θ is the vector of parameters, x is the set of observations, f prior (θ) is the density of the prior distribution, and

f post. (θ|x)
is the density of the posterior distribution. P (x|θ) corresponds to the likelihood, namely, the probability to observe x given the parameters θ. 4The introduction of Bayesian statistics in the field of decision making under risk can be attributed to [START_REF] Nilsson | Hierarchical bayesian parameter estimation for cumulative prospect theory[END_REF], who developed a Hierarchical Bayesian measurement of Prospect Theory parameters. 5 In a hierarchical approach, individual parameters are supposed to be drawn in the same prior distribution of parameters-called hyper-parameters-that have to be determined. This procedure allows collective inference since each subject contributes to the elicitation of hyper-parameters and thus, indirectly to the elicitation of the other subjects' parameters. assume that subjects are heterogeneous in the fixation of their reference point and measure the probability for each individual of following different reference-dependent decision models. [START_REF] Gao | Behavioral welfare economics and risk preferences: A bayesian approach[END_REF] extend this literature to the measure of the welfare impact of insurance decisions, using also an RDU model. Note, however, that Murphy and ten Brincke (2018) have shown that hierarchical models can also be implemented without Bayesian statistics and provide similar gains in terms of stability and predictive performance of the decision models.

We believe a hierarchical approach is especially important in our context. In the presence of a maximum likelihood approach at a subject level, an absence of loss in terms of predictive power or goodness-of-fit with the assumption of a unique utility function could have been seen as the simple effect of a form of regularization procedure, avoiding the risk of over-fitting inherent to a non-hierarchical approach when the number of individual observations is small. Thus, we think it is more convincing to compare a model with a unique utility function, or a unique PWF, to the most straightforward form of regularization found in the literature, namely the hierarchical approach. 6achievable, which constitutes a useful benchmark of predictive performance. 9This consistency rate can be employed to measure the "completeness" of decision models. In a recent study, [START_REF] Fudenberg | Measuring the completeness of economic models[END_REF] consider a theory as "complete" when its prediction errors correspond to irreducible errors, given the existence of a stochastic component in decision-making. A low predictive power is uninformative when it comes to the completeness of a theory, since it could correspond to the best performance that one can achieve with noisy data. Here, the consistency rate can be interpreted as determinant information for measuring the completeness of a theory, because any decision model assuming stable preferences during the experiment cannot provide an accuracy rate higher than the consistency rate. 10For the more technical aspects, the experiment was run on computers, and the order of the questions was randomized. The order of the choices presented to the subject-i.e., which option is considered as lottery A or lottery B -was also randomly selected. The experiment, including the reading of the instruction, was completed, on average, in 30 minutes by the participants.

Eliciting risk preferences

Rank-dependent utility theory

We apply our targeting approach of dealing with heterogeneity, which is developed in the next section, to one of the most prevailing theories of decision under risk: the Rank-Dependent Utility model. The Rank-Dependent Utility model was developed by [START_REF] Quiggin | A theory of anticipated utility[END_REF], and its primary objective is to capture the propensity for an individual to overweight or underweight probabilities in her decision process, without violating the stochastic dominance principle. 11In this model, the decision-maker evaluates different lotteries and then chooses her best option according to her preferences. Each lottery corresponds to a probability distribution over money. Here, x i refers to an amount of money, and p i refers to the probability that is assigned to the outcome x i . The lottery the subject has to evaluate is commonly denoted by the vector (p 1 : x 1 , ..., p n : x n ). This vector is presented here in decreasing order, such that

x i > x j for any i < j.

Compared with the EU model, in an RDU model, subjects do not only transform money into utility but also probabilities into decision weights. According to the RDU model, the decision-maker chooses the option that maximizes the following decision criterion:

U = n i=1 π i u(x i ) (2.2)
with

π i = w( i j=1 p j ) -w( i-1 j=1 p j ), (2.3) 
where u(•) designates the utility function and w(•) the probability weighting function.

The utility function is normalized, such that the highest outcome in the database corresponds to a utility of 1

and the lowest to a utility of 0. Similarly, we normalize the outcomes such that the highest outcome in the whole experiment (601 Lei) is now equal to 1 and the lowest (0 Lei) to 0.

In the parametric part of this study, we assume a traditional power specification of the utility function,

u(x) = x r , (2.4) 
with r > 0.12 For the PWF, we assume another classical functional form proposed by [START_REF] Prelec | The probability weighting function[END_REF], such that

w(p) = exp(-β(-log(p)) γ ). (2.5) 
In Equation 2.5, β determines the elevation of the function, while γ captures its curvature. Most especially, a γ inferior to one gives to the function the inverse-S shaped aspect generally found at an aggregate level. This decomposition is useful because, as explained in the Introduction, our results indicate that all heterogeneity in risk behavior can be attributed to the heterogeneity of the PWF. Thus, this distinction enables us to determine which specific element in the PWF, its elevation, or its curvature is essential for describing individual differences in risk attitudes.

For the non-parametric part of this paper, we estimate n different equally-spaced levels of the utility function and the PWF. For n = 3, for instance, we would determine u(0.25), u(0.5), u(0.75), w(0.25), w(0.5), and w(0.75). The intermediate values of the utility function and the PWF are inferred using a linear interpolation. If we write N = n + 1, then for an outcome x between (k -1)/N and k/N , its corresponding utility is given by the equation

u(x) = x -k-1 N k N -k-1 N (u k -u k-1 ) + u k-1 .
(2.6)

Similarly, for a probability p between (k -1)/N and k/N , its corresponding decision weight is given by

w(p) = p -k-1 N k N -k-1 N (w k -w k-1 ) + w k-1 .
(2.7) Therefore, the shape of the two functions depends on two vectors, θ u = (u 0 , u 1 , ..., u N ) and θ w = (w 0 , w 1 , ..., w N ).

Thus, u 0 designates the utility of the worst possible outcome in the experiment (normalized to 0), and u N refers to the utility of the best possible outcome in the experiment (normalized to 1). Likewise, w 0 and w N are defined such that w 0 = w(0) = 0 and w N = w(1) = 1. The utility and the PWF can be then rewritten as

u(x) = N k=1 min{max{N x -(k -1), 0}, 1}(u k -u k-1 ), (2.8) 
and

w(p) = N k=1 min{max{N p -(k -1), 0}, 1}(w k -w k-1
).

(2.9)

Defining appropriate priors

As stated in the previous sections, using Bayesian statistics requires assuming a prior belief on the parameters' distribution. These prior distributions are relatively straightforward to define for the parametric part of this study. As there exists a positivity constraint on all the individual parameters (r, γ, and β), we assume that they are drawn from a log-normal prior distribution with log r ∼ N (µ r , σ r ), log γ ∼ N (µ γ , σ γ ), and log β ∼ N (µ β , σ β ). The position and dispersion hyper-parameters, µ ⋆ and σ ⋆ , have a normal and an inverse-gamma distribution, respectively, as hyper-priors. These hyper-priors are diffuse and uninformative.

Defining appropriate priors is more challenging in the non-parametric approach and requires more details. In this case, there exists two different but interdependent problems. Supposing a hierarchical model, the first issue is to define a relevant hyper-prior on the hyper-parameters; the vectors θ * u = (u * 0 , u * 1 , ..., u * N ) and θ * w = (w * 0 , w * 1 , ..., w * N ).

θ * u or θ * w correspond to the levels of the utility and the PWF of the population on average, such that we penalize the elicited parameters far from those values. Therefore, θ * u and θ * w mostly correspond to the non-parametric counterpart of the position parameters µ ⋆ for the parametric study. The second problem is to determine a prior that penalizes individual estimates far from the hyper-parameters.

Let us start by solving the first issue, namely, the definition of an appropriate hyper-prior for the hyperparameters θ * u and θ * w . The first proper characteristic required for our hyper-prior distribution is to have a null joint-density for any non-increasing sequence of θ * u or θ * w . Otherwise, the hyper-parameters would implicitly correspond to a non-increasing utility function or PWF, and thus to a DM that could prefer stochastically dominated options.

The second important property is to assume a prior distribution that does not favor either convex or concave forms. Thus, another criterion is that the prior should be centered on linear functions, such that the utility and the probability weighting levels have the following expected values:

E(u * k ) = k/N and E(w * k ) = k/N,
for any k ∈ {1, ..., N -1}. The last property is to have a prior distribution vague enough such that it is possible to recover any shape of the utility or of the PWF for a large number of observations.

The solution we propose in this paper is to define this hyper-prior sequentially. First, we fix n levels for each function, with n = 2 K -1 (or N = 2 K ) and K any natural number. Then, we assume that the "middle levels", u * N/2 and w * N/2 , follow a uniform distribution of parameters 0 and 1. This prior reflects our general ignorance about the overall shape of the functions. From the first distribution on the hyper-priors, we define the prior distribution of two additional intermediate utility levels as

     u * N/4 |u * N/2 ∼ U(0, u * N/2 ) u * 3N/4 |u * N/2 ∼ U(u * N/2 , 1), (2.10) 
and we define w * N/4 and w * 3N/4 similarly. With a second iteration of this process, we can also define four additional intermediate levels : We stop this process at three iterations, and we keep 7 points for each function (which also corresponds to N = 8). According to our estimates, limiting ourselves to n = 7 seems sufficient to obtain a reliable measurement of the utility and of the PWF. We can verify without demonstration that the expected values of the utility and probability weighting levels do not bias the estimates toward concave or convex forms, and that the density of any non-increasing sequence of utility or probability weighting levels is null. Also, as indicated in Figure 2.3, the distribution eventually obtained can be qualified as uninformative. Now, we propose a strategy to penalize individual estimates that are distant from the functions denoted by θ * u and θ * w . As above, we reason sequentially, and we assume, as a prior for u N/2,j , the middle utility level of the subject j, a

                 u * N/

The error model

To estimate the parameters of an RDU model using Bayesian statistics, we have to assume an error model that specifies the probability of choosing a particular option, given the utility and the probability weighting functions of a subject. Throughout this paper, we suppose a standard logit specification with an additional tremble parameter, where the probability of choosing an option B over an option A is given through

P (X = B) = ω/2 + (1 -ω) e U B /ξ e U A /ξ + e U B /ξ , (2.13) 
where U A and U B are the deterministic utilities of the options A and B (given by the RDU model, see Equations 2.2 and 2.3), and ξ and ω are two noise parameters. 13Individual ξ are assumed to be drawn in the same log-normal distribution. For the sake of simplicity, and to avoid possible identification issues with ξ, we also assume that the tremble parameter is universal. As ω is likely to be relatively small, we define its prior through a beta distribution of parameters 1 and 9, following recommendations from Kruschke (2015, p. 621). Note that additional noise specifications will also be considered in the robustness checks, with similar results. The model was estimated using JAGS, and the details of the Markov Chains Monte Carlo (MCMC) are introduced in Appendix F.

Testing the predictive power 2.4.1 The importance of the predictive power in decision sciences

Before introducing the evidence that all heterogeneity in risk attitude can be attributed to the heterogeneity in probability weighting, we should explain another relative innovation of this study with respect to the rest of the research on decisions under risk.

As stated in Introduction, comparing the statistical performance of structural models of decision-making, or model competition, is a widespread approach in behavioral economics for evaluating theories. The earliest theory competitions using the functional forms of the models of decisions under risk were Camerer and Ho (1994), Hey

and Orme (1994), and Loomes and Sugden (1995). This approach has been especially employed to study models of error 14 but has also been extended to various issues such as decisions under ambiguity 15 or time decisions 16 .

However, as Hey et al. (2010) state, in those competitions, "statistical significance tells us nothing about economic significance. Nor does it tell us whether the increase in statistical predictability is worth the reduction in theoretical parsimony." (p.83). Given the importance of this approach, it is surprising that, until now, the characterization in absolute terms of the predictive power of the models has not been a primary issue, as it would be interesting to know whether a difference in terms of predictive accuracy or goodness-of-fit between two models corresponds to, for instance, a difference between an excellent model and a poor model, or a difference between a fair model and a poor model.

This eventually constitutes a paradoxical situation: while the insufficient predictive power of the standard theory is often given as a primary reason for the development of behavioral economics, far too little attention has been paid on the qualitative and absolute assessment of the models' predictive power. Gl öckner and Pachur (2012) and

Peysakhovich and Naecker (2017) are two exceptions, but it should be noted that their manner of measuring the quality of predictions significantly differs from ours.

To deal with the predictive power of the behavioral models in-depth, we adopt the standard approach from machine learning, an area in which the issue of prediction is crucial. Nowadays, the idea that machine learning will transform the practice of econometrics and applied economics is widespread. 17 In this section, we argue that the methodology usually recommended in machine learning to assess the predictive performance of models can be particularly suitable for model competitions in decision sciences. 18 In comparison with most of the literature on risk-preferences and related topics, the key differences in this approach are (1) the choice of the indicators of predictive performance that possess a qualitative interpretation and (2) the existence of a train set/test set distinction (the second point is already present in several papers such as Wilcox, 2011).

Indicators of predictive performance

The simplest of the predictive indicators used in this study is probably the accuracy rate, or hit rate, but it can also be very misleading. It is well-known that for imbalanced data, it is easy to reach a high accuracy rate with a simple random guess. 19 However, it is worth noting that the accuracy rate can be even more problematic when using lottery choices data. While the data might appear to be balanced at the aggregate level with an almost equal distribution of risky choices and safe choices for the whole database, the dataset of each subject is generally imbalanced, as the population is heterogeneous in terms of risk preferences. As models are estimated at an individual level, computing the aggregate accuracy rate on the whole dataset is no different from computing the mean of the individual accuracy rates. Consequently, even though the aggregate accuracy rate can be seen as relevant at first glance, it only corresponds to the mean of accuracy rates obtained using imbalanced data, and, thus, to the mean of irrelevant indicators of predictive performance. Therefore, the accuracy rate will only be given as a complementary piece of information, and to compare it to the consistency rate (see above). There exists a vast literature on predictive performance measures, and multiple indicators more relevant than the hit rate have been developed. 20 The ones that we introduce in this paper avoid the biases linked to imbalanced data issues.

The second indicator that we use is Cohen's kappa [START_REF] Cohen | A coefficient of agreement for nominal scales[END_REF], a statistic initially designed to measure the degree of agreement between two judges or experts, that has been generalized to the measurement of the adequacy between predictions and observations. Its formula is

κ = accuracy rate -p e 1 -p e , (2.14) 
where p e is the probability of being correct only by chance, p e = P (prediction = 1)P (observation = 1) + P (prediction = 0)P (observation = 0).

Thus, Cohen's kappa is found between -p e /(1-p e ) and 1. The following scale is often given in machine learning textbooks for the interpretation of this indicator (see for instance Lantz, 2015, p. 323):

• κ < 0: Disagreement 

M CC =

T P × T N -F P × F N

(T P + F P )(T P + F N )(T N + F P )(T N + F N ) , (2.15) 
where T P , T N , F P and F N are the True Positive, True Negative, False Positive and False Negative rates, respectively. The MCC is defined between -1 and 1 and can be interpreted on the same scale as a standard correlation coefficient.

Estimation of predictive power

To test the predictive accuracy of a model, it is preferable to measure the adequacy between predictions and observations on a dataset that has not been used for training the model. Otherwise, it is not the predictive performance of a model that is measured, but its capacity to rationalize a given dataset, thereby favoring complex models prone to overfitting. Thus, one-fifth of the data were reserved to measure the predictive accuracy (1933 observations in total, between 12 and 16 observations per subject). 21 Except for the accuracy rate, predictive performance measures can differ depending on the manner in which we define the variable to predict. In this study, we measure our indicators using the dummy variable that takes 1 when the DM chooses the "risky option" over the "safe option" and 0 otherwise. 22To make predictions from the estimates, we use the posterior predictive distribution, such that the probability of taking the risky option is given by

P (X = 1) = θ∈Θ P (X = 1|θ)f post. (θ)dθ. (2.16) 
In our setup, we can use the indicators of predictive performance introduced in the previous section in two ways:

• First, by considering the data as a whole and then measuring the predictive power on the entire test set.

• Second, by considering each subject independently and studying the distribution of the indicators over the individual test sets.

For this reason, the Tables below present the predictive performance measures at the aggregate level, as well as the medians of individual Cohen's kappas. 23 From this baseline model, the dispersion of the individual estimates seems already more pronounced for the PWF parameters log γ and log β compared with the utility parameter, log r. However, this result is not sufficient to conclude that the heterogeneity in risk behavior is driven by the heterogeneity of the PWF, a conclusion we will more formally demonstrate below.

Model competition and main results

We now introduce the main result of this paper, namely that the probability weighting function appears to drive all the heterogeneity in risk attitudes. To do so, we compare the performance of the baseline RDU model measured above with that of two constrained RDU models in predicting the experimental choices made by the subjects. The first of those constraints is the existence of a unique utility function, and the second, the existence of a unique PWF.

In other words, we assume in the first case that all individual heterogeneity in terms of risk attitudes is driven by the PWF, while in the second case, all individual heterogeneity can be attributed to the utility function.

Following [START_REF] Wilcox | stochastically more risk averse:'a contextual theory of stochastic discrete choice under risk[END_REF], we add the out-of-sample log-likelihood and the p-value of a Vuong test to the different predictive performance indicators introduced in the previous section. Each Vuong test in Tables (2.2) and (2.3) is performed in comparison with the baseline RDU model. We also add to these results the performances of an EU model and a Dual Theory model [START_REF] Yaari | The dual theory of choice under risk[END_REF]. The Dual Theory (DT) describes a special case of RDU models where the utility function is linear. Thus, the DT corresponds to the exact opposite of the other noticeable special case of the RDU models, the EU model, that implicitly adopts a linear probability weighting function.

Tables (2.

2) and (2.3) reveal that the constraint of a unique PWF significantly decreases the predictive performance of the RDU model, while the same restriction applied to the utility function does not have a similar effect.

Conversely, when a universal utility function is assumed, the predictive power tends to be higher, although this increase is not statistically significant. Moreover, both the unconstrained RDU model and the RDU model with a unique utility function have a predictive performance that can be described as fair or moderate. In contrast, the predictive performance of the RDU model with a unique probability weighting function may only be characterized as Note: The signification of the columns "Kappa," "MCC," "Acc.," "Median kappa," "Log-likelihood," and "Vuong test" remain the same as in Table (2.2). In the constraint column, "Unique utility + Unique Sensitivity" means that the individuals share the same r and γ parameters while "Unique utility + Unique Elevation" means that the individuals share the same r and β parameters.

poor. 24 This result is confirmed both in the parametric and non-parametric studies. 25 Consequently, heterogeneous probability weighting seems crucial to capture systematic differences in risk attitudes, while the utility function does not seem to possess similar importance. The unique utility functions we obtain in the parametric and non-parametric studies are described in Figure 2.5. As expected, the utility function is, in both cases, increasing and mildly concave.

In the case of the parametric study, we can now deepen our analysis and test additional constraints on the parameters by measuring the performance of two models, by assuming (1) a unique utility function and a unique curvature parameter γ and (2) a unique utility function and a unique elevation parameter β. When a unique curvature parameter γ is assumed, the quality of the prediction decreases only moderately. Conversely, assuming a unique elevation parameter β makes the predictive performance of the RDU model almost as low as that of the EU model.

The heterogeneity of risk attitudes is thus driven mainly by the heterogeneity in the elevation of the PWF, classically interpreted as optimism and pessimism (e.g., [START_REF] Wakker | Prospect theory: For risk and ambiguity[END_REF], and not by the heterogeneity in the shape or curvature of that same function. As most heterogeneity in risk attitudes is due to the probability weighting function, it is not surprising to find that the Dual Theory performs well on this dataset, while the EU model displays poor predictive performances. Note, however, that the performance of the Dual Theory does not imply that the utility function is linear, a hypothesis that is rejected both in our estimates (see Figure 2.5) and by a Vuong test (see Tables (2.2) and

(2.3)).

The most predictive models studied here reach a level of predictive accuracy close to the "completeness" level, as defined above. The unconstrained RDU and the "unique-utility RDU" models, parametric or non-parametric, provide an accuracy rate around 70%, slightly above the observed consistency rate. 26 From these results, we can also confirm that the non-parametric methodology gives reliable estimates despite its high degree of flexibility and its risk of overfitting. 27We believe our results also confirm the relevance of our methodology based on the qualitative assessment of predictive power, which extends beyond the issue of statistical significance. A Vuong test alone, for instance, is not sufficient to characterize the importance of the disparity in terms of predictive accuracy between two models.

The qualitative differences between the performances of our models appear here not only as statistically significant but also economically significant. By analyzing the predictive performance qualitatively, we can also underline the considerable noise in the decision process of subjects that face risky choices since the best predictive performance achievable seems, at best, moderate.

RDU model. The prior and hyper-prior distributions are the same as those in the previous sections. The probability for the baseline RDU model to be true is inferior to 0.001, and thus our estimates still strongly support that the utility function is stable among subjects.29 

Robustness to additional specifications

We also check the validity of our results exploiting two alternative noise specifications: the classical logit specification without the tremble parameter (see Equation 2.13) and the heteroscedastic specification proposed by [START_REF] Wilcox | stochastically more risk averse:'a contextual theory of stochastic discrete choice under risk[END_REF].

In the Wilcox's heteroscedastic specification, or Contextual Utility model, the noise parameter ξ in Equation 2.13 becomes a function of the lottery choice options, labeled A and B, such that

ξ(A, B) = ξ • (u max (A, B) -u min (A, B)), (2.18) 
where u max (A, B) is the utility of the best outcome possible in the lotteries A and B, u min (A, B) the utility of the worst outcome possible, and ξ is a new parameter to be estimated. Thus, with this specification, choices that have an important gap between the worst and the best outcomes, also generate more incertitude in decision-making.

We demonstrate in the appendices that with those new noise structures, the predictive performance of the models remains stable across specifications, and our conclusions remain unchanged. 30Regarding the other robustness checks, we focus on the RDU model with a unique PWF, and we verify that its low predictive performance is not due to a misspefication. We test two additional prior distributions on r for the RDU model with a unique PWF: a normal distribution truncated at 0, and a gamma distribution. In each of these specifications, the predictive power of the RDU model with a unique PWF remains unchanged and is largely inferior to both the performance of the baseline RDU model and to an RDU model with only a unique utility function. We also test whether other functional forms of the utility function could provide a better predictive performance. More precisely, we use an expo-power utility function, as proposed by [START_REF] Saha | Expo-power utility: A 'flexible'form for absolute and relative risk aversion[END_REF], and a utility function that has the same functional form as our PWF (see Equation 2.5). The purpose of this latter specification is to take into account that the importance given to the PWF over the utility function in our results might only reflect the flexibility of the functional form proposed by Prelec (1998). 31 As before, the results obtained with these two new specifications of the utility function do not affect our conclusions (see Appendix C and D).

Possibility of a reference-dependent behavior

As already stated, the database used here was initially designed to test different reference points in decisionmaking under risk-such as the status quo or the stochastic reference point proposed in the K őszegi-Rabin model (K őszegi and [START_REF] Rabin | A model of reference-dependent preferences[END_REF]. Thus, there could exist a misspecification of our own statistical design if the participants have indeed reference-dependent preferences and not the basic RDU model assumed above. The first counterargument against a misspecification of our model is that, as we have already seen, the RDU model appears as a "complete theory" in the sense of Fudenberg et al. ( 2022), since the accuracy rate of our highest-performing models is equivalent to the consistency rate. Thus, no significant gains in terms of predictive accuracy can be achieved through new and more complex decision models.

Nevertheless, this question is investigated in further detail in Appendix E where we revisit some of the results from [START_REF] Baillon | Searching for the reference point[END_REF]. In particular, we show that the evidence for reference-dependent behaviors in this database can be reevaluated. We demonstrate more specifically that with the noise specification we proposed in this study, a mixture model of different reference-point rules gives a lower statistical performance than a simpler RDU model (as measured by the DIC). Moreover, the RDU model, or the status quo reference point, was already considered by [START_REF] Baillon | Searching for the reference point[END_REF] in their conclusions as the most widespread model of decision under risk among the subjects. Therefore, we may conclude that the decisions not explained by the RDU model most likely reflect pure noise.

Discussion and further research

The possibility of a utility function stable among individuals has numerous implications. From a theoretical point of view, the idea that heterogeneity in risk attitudes is a matter of optimism or pessimism contradicts the idea that the EU theory could constitute even a relevant approximation of true risk preferences. According to our results, the PWF is more than a simple auxiliary feature that improves the descriptive performance of the standard model.

Since the PWF is, by definition, missing from the EU theory, this model can only mischaracterize the very nature of the heterogeneity in risk attitudes. This mischaracterization can be particularly harmful when the EU model is used to provide welfare evaluation, which is in general very dependent on the shape of the utility function (e.g., Harrison

and Ng, 2016). Moreover, assuming a unique utility function could make behavioral economics models' applications more tractable, especially in situations involving several interacting agents or individuals.

From an empirical point of view, our targeted heterogeneity approach constitutes a reliable alternative to what we could call the "one individual, one model" approach. By targeting heterogeneity only in some aspects of the model, estimates could also become more readable. In the context of decisions under risk, for instance, the optimism or elevation parameter can be used as a unique indicator of risk aversion, even when facing a non-EU model.

Currently, the only alternative approach to obtain a unique indicator of risk attitude when there are multiple decisions to aggregate is to assume an EU model with one risk aversion parameter, even when it fits the data poorly-which is, as we have seen above, often the case. 32 Our targeting heterogeneity approach could be especially useful in measuring risk preferences on field or survey data, where the number of questions is typically low and the risk of overfitting is especially high.

Moreover, we believe that the key role of the elevation of the PWF in explaining risk attitudes constitutes an important result in itself. Indeed, a considerable number of papers in decision sciences adopt as their main specification, or even as their only specification, functional forms not allowing for the elevation of the PWF to vary (e.g. Given these results, it could be tempting to assume further implications with normative purposes. If all the subjects share the same utility function, and if probability weighting is considered as a rationality bias, then for each choice there should exist an ideal decision that every subject should adopt. However, this perspective was not considered in this paper for at least two reasons. The first is that probability weighting is not universally interpreted as an irrational feature; for instance, Harrison andNg (2016, 2018) and Gao et al. ( 2022) use an RDU model to measure the welfare gains from insurance decisions. Second, it is not certain that the utility function that describes the best risk attitudes is also the most relevant to describe welfare gains or well-being. Finally, the subjects of this study were essentially composed of students from the same university, and it is unknown if more heterogeneous utility functions could be found on a sample more representative of the general population. The results found here could also be influenced by the nature of the decision task (i.e., binary decisions), as the experimental procedure may affect the distribution of the structural parameters in decision models (e.g., Hey et al., 2009).

Regarding our methodological contributions, we proposed several innovations to demonstrate our results, and this paper could also constitute a blueprint for new research questions. This is particularly true concerning our non-parametric statistical design, which is adaptable to other error structures (e.g., [START_REF] Blavatskyy | A model of probabilistic choice satisfying first-order stochastic dominance[END_REF] and to other decision models (e.g., [START_REF] Bell | Regret in decision making under uncertainty[END_REF][START_REF] Loomes | Regret theory: An alternative theory of rational choice under uncertainty[END_REF][START_REF] Gul | A theory of disappointment aversion[END_REF], or K őszegi and [START_REF] Rabin | A model of reference-dependent preferences[END_REF]. The framework proposed here could also be useful for topics concerning decision-making in general, beyond the issue of risk preferences. An extension of this methodology to ambiguity attitudes, for instance, would be relatively straightforward, by exploiting the similarities of the RDU model and the "Choquet-Expected Utility" model (see [START_REF] Wakker | Prospect theory: For risk and ambiguity[END_REF].

Our non-parametric approach could be helpful, even for studies that opt for parametric strategies, in two different ways. One is ex ante, in which our design could be employed for choosing a relevant functional form, which could be selected depending on the shape of the functions found non-parametrically at an aggregate level (e.g., from the representative agent estimates). The other is ex post; in this case, our non-parametric approach could serve as a robustness check, since the parametric forms that are clearly outperformed by the non-parametric method are likely to be misspecified.

Conclusion

Following the increasing interest being paid to Bayesian statistics in decision sciences during the last decade, we developed a new methodology to determine what drives heterogeneity in risk attitudes. This procedure is innovative in several ways. First, we apply both parametric and non-parametric approaches to test our hypotheses. Second, we measure the predictive performance of the models under consideration not only in relative, but also in absolute terms. Our results reveal that most of the heterogeneity in risk behaviors can be attributed to heterogeneity in probability weighting. More precisely, the variety of the risk behaviors generally observed in the laboratory is largely explained only by differences in the elevation of the probability weighting function among individuals.

Our results seem determinant in at least two aspects. First, it demonstrates all the dangers of overfitting in estimating risk preferences, since spurious results, such as the existence of heterogeneity in the utility function, may only correspond to pure noise. The issue of overfitting in the estimation of risk preferences has only been considered in a handful of papers in decision sciences and, yet, according to our findings, should no longer be ignored. Second, our findings contradict the idea that the expected utility model could be considered as a relevant approximation of true risk preferences. Given our results, when interpreting the RDU model, the PWF should not be regarded simply as an auxiliary feature that increases the goodness-of-fit of the standard theory, but can be considered as the key element making individuals more or less risk-averse. 

Appendices to Chapter II

2.A.2 Non-Parametric Study

Accuracy rate Notes: This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters that are estimated at a subject-level) and of the posterior distribution (for the parameter that is common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion.

The estimates are obtained using the complete dataset (with no train set/test set distinction). that are estimated at a subject-level) and of the posterior distribution (for the parameters that are common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion. The estimates are obtained using the complete dataset (with no train set/test set distinction). Notes: This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters that are estimated at a subject-level) and of the posterior distribution (for the parameters that are common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion.

Unique utility RDU model

Unique PWF RDU model

The estimates are obtained using the complete dataset (with no train set/test set distinction). that are estimated at a subject-level) and of the posterior distribution (for the parameters that are common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion. The estimates are obtained using the complete dataset (with no train set/test set distinction). Notes: This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters that are estimated at a subject-level) and of the posterior distribution (for the parameter that is common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion.

Unique utility and unique sensitivity RDU model

Unique utility and unique elevation RDU model

The estimates are obtained using the complete dataset (with no train set/test set distinction). Notes: This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters that are estimated at a subject-level) and of the posterior distribution (for the parameter that is common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion.

EU model

The estimates are obtained using the complete dataset (with no train set/test set distinction).

2.B.2 Non-parametric study

Baseline RDU model Notes: This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters that are estimated at a subject-level) and of the posterior distribution (for the parameter that is common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion. The estimates are obtained using the test set only. Notes: This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters that are estimated at a subject-level) and of the posterior distribution (for the parameters that are common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion.

Unique utility RDU model

The estimates are obtained using the test set only. Notes: This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters that are estimated at a subject-level) and of the posterior distribution (for the parameters that are common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion.

Unique PWF RDU model

The estimates are obtained using the test set only. Notes: This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters that are estimated at a subject-level) and of the posterior distribution (for the parameter that is common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion.

Dual model

The estimates are obtained using the test set only. Notes: This table summarizes the indicators of predictive power obtained with additional parametric assumptions for the model with a unique probability weighting function. We changed the specification first of the prior on the r parameter and then, the parametric form given to the utility function.

2.C Robustness to the noise structure

2.D Robustness to additional specifications

2.E Comments on Baillon et al. (2020)

This section aims to discuss the results from Baillon et al. (2020), and the relevance for us to adopt a simple Rank-Dependent Utility (RDU) model to describe the data rather than reference-dependent behavior models.

As already mentioned in our paper, [START_REF] Baillon | Searching for the reference point[END_REF] elicit a Prospect Theory model with heterogeneous reference points (rp from now). Then, they classically suppose the prospect theory's value function :

v(x) =      (x -rp) r if x < rp -λ(rp -x) r otherwise, (2.19) 
with λ the classical parameter of loss aversion, a r a positive parameter that determines the curvature of the value function. Subjects are supposed to follow a particular rule to fix their reference point, with :

• Rule 1 : the status quo, with a reference point at 0 (implicitly an RDU model, [START_REF] Quiggin | A theory of anticipated utility[END_REF].

• Rule 2 : the "MaxMin" rule, where the reference point is the maximum of the minimal outcomes of the two lotteries.

• Rule 3 : the "MinMax" rule, where the reference point is the minimum of the maximal outcomes of the two lotteries.

• Rule 4 : the "X at P max" rule, where the reference point is the outcome that has the highest probability in the two lotteries.

• Rule 5 : the EV rule, where the Expected Values of the lotteries are also their reference points.

• Rule 6 : the KR rule, where the reference point is the lottery itself, using a stochastic reference point (K őszegi and [START_REF] Rabin | A model of reference-dependent preferences[END_REF] The prospect theory's value function is then added to the Expected Value of the lottery to obtain the total utilitythat depends, consequently, on the sum of a "rational part" and of a reference-dependent part.

We According to our results, the posterior distribution indicates that half of the individuals follow the RDU model, and this model seems overwhelmingly dominant in the population. Moreover, we see that the goodness-of-fit of an RDU model, as measured by the deviance information criterion, is higher for an RDU model than for the mixture model [START_REF] Baillon | Searching for the reference point[END_REF] propose. While this short comment is not sufficient to conclude to the absence of referencedependent behaviors in this context, the RDU hypothesis we use seems to be at least a relevant approximation of the true decision model adopted by most subjects. 

2.F Details of the MCMC

We use JAGS in R to compute our estimation of the Bayesian models. As one could expect, the models that exhibit poor predictive power may also give convergence issues. This is why we adopt different numbers of iterations in the Gibbs sampling used in JAGS depending on the model under consideration.

• Parametric studies (main paper):

- • Parametric studies (robustness checks):

-Baseline RDU model, RDU with a unique utility function model: 3 chains, 6000 iterations with 2000 iterations in burn-in, and on iteration out of four kept in the final sample.

-RDU with a unique PWF model: 3 chains, 24000 iterations, with 2000 iterations in burn-in and one iteration out of sixteen kept in the final sample.

• Non-parametric:

-Baseline RDU model, RDU with a unique utility function model, Dual model: 3 chains, 8000 iterations with 2000 iterations in burn-in and one iteration out of six kept in the final sample.

-RDU with a unique PWF model and EU model: 3 chains, 16000 iterations, with 4000 iterations in burn-in and one iteration out of twelve kept in the final sample.

• Chapter 3

Asymmetric noise and systematic biases:

A new look at the Trade-Off method Abstract: This paper investigates the role of error propagation in one of the most popular risk preferences elicitation procedures: the trade-off method. This paper shows that the reasonable hypothesis of an asymmetric distribution of the answers can generate a systematic bias in the estimation of the utility function.1 

Introduction

In an influential paper in decision theory, Wakker and Deneffe (1996) introduced a method to elicit utility functions without any parametric assumptions: the Trade-Off method (TO). This paper has generated a vast amount of literature, and several extensions of this method, concerning probability weighting (e.g., [START_REF] Bleichrodt | A parameter-free elicitation of the probability weighting function in medical decision analysis[END_REF] or loss aversion (e.g., [START_REF] Abdellaoui | Loss aversion under prospect theory: A parameter-free measurement[END_REF], constitute some of the most prominent studies in decision sciences of the last two decades.

The TO method relies on a series of adaptive decision tasks. In each of these tasks, the experimentalist asks the subject the amount x i that makes her indifferent between the lottery (p : x i , 1p : r) and the lottery (p :

x i-1 , 1 -p :
R), with, p, r, and R some constants (R > r), and x i-1 the amount previously elicited. By setting an initial x 0 > R at the beginning of this procedure, we obtain a sequence of outcomes that are equally spaced in utility units. In other words, all the x i found with this method are such that u(x 1 )u(x 0 ) = u(x 2 )u(x 1 ) = u(x 3 )u(x 2 ), and so on. By normalizing this utility function with u(x 0 ) = 0 and u(x n ) = 1 without loss of generality, it results that u(

x k ) = k/n,
where k is any natural number between 0 and n.

Despite its fruitfulness for decision sciences, this method has a significant drawback, already underlined by [START_REF] Wakker | Eliciting von neumann-morgenstern utilities when probabilities are distorted or unknown[END_REF] themselves: the error propagation problem. Since the decisions are chained, an error in the estimation of the first utility levels leads to a systematic error in the remainder of the function. However, if this problem exists for the precise elicitation of the risk preferences of a particular agent, it is accepted (at least tacitly) that it does not induce a systematic bias in the estimation of the utility functions of the whole population.

Nonetheless, we will show here that the error propagation issue cannot be ignored when the distribution of the errors in each iteration is not symmetric. The hypothesis of an asymmetric distribution appears to be realistic since, in this procedure, the answers x i are bounded to the left by x i-1 , but not to the right. Indeed, if the subject is attentive enough, it is impossible she selects a number less than x i-1 , which would lead to a violation of stochastic dominance. However, there is no a priori maximal limit on the x i she can choose.

The asymmetric distribution hypothesis has two consequences for the TO method. First, under weak assumptions, the median answer must be different from the expected answer, with a median answer lower than its expected value. Second, and as a result, the outcomes of the elicitation procedure can be very sensitive to the evolution of the noise during the experiment.

The existence of a difference between the mean and the median

Let us suppose that the subject's true answer, given her true preferences, is x * , and x is her actual answer. Now, we define the mistakes as the absolute differences between the actual answers and the true answers given the subject's preferences. Then, the probability of making a severe mistake is more likely to be an overestimation of the "right" answer rather than an underestimation.

Here we will capture the asymmetry of the distribution through the ratio

Λ(t) = P(x > x * + t) P(x > x * + t) + P(x < x * -t) . (3.1) 
For each t > 0, this ratio gives the probability to overestimate the value of x, given that the subject has made a mistake of at least t. We can reasonably assume that this ratio increases in t since Λ(t) is probably close to 0.5 for moderate values and is necessarily equal to 1 for a t sufficiently large.

Now let us introduce the following two hypotheses:

H1 The unbiased median hypothesis:

For F (•) the C.D.F. of x, F (x * ) = 1 2

H2

The asymmetry function hypothesis: The function Λ(t) increases on R + :

Λ(t) ≥ Λ(t ′ ) if t > t ′ ≥ 0 and ∃(t, t ′ ) ∈ R * + 2 , t > t ′ , Λ(t) > Λ(t ′ ).
We now obtain the following proposition Proposition 1: If we suppose H1 and H2, then the expected value of the answer (E(x)) is different from the value of the x that makes the subject indifferent between the two lotteries (x * ) with E(x) > x * (see the proof in Appendix A).

This theorem justifies our use of biased expected responses in the stochastic models in our simulations.

Simulations

This section aims to recover the shape of the utility functions of 1000 simulated expected value maximizers with the TO method. To simulate the data, we have chosen an adaptation of the stochastic model of decision-making proposed by [START_REF] Blavatskyy | A model of probabilistic choice satisfying first-order stochastic dominance[END_REF] that satisfies first-order stochastic dominance.

According to [START_REF] Blavatskyy | A model of probabilistic choice satisfying first-order stochastic dominance[END_REF], the probability for an individual to choose a lottery A over a lottery B is given by the equation

P(A ≻ B) = φ(U A -U l ) φ(U A -U l ) + φ(U B -U l ) (3.2)
where U A and U B are the deterministic utilities of the options A and B, and U l is the utility of the best lottery dominated both by A and B. We take one of the functional forms proposed by [START_REF] Blavatskyy | A model of probabilistic choice satisfying first-order stochastic dominance[END_REF] with φ(x) =

x λ , where λ is a positive parameter that captures the propensity of an individual to make mistakes. 1/λ can be interpreted as a noise parameter. Now, to make the connection between the model proposed by [START_REF] Blavatskyy | A model of probabilistic choice satisfying first-order stochastic dominance[END_REF], which is designed for binary choices, and the distribution of our x i , we must make an additional assumption. We suppose individuals display consistent (stochastic) preferences across elicitation procedures. More formally, we assume that the probability of choosing (p : xi , 1p : r) over (p : x i-1 , 1p : R) is equal to the probability that xi is above the response x i . The key idea here is that if xi is above the subject's response, then she chooses the risky option, and if it is below, then she prefers the safe option. Therefore, the link between the two contexts is given by

F (x i |x i-1 , r, R, p) = P ((p : x i , 1 -p : r) ≻ (p : x i-1 , 1 -p : R)). (3.3)
We set the parameters for the simulations at p = 0.5, R = 64, r = 12, and x 0 = 100, as in Booij and Van de Kuilen (2009), and we simulated 8 iterations of this method. To avoid extreme answers that are very unlikely in the laboratory, we bound the responses by

x i = min{x i-1 + 300, xi }
where xi is the initial answer simulated by the model above. We sum up the concave/convex shape of the utility function by taking the parameter of the power utility function u(x) = x α that best fits the data. 2 . Now, we will suppose that the noise parameter, 1/λ, can vary during the elicitation task. This phenomenon might occur in this procedure for several reasons. The subject might be bored at the end of the procedure, or on the contrary, might learn during the experiment. The noise parameter might also increase because the decision problems are more difficult in each iteration. Indeed, the gap between the utility of the best outcome and of the worst outcome possible widens, and it is generally accepted that a decision's complexity is a function of this gap (e.g., [START_REF] Wilcox | stochastically more risk averse:'a contextual theory of stochastic discrete choice under risk[END_REF]. This heteroscedasticity can affect the estimates because the most serious mistakes drive the shape of the utility function. If these mistakes are more likely to be at the end of the procedure and to be an overestimation rather than an underestimation of the right answer, then the utility function is also more likely to have a concave rather than a convex shape, even for risk-neutral individuals.

In Table 3.3.1, the "low","medium", and "high" noise parameter treatments correspond to a λ of 60, 5, and 2.5, respectively. For the "increasing" or "decreasing" treatments, we simulate 4 decisions with a first noise parameter and then 4 decisions with a second noise parameter. For each treatment, we display the median α of the estimation of a power utility function, and the share of subjects with an α less than 1. As we can see, a bias can exist when the answers are skewed to the right. If no bias is observed in this model, as long as the noise parameter is constant, a possible high bias is present when the noise parameter varies during the experiment. This bias is potentially significant since the median parameters correspond to the order of magnitude of the coefficients generally obtained with this method in the literature. In Appendix B, we checked that these results

were robust to other noise models, and to an elicitation of the x i in a decreasing order instead of an increasing order. In this latter case, the results appear to be symmetric, with a decreasing noise parameter associated with a concave utility function and an increasing noise parameter associated with a convex utility function.

We also checked whether the use of binary choices to elicit the different x i could limit the bias. Our results, presented in the online appendices, tend to depart less significantly from a linear utility function, even if some biases remain. This could argue in favor of the use of this method; however, two elements prevent us from drawing too definitive conclusions. First, we had to suppose the independence of the decisions to obtain these results, which constitutes a strong hypothesis. Second, the use of binary choices can lead to other systematic biases depending on the algorithm chosen to elicit the different x k . For instance, the initial values presented to the subjects might act as an anchor in decision-making.

We think our simulations could be useful in future studies to measure in what proportion estimates are due to the evolution of the noise parameter or to the risk preferences themselves. For instance, we could ask the subject the same question twice with an appropriate delay between the two repetitions. We could thus estimate the noise parameter and have a credible interval about its evolution. Moreover, the nature of the error model could be made testable through the introduction of several non-chained decisions in the procedure. Finally, it is noteworthy that if the evolution of the noise parameter is known, then a maximum likelihood estimation of a parametric model should not lead to any systematic bias. However, if this approach may be viewed as appropriate to de-bias a parametric estimate of the utility function, it can difficulty give more reliable non-parametric results.

Conclusion

We have found a systematic bias in the estimation of the utility function when the distribution of the answers is skewed, and when the noise parameter changes during the elicitation task. As stated in the Introduction, the TO has been extended to the analysis of other issues, such as the probability weighting function or the loss aversion.

The question of how the systematic bias pointed out in this paper can affect additional notable results in decision sciences should be investigated in further studies.

Appendices to Chapter III

3.A Demonstration of Proposition 1

Demonstration : Let us define F 1 the conditional cumulative distribution function of mistakes m = |xx * | knowing that x > x * , and F 2 the conditional cumulative distribution function of the mistakes knowing that x < x * . From H1 and H2, we can deduce that

F 1 (m) ≥ F 2 (m), ∀m ∈ R * + and ∃m ∈ R * + such that F 1 (m) > F 2 (m). Therefore, -E(x -x * |x < x * ) < E(x -x * |x > x * ). From H1, we have E(x) = x * + E(x-x * |x>x * )+E(x-x * |x<x * ) 2
, and as

E(x -x * |x > x * ) > -E(x -x * |x < x * ), it implies E(x) > x * .

3.B Additional simulations

These additional simulations are divided into two parts. In the first part, we consider three other specifications that satisfy first-order stochastic dominance: a second parametric form of [START_REF] Blavatskyy | A model of probabilistic choice satisfying first-order stochastic dominance[END_REF], a Stronger Utility model (Blavatskyy, 2014), and a Random Preferences model (Loomes and Sugden, 1996). In the second part, we keep the same error specification as the one presented in the paper, but we supposed different elicitation procedures.

More precisely, we assumed an elicitation of the x i in a decreasing order rather than in increasing one, and by successive binary choices, such as, for instance, in [START_REF] Abdellaoui | Parameter-free elicitation of utility and probability weighting functions[END_REF] or Van de Kuilen & Wakker (2011).

3.B.1 Variations of the "error story"

For the second specification of Blavatskyy (2011), we suppose φ(x) = e λx -1. The λ chosen in this specification are 20, 0.1, 0.06. This specification gives similar results to those presented in the paper, as we can see in Table (B 1).

In the Stronger utility framework, the probability for an individual of choosing a lottery B over a lottery A is given by the equation : Finally, the Random Preferences model (Loomes and Sugden, 1995) is simpler both to apply and to explain.

P(B ≻ A) = F ( U (B) -U (A) U (A ∨ B) -U (A ∧ B) ) (Eq. (B. 1 
Here, the parameter of the utility function is drawn from a random distribution. For simplicity sake, we suppose that the decision-maker has a CRRA utility function :

u(x) =        x 1-ρ 1 -ρ if ρ ̸ = 1 ln(x) if ρ = 1 (Eq. (B.2))
with the ρ parameter drawn from a normal distribution with a mean of 0 and a standard deviation of σ. The σ chosen for the simulations are 0.01, 0.1, and 0.3.

In our simulations, in each iteration, the x i elicited was the one that makes the individual indifferent between the two options, given her random preferences. In this case, the results are different from the three other specifications since there exists a systematic bias even in the case of a constant noise parameter (see Table B 3). However, we confirm the same pattern observed in the paper with a bias toward concavity for an increasing noise parameter, and a bias toward convexity for a decreasing noise parameter. 

3.B.2 Variations of the elicitation procedure

The first aim of this section is to elicit indifference point through binary choices following [START_REF] Abdellaoui | Parameter-free elicitation of utility and probability weighting functions[END_REF] or Van de Kuilen & Wakker (2011). The general setup remains the same with r = 12, R = 64, x 0 = 100, and p = 0.5, and we suppose again that the choice of each lottery pair is made following [START_REF] Blavatskyy | A model of probabilistic choice satisfying first-order stochastic dominance[END_REF], such as in equation (2) in the paper.

The algorithm to determine the different choices proposed to the subjects is explained step by step in the next paragraph. In this "pseudo-code", x i,j corresponds to the value presented in the jth binary choice used to measure

x * i .
x i still corresponds to the elicited value.

• Step 1 : We choose an initial x i,1 proposed to the subject such as the expected values of the two options are equal. Then, we choose as upper and lower bounds,

u 1 = x i-1 + 200 and l 1 = x i-1 .
• Step 2 : For all j > 1, if the DM chooses the risky option, the previous values are actualized as :

-x i,j+1 = (2x i,j+1 + l j )/3 -l j+1 = l j -u j+1 = x i,j .
Otherwise, the previous values are actualized as :

-x i,j+1 = (2x i,j+1 + u j )/3 -l j+1 = x i,j -u j+1 = u j .
This operation is repeated until j = 5.

• Step 3 :

We have now a reduced interval on x * i and we can suppose

x i = (l 6 + u 6 )/2.
This process is repeated until we have elicited x 8 . We can see in We also tested the procedure consisting in eliciting the x k in a decreasing order. Thus, we now need r > x 0 , and we supposed, R = 64, r = 60 and x 0 = 50. The value of p remains unchanged with p = 0.5. Some values of the x k may be negative, which can generate two different issues. First, if there exists a reference-dependent behavior as in the Cumulative Prospect Theory (Tversky and Kahneman, 1992), then the value of the utility levels cannot be identified. Second, the power specification used to determine the concave or convex aspect of the curve is obviously not relevant for negative values. We will suppose no reference-dependent behavior here, and we will only address the second issue by moving from a power specification to an exponential utility function with

u(x) =      -exp(-αx) α if α ̸ = 0 x if α = 0. (Eq. (B.3))
α corresponds to the absolute risk aversion, and α > 0 signifies that the D.M. is risk averse. The results are described in Table (B 5), in which we replaced the power coefficient by the relative risk aversion (R.R.A.) coefficient at x 0 . As we can see, the results are rigorously symmetric to the ones presented in the paper. Here, a concave utility function might correspond to a decreasing noise while a convex utility function might correspond to an increasing noise parameter. 

3.C Graphics

To check that the distributions of the simulated answers seem credible, we present the graphics of 100000 simulated first answers of the four models used in the paper or in the additional simulations. In Figures C 1 and The adjectives "low," "medium," and "high" respectively designate the "low noise parameter," the "medium noise parameter," and the "high noise parameter" treatments.

The answers that follow the power specification of the Blavatskyy elite (generally perceived as corrupted). 1 Understanding the motivations of populist voters must be more than a matter of intellectual curiosity. Because populism is founded on the sharp distinction between the elites and the masses, the misinterpretation of populist voters' demands and ideology can only fuel this point of view.

Thus, what could explain the vote for populist leaders? As we will see in the next section, some long-term processes such as globalization and deindustrialization may have, on average, generated hostility toward the elite from middle and lower classes. Nevertheless, from an economic perspective, it could be interesting to investigate how economic preferences, and not only economic interest or position, may influence the adherence to a particular type of speech, leader, or policy. In particular, there exist several elements from the literature that would suggest a role for preferences under uncertainty when it comes to shaping a populist worldview, although this role is unclear.

On the one hand, the populist electorate is often perceived as motivated mainly by fear: fear from globalization, fear from immigration, and, sometimes, fear from any change in general (Geert Mak, 2005, quoted ). On the other hand, voting for populist parties can be viewed as a risky option for several reasons. For instance, most populist leaders have no experience in national politics before their elections-which is consistent with their anti elite position. Even when they do have prior governmental experience and because of their will to delegitimize counter-powers [START_REF] Acemoglu | Why do voters dismantle checks and balances?[END_REF], they may have policies that are less predictable than more traditional political figures. Likewise, it is worth noting that the lexical field of many populist leaders is very different from that of fear and protection. On the contrary, these leaders often present their political ideas as being audacious or daring. For instance, the populist leader Geert Wilders in the Netherlands, whom we will extensively study in the current paper, named his party the "Party of Freedom" and his autobiography Choose Freedom [START_REF] Wilders | Kies voor vrijheid: een eerlijk antwoord[END_REF]. Therefore, one could argue that populist leaders attract the most risk-loving part of the electorate.

The attitudes toward risk could have a role in politics because voting can be considered a risky decision, and because there always exists uncertainty concerning election outcomes or the type of policy eventually adopted by the candidate. However, to the best of our knowledge, the role of risk aversion in the formation of political preferences has only been marginally analyzed from an empirical perspective ( 2016), which has several appealing aspects, as detailed in the next sections, and that contains 1935 subjects. We match the data from this experiment with the data from the survey on politics realized exactly the same month.

We test the existence of a relationship between uncertainty preferences and opinion of the Dutch right-wing and anti-immigration populist leader Geert Wilders. According to our results, the less risk-averse individuals tend to have a better opinion of Geert Wilders than the rest of the population. This relation appears to be as significant as the traditional predictors of the attitude toward right-wing populism. For instance, according to our results, the difference between the average grade given to Wilders by a moderate risk-loving individual and by a moderate risk-averse individual is as important as the difference between the grade given by a university graduate and by a high-school graduate. If risk attitude constitutes a significant determinant of political preferences, ambiguity attitude does not seem to have an influence on the political worldview of the participants. Although we remain agnostic about the reasons for this relationship, the large number of covariates enables us to discuss the existence of possible causal mechanisms.

The present paper is organized as follows. First, we discuss the previous literature on populism in political economy and the connections between uncertainty and political preferences. Then, we introduce the database used in the present study, as well as the Dutch political context for the year 2010, the date these questionnaires took place. In the next section, we present our empirical strategy and, more specifically, why we have chosen to use Bayesian statistics to investigate this question. Finally, we introduce our results and discuss the possible interpretations for our findings.

Related literature 4.2.1 Populism, political economy and general motivation

In recent years, a considerable number of articles have been published in the social sciences on populism, and unsurprisingly, political economy has not been an exception (for a complete survey, see [START_REF] Guriev | The political economy of populism[END_REF]. Several macro-level economic changes have been considered as determinants of the recent rise of right-wing populism. The issue that has probably drawn the most attention is the political effect of the exposure to international trade in general and from China in particular (e.g., Becker et ). However, by revealing the strong links that exist between a core issue of behavioral economics (preferences under uncertainty) and a now core issue of political economy (populism), we confirm all the relevance of this approach and methodology.

Preferences under uncertainty, political attitudes, and self-reported risk aversion

Even though the present study is the first to link political attitudes with revealed preferences under uncertainty, we are certainly not the first to conceive of voting as a sort of gamble (e.g., Bishop et al., 1991, Berinsky and[START_REF] Berinsky | An estimate of risk aversion in the us electorate[END_REF]. A handful of theoretical studies have even been dedicated to the relationship between preferences under uncertainty and voting, both under risk [START_REF] Grillo | Risk aversion and bandwagon effect in the pivotal voter model[END_REF] and under ambiguity [START_REF] Kishishita | not) delegating decisions to experts: The effect of uncertainty on populism[END_REF]. Some empirical evidence has indicated that uncertainty preferences might indeed be a determinant of some political attitudes. In of the predictive power of these measures and of the revealed preferences approach has been the object of several papers (e.g., [START_REF] Charness | Do measures of risk attitude in the laboratory predict behavior under risk in and outside of the laboratory[END_REF]. However, the revealed-preferences approach remains by far the dominant method of risk preferences elicitation in economics.

A well-known limitation of these self-reported questionnaires is that they necessarily aggregate attitudes and preferences that are very different, at least from an economic point of view. For instance, the psychological scale of "uncertainty avoidance" discussed above could constitute a tempting proxy for risk aversion. However, as stated by the psychologist and anthropologist [START_REF] Hofstede | Culture's consequences: Comparing values, behaviors, institutions and organizations across nations[END_REF], who forged this notion, "uncertainty avoidance does not equal to risk avoidance". 2 According to him, individuals can make risky decisions, such as starting a fight, to clarify an uncertain situation. we mean by risk aversion in the context of lottery choices seems better defined and, therefore, should be most particularly studied. Also, as already stated in the Introduction, self-reported risk aversion measures necessarily integrate the notion of ambiguity aversion, because the two effects are often impossible to distinguish in most decisions under uncertainty outside the laboratory. As we will see in the next sections, all those difficulties can be overcome using experimental data and a revealed-preferences approach.

Data description and the Dutch political context

We have merged different questionnaires from the LISS panel to obtain the dataset of this study. The LISS panel, which is supervised by the CentERdata and based at the Tilburg University in the Netherlands, provides high-quality data on a vast range of issues, with a sample representative of the Dutch population [START_REF] Knoef | The representativeness of liss, an online probability panel[END_REF]. With the exception of a few additional covariates, our data come from two questionnaires: the first on political preferences and the second on risk and ambiguity attitudes. Both questionnaires were administrated in January 2010, a few months before the general election.

The measurement of political preferences and the political context of 2010

The Geert Wilders case

The case of Geert Wilders is crucial when it comes to understanding most of the changes in European politics, and the rise of a new kind of populism, which he embodies in many aspects. The magazine The Economist considered Wilders as a representative of the "European Tea Party", here being in the company of Marine Le Pen and Daniel

Farage. Yet his anti-Islam and anti-immigration program seems more radical. Wilders' past proposals have included a tax on headscarves, a prohibition of building new mosques, and, finally, the banishment of the Quran from the Netherlands. 3 Meanwhile, the PVV's program does not appear as strongly conservative on societal issues apart from immigration. Indeed, Geert Wilders does not only support the right to abortion, but also embryo selection and euthanasia. He also have claimed to stand for women and gay rights, which he perceived as under threat in Europe because of Islam. As stated by the political scientist Vossen (2016, page i), in a book on the PVV that we will extensively quote in this paper, "Geert Wilders has played an important role as a pioneer of a new master frame, in which Islam is portrayed as the historical arch-enemy of the West."

It is an understatement that the term populism generally has a negative interpretation, even though some political leaders have recently endorsed this label. It is also true that the word populist seems to sometimes constitute a perfect substitute for the term demagogic, perhaps most especially among economists [START_REF] Rodrik | Is populism necessarily bad economics[END_REF]. However, if we accept the definition of populism given in the introduction without judging the proposals themselves, Wilders can undoubtedly be called a populist. His opposition to the elite and mainstream media (assimilated to a "Left Church") is a core component of his discourse. Vossen (2016) also considered populism as one of the foundations of the 

Measuring the political preferences

It is relatively unsurprising to find an intense polarization of the opinion concerning Geert Wilders. 5 In one of the questions from the LISS, the participants are asked to rate the leading figures in the Dutch political landscape on a Likert scale, from 0 (very unsympathetic) to 10 (very sympathetic). As we can see in We have chosen to focus more on the attitude toward Wilders than the decision of voting for him-although this question will also be treated below. The main reason is that we can obtain a more precise measure of the political preferences than through voting decisions, that are, by definition, yes-or-no answers. Moreover, given the small share of population voting for Wilders, the statistical power of our tests is necessarily greater than with a dummy variable.

To determine if there could be a non-response bias in our analysis, we can compare the non-response rates on Geert Wilders to the ones of other prominent political figures in the Netherlands. The non-response concerning

Geert Wilders is about 7% and is of the same order of magnitude as the ones of the other leading political figures of the country. Because we can reasonably assume that individuals who may be ashamed to admit they appreciate Geert Wilders or his party would have no problem saying they dislike other candidates, a similar non-response rate indicates a low risk of selection bias in this context. 6Thus, we can assume that non-responses probably only correspond to an absence of strong political preferences. This hypothesis also seems to be confirmed by the wording of the answers, which include an option "I don't know" but no option such as "I refuse to answer this question". 7 An additional argument to support this hypothesis is the high correlation in non-responses between the different political figures (about 0.6). Also, the non-responses for this series of questions and the lack of interest in politics, as measured with a Likert scale, appear to be negatively correlated (about -0.25). Finally, and as developed in the appendix, the differences in terms of uncertainty preferences between the two groups is too small to produce significant selection biases. As a result, the non-responses to the questionnaire will simply be discarded from the present study. 

The measurement of ambiguity attitudes

It has been widely known since [START_REF] Ellsberg | Risk, ambiguity, and the savage axioms[END_REF] that, regardless of their risk attitudes, individuals tend to favor lotteries with well-defined probabilities over lotteries with ambiguous probabilities. This result is often called the Ellsberg paradox.

In the Ellsberg paradox, subjects are faced with two urns, one with, for instance, 50 red balls and 50 blue balls, and the other with an unknown number of red and blue balls. Like in the experimental protocol we will study below, suppose that the subject wins a prize if a red ball is drawn and nothing otherwise. Then, if the subject chooses the risky urn over the ambiguous urn, according to subjective expected utility theory (Savage, 1954), this implies that the decision-maker believes there are more blue balls than there are red balls in the ambiguous urn. As a result, if we slightly change the protocol such that the subject now wins a prize with a blue ball rather than a red ball, then the subject should prefer the ambiguous option over the risky option, still according to the subjective expected utility hypothesis. However, this predicted reversal does not occur; the decision between the ambiguous urn and the risky urn is not about beliefs or about risk aversion, but preferences for well-defined prospects over ambiguous ones-or, more simply, "ambiguity attitudes."

DKW relied on a protocol à la Ellsberg and introduced the notion of matching probability to measure these ambiguity attitudes. To explain the matching probability mechanism, suppose an event E occurs with a subjective probability P (E) and an ambiguous prospect gives x 1 if E occurs and x 0 otherwise (x 1 > x 0 ). The event E may correspond, for instance, to drawing a red ball from an urn, like in the Ellsberg paradox. Let us now assume another risky prospect with a well-defined probability p r of winning x 1 and x 0 otherwise. The matching probability is defined by the probability p * r that makes the subject indifferent between the ambiguous prospect and the risky prospect. The matching probability describes the ambiguity attitudes of a subject, and for any p * r < P (E), the individual can be said to be ambiguity averse. Indeed, the existence of a difference between p * r and P (E) means that the subject is ready to reduce her subjective probability of winning the highest prize to have a risky prospect rather than an ambiguous one.

Interestingly, it has been argued that a same individual can be both an ambiguity lover and ambiguity averse, depending on the value of the subjective probability given to an event. In particular, subjects tend to be ambiguity lovers for low subjective probabilities and ambiguity averse for larger probabilities (e.g., [START_REF] Abdellaoui | The rich domain of uncertainty: Source functions and their experimental implementation[END_REF][START_REF] Baillon | Testing ambiguity models through the measurement of probabilities for gains and losses[END_REF]. Therefore, here, ambiguity attitudes are measured at three different values of P (E);

P (E) = 0.1, P (E) = 0.5, and, P (E) = 0.9.

To measure matching probabilities, DKW proposed the following procedures: two urns of one hundred balls are presented to the participants. For the elicitation of the matching probabilities at P (E) = 0.5, an ambiguous urn and a risky urn of red and blue colors are presented to the subjects, like in the version of the Ellsberg paradox introduced above. In both cases, the participants win a prize if a red ball is drawn and nothing otherwise. Without any information about the color in the urn, the subjective probability for a ball to be red or blue is set at 0.5. By successive binary choices, we elicit the probability of drawing a red ball in the risky urn that makes the subject indifferent between the risky and ambiguous lotteries.

Then, DKW used the same procedure for P (E) = 0.1 and P (E) = 0.9 with an urn that includes balls of 10 different colors. Note that the potential role of beliefs about the composition of the urn can be discarded because the participants had the possibility to change the winning color, and only a small fraction of the subjects did so (about 1%). 9

Concerning the monetary rewards, DKW chose to incentivize only one-half of the participants, up to 15 euros.

Then, they showed that non-incentivized participants tend to give answers different from incentivized participants (in particular, they are significantly less ambiguity averse), and their decisions are less correlated to real-world situations (in their paper, the participation to stock markets). Interestingly, we can observe differences between incentivized and non-incentized individuals also in the decisions that were not incentivized for neither groups. In particular, the noise parameter for the decisions under risk (see below) is significantly lower for subject incentivized in the ambiguous decisions. Thus, we follow DKW, and we also discard these non-incentivized subjects from our main analyses. This sample selection is not a problem because the two treatments have been randomly assigned to the participants. Moreover, we will see in the next sections that our main results are robust to the inclusion of the non-incentivized subjects.

Statistical models and methodology

The choice of a Bayesian approach

For the present study, we have chosen to follow a Bayesian approach. The most compelling argument in favor of Bayesian Statistics is that it offers a suitable way of dealing with measurement errors in experimental data, as shown below.

In a structural model of decision, a Bayesian approach consists of measuring not a precise value of the parameters, but a probability distribution about the position of the parameters, called the posterior distribution. The posterior distribution of the parameters depends both on a prior distribution-that is generally uninformative-and on the data. The density of the posterior distribution is given by the formula of the Bayes' rule 9 The distribution of those matching probabilities is described in Appendix E.

f post. (θ|Z) ∝ L(Z|θ)f prior (θ), (4.2) 
or equivalently,

f post. (θ|Z) = L(Z|θ)f prior (θ) θ∈Θ L(Z|θ)f prior (θ)dθ , (4.3) 
where θ is the vector of parameters, Z is the set of observations, f prior (θ) the density of the prior distribution and, risky choice by another risky choice, here using a strategy named obviously related instrumental variable. In our paper however, we will investigate a Bayesian approach for solving this problem. Note that having a procedure that is robust to measurement error issues is especially important here because, as we will see, risk aversion and ambiguity aversion are correlated, and one variable could take the effect of the other in an ordinary least squares regression.

f
Bayesian statistics offers a twofold solution to measurement error issues. Second, like in a maximum likelihood approach, we can avoid systematic biases in the estimates if we simultaneously elicit the preferences under risk and uncertainty and the model with the parameters of interest (e.g., a regression with the uncertainty preferences' parameters as explanatory variables). The key idea here is not to replace the unobserved preferences in the model by their estimates, but to consider them as unobserved latent variables to be measured along with the other parameters. This method, which is described in a seminal textbook dedicated to measurement errors by Carroll et al. (2006, p. 205-241), proceeds as follows. First, we suppose a set of variables X that are not directly observed, and Z the data used to infer the values of X. In our context, X are the uncertainty preferences, and Z the decisions under uncertainty and the other answers to the survey. We choose then a likelihood function as if X was observed or L(Z|X, θ). Second, we can then choose an error model such that it is possible to infer a distribution on X given the data Z. Consequently, the joint posterior distribution of the parameters, and that of X (here, the preferences), is given by

f post. (θ, X|Z) ∝ L(Z|X, θ)L(X|θ)f prior (θ), (4.4) 
as demonstrated, for instance, in [START_REF] Muff | Bayesian analysis of measurement error models using integrated nested laplace approximations[END_REF].

Also, we can remark that besides the biases du to measurement errors, using actual decisions rather than latent preferences (or generated regressors) in a model implies also an over-estimation of the standard-error of the coefficients, which is avoided in Bayesian approach.

In a simulation study, we finally check that this procedure does not generate biases by generating new datasets from our estimates and by re-evaluating the model with this method. As demonstrated in Appendix F, the new estimates are never significantly different from the true parameters used for the simulations.

Modeling preferences under uncertainty Decision under risk

Concerning risky decisions, we assume a traditional expected utility model. The expected utility model is simply used to measure heterogeneity in risk aversion with a usual scale of interpretation-here, a constant relative risk aversion (CRRA) coefficient. In the expected utility model, the degree of risk aversion is captured by the shape of the utility function. Risk aversion corresponds to a concave utility function, while a risk-seeking behavior corresponds to a convex utility function. We assume a standard power specification for the parametric form of the utility function with,

u(x) = x r . (4.5)
Here, the risk aversion is decreasing in r, and the index of relative risk aversion (Arrow, 1965; Pratt, 1964) is equal to 1r. 11 As mentioned above, one of the lotteries could give an outcome of 1,000 euros and the other an outcome of 18,000. One could suspect a mispecification of the utility function because the hypothesis of a constant relative risk 11 We have opted for a power function rather than the other common CRRA specification u

(x) =      x 1-ρ 1 -ρ if ρ ̸ = 1 ln(x) if ρ = 1
because one outcome is equal to zero in the lotteries offered to the subjects, which would lead to an infinite negative utility of the prospect for any relative risk aversion coefficient greater than 1.

where w S (•) designates a source function, P (E) the subjective probability of the event E, and U (•) the utility function. This model can easily accommodate the Ellsberg paradox if the function w S (•) is specific to a source of uncertainty. For instance, a risky urn can be the first source of uncertainty, while the ambiguous urn can also be seen as a second source of uncertainty. Now, if we name w S as the source function associated with the ambiguous urn and w the source function associated with the risky urn, then the traditional Ellsberg paradox is solved for any couple of source functions such that w S (0.5) < w(0.5). In this model, individuals are said to be ambiguity averse if w S (P (E)) < w(P (E)), and as a result, ambiguity attitudes can be represented through the ambiguity function:

m(P (E)) = w -1 w S (P (E)). (4.7) 
After simple algebraic manipulations, DKW showed that the matching probabilities found in the protocol introduced earlier are determined by the ambiguity function m(P (E)). The parametric form we will study for the ambiguity function is given by As a result, we can measure the general level of ambiguity aversion from an individual by estimating δ, with a higher δ associated with a lower ambiguity aversion. Meanwhile, s corresponds to the likelihood sensitivity, or the inverse-S shape of the ambiguity function. In other words, this feature describes how sensitive a subject can be to an increase in P (E) in their decisions under ambiguity for moderate values of P (E).

m(P (E)) = δP (E) s δP (E) s + (1 -P (E)) s . ( 4 

Noise structure

Concerning the noise structure, we assume that both the matching probabilities and the certainty equivalents (expressed in proportion of the highest outcome in the lottery), are distributed according to a normal-logistic distribution.

This normal-logistic distribution is centered on the values given by the true parameters r, δ, and s. This error model, to the best of our knowledge, has not been used in the literature before. However, and, as demonstrated in Appendix B, this distribution has a key desirable property. Indeed, the matching probabilities are necessarily between 0 and 1, and the certainty equivalent of the lottery is necessarily comprised between the lowest and highest outcome possible. Thus, we easily reject some implausible behaviors such as non respect of the stochastic dominance principle for simple lotteries. 12 In Appendix B, we demonstrate with a simulation exercise that this noise structure leads to realistic distributions, both for the matching probabilities and the certainty equivalents.

Results

First results: risk and ambiguity preferences

Before examining in more details the relationship between uncertainty preferences and political attitudes, we will start by analyzing the coefficients of risk and ambiguity attitudes obtained with the structural models introduced in Second, our estimates indicate that there exists a substantial heterogeneity in attitudes toward risk and ambiguity, with estimates for the r parameter from 0.2 to 4 and δ parameter from 0.1 to 10. Nevertheless, we point out that there exists only little heterogeneity in the likelihood sensibility in our estimates (see Figure 4.5.2). Indeed, in any case, the value of s seems to imply a function that is inverse S-shaped for all the population. For this reason, we will assume this parameter to be universal in the regression analysis that will follow. Moreover, with a universal s, we also avoid possible identification issues if, for instance, only the ambiguity aversion associated with low probability events plays a role in adherence to populism. Likewise, the hypothesis of a universal s tends to improve the goodness of fit of our model, as measured by the deviance information criterion. Finally and unsurprisingly, the different uncertainty preferences' parameters are correlated (see Table 4.5.1), and in particular, risk aversion is positively associated with ambiguity aversion (e.g., Charkravarty and Roy, 2009). The risk aversion, as measured above, is correlated with the opinion of Geert Wilders, here with a correlation coefficient of about -0.2 (see Table 4.5.1). This result is confirmed in 4.5.4, where we can see the average level of risk aversion depending on the attitude towards Wielders, with here the point estimates normalized using a z-score.

The difference between the subjects the most favorable and the least favorable to Wilders is of 0.4 standard deviation, and this difference is strongly significant (p < 0.001). The other political preferences are more loosely connected to uncertainty preferences. Risk aversion is positively correlated with the politicians from more mainstream parties, but while significant (p < 0.05), those correlation are often below 0.10 (and almost null for the right). Risk aversion is not correlated with left and right positioning, with the trust in the politicians, or with anti-EU attitudes. We found, however, significant association between a Likert scale on immigration and risk aversion (p < 0.01). All those results seems to indicate that there exists a specific role for risk aversion in shaping, not political attitudes in general, but populist attitude in particular.

Moreover, this association between risk aversion and populism might be downward-biased given (1) the presence of a measurement error on the risk aversion coefficient and (2) the truncation at 0 of the opinion of Wilders. These two issues are addressed in the next section. 

The role of risk aversion in the preferences for populism

We suppose three different specifications to model the attitude toward Geert Wilders.

First, from the distribution observed in Figure 4.3.1, we can legitimately suppose a Tobit model. The large number of zeros can be interpreted as the effect of censorship at the minimal grade level. The opinion of Geert Wilders depends, therefore, on a latent y * i , which is assumed to be drawn in a normal distribution N (µ yi , σ 2 3 ) with a parameter µ yi determined by the values of the independent variables and σ 3 the standard error of the distribution.

Supposing a linear model, µ yi is given by

µ yi = β 0 -β 1 log(r i ) + β 2 log(δ i ) + n j=3 β j x ij , (4.9) 
where the x i are n -2 additional covariables such as education or income. The sign of β 1 is reversed to ease the interpretation of the coefficient in terms of risk aversion.

Then, we suppose that the y * i is censored in 0, such that

y =      0 if y * < 0, y * otherwise. (4.10)
In other words, Equation (4.10) means that among the respondents "very unsympathetic" with Wilders (i.e., in 0 in Figure 4.3.1), there exist heterogeneous latent opinions that the terms "very unsympathetic" do not recapture. 13Then, we also suppose a traditional ordered probit model. The grade given to Geert Wilders (y i ) is still determined by a latent continuous variable y * i , but this time such that

y =                          0 if y * ≤ θ 0 1 if θ 0 < y * < θ 1 2 if θ 1 < y * < θ 2 . . . 10 if θ 9 < y * , (4.11) 
where θ 0 = 0, θ 9 = 9, and the other θ k are additional thresholds to be determined. y * i is supposed to be drawn in the normal distribution N (µ yi , σ 2 3 ) with the parameters, µ yi defined as in Equation (4.9), and σ 3 a constant noise parameter. Because this latter model is computationally costly, it will be used only as an additional specification, while the Tobit model will remain our baseline model.

Finally, we also measure the adherence to the populist discourse as the difference between the Wilders' grade and those of other leading politicians. Thus, we suppose the variable "aggregated sympathy" (ȳ), which is formed by the mean of the four other dominant figures in the Netherlands, from the left and from the right. Then, we assume

(y * i -ȳi )| ȳi ∼ N (µ i , σ 3 ). (4.12)
This specification is helpful to discard the possibility that uncertainty preferences could affect, for some reasons, the evaluation of politicians in general, not that of Geert Wilders in particular. 14 In each of these specifications, and to avoid biases caused by measurement errors, we also simultaneously elicit the parameters of risk and ambiguity preferences. Thus, we use the hypothesis that individuals r i and δ i are drawn in a log-normal distribution

log(θ i ) ∼ N (µ θi , σ 2 θ ), (4.13) 
where θ can represent either δ or r. In this equation, µ θi are the position parameters, influenced by the characteristics of the individual i, such that can be neglected. 14 In these cases, we lose a number of observations because this model requires responses on all the five main candidates in the 2010 elections. Also, note that, given the distribution of average grades given in Figure ??, we can ignore censorship issues on the "aggregated sympathy" variable and assume that this one is directly observed. Therefore, the model of Equation (4.12) can be expressed by the equation y * i ∼ N ( ȳi + µ i , σ 3 ), with y * i still a latent variable defining the grade on Wilders.

µ θi = β θ,0 + n-2 j=1 β θ,j x ij , (4.14) 
where x ij are the control variables. Meanwhile, the s parameter, the likelihood sensitivity, is supposed to be universal (see above). The prior distributions that we suppose for our Bayesian analyses are each time diffuse and uninformative. Finally, the Bayesian estimates are composed of three MCMCs, each of 10000 iterations, with 2000 used in burn-in, except for the ordered probit model, which is more computationally costly, where we used only 2000 iterations.

Table 4.5.2 summarizes the results of our main statistical models. Because a Bayesian approach is used in the current paper, the presentation of our results differs slightly from a traditional regression table. The point estimates correspond to the median parameters of the posterior distribution. 15 Likewise, we check the statistical significance of the results using the probability of direction, i.e., the proportion of the posterior distribution that is of the median's sign. Here, the probability of direction, or p D , enables us to test the significance of the parameters, because a high probability of direction also corresponds to an estimate significantly different from 0. Thus, and as demonstrated for In Table 4.5.2, the risk aversion variable corresponds tolog r, and the ambiguity aversion to log δ. Education 1 is the dummy that takes a value of 1 if the subject is a high school graduate, and similarly, Education 2 is the dummy that takes a value of 1 if the subject has a higher education. The variable Muslim background is the dummy that takes a value of 1 if at least one of the parents of the participant is a Muslim. We also add three additional covariates, insignificant in all our specifications: the dummy that takes a value of 1 if at least one of the parents is born outside the Netherlands, and the age and age squared variables.

The income variable corresponds to the household income. We first correct this variable for the size of the household, using the budgetary coefficients applied by the OECD, and then log-transform and express this new variable in terms of standard deviation from the mean. Missing values (about 5% of the sample) have been imputed

using an OLS with all the socio-demographic variables described above as predictors.

To have precise estimates for the effect of the co-variables different from ambiguity and risk aversions, we integrate into the database approximately 5000 respondents for which we do not have decisions under uncertainty (or for whom the decisions were not incentivized). Their risk and ambiguity aversion coefficients are treated as missing values in the elicitation of the Bayesian model.

We have found only five significant determinants for the opinion of Geert Wilders in all the specifications: risk aversion, education, incomes, gender, and having at least one Muslim parent. Gender and education have the expected effects; right-wing populism is more widespread among male and less educated participants [START_REF] Vossen | The power of populism: Geert Wilders and the Party for Freedom in the Netherlands[END_REF]. Nevertheless, the direct impact of these two variables may have been overstated in the past, because, by taking into account risk aversion into the regression, their coefficients tend to decrease. Finally, the effect of having a Muslim parent on the opinion about Geert Wilders is considerable but hardly a surprise. As we can see, all these results are robust across specifications.

To obtain an idea of the potential effect of risk aversion, we must first remind the reader that this variable is defined by -log(r). If we interpret the coefficient causally, moving from r = 2 to r = 0.5 would correspond to an increase in the latent variable by about 1. A radical increase in risk aversion, from the highest risk aversion observed in this database to the lowest, would correspond to an improvement of the Geert Wilders grade of about 2 for an average participant. Equivalently, we can also say that an increase in risk aversion by 1 standard deviation improves the opinion of Wilders of around 0.75. 16 Thus, we can observe that a significant change in risk aversion could have the same effect as having a higher education, one of the variables the most commonly quoted as a determinant for populist preferences. On the other hand, ambiguity attitudes do not seem to significantly affect political preferences. Note: The significance level is * * * : 2(1p D ) < 0.001. The point estimates are the median of the posterior distribution of the parameters, while the standard deviation of the posterior distribution of the parameter is introduced in brackets. Note that the D.I.C. are not necessarily comparable across Models -the Models 1 to 3 corresponds to a Tobit, the Model 4 to an ordered probit, and Model 5 to a regression on a difference variable. Moreover, Model 3 estimates only one equation against three for the other Models.

Personality, political attitudes, and preferences under uncertainty

In this new section, we seek to explore through which channels risk aversion impacts the preference for right-wing populism. The first question here is to test whether this relationship exists only because of other personality traits correlated both with political attitudes and preferences under uncertainty. Several papers have demonstrated the effect of personality on political preferences in general (e.g., Caprara et To test the robustness of our findings, we have merged our dataset with the questionnaire on personality realized the year before, and we have taken the variables of the Big Five model, which is, by far the most widespread personality model in psychology. According to the Big Five model (Goldberg, 1981), the personality of an individual can be decomposed into five different aspects: (1) openness to experience, (2) conscientiousness, (3) extroversion, (4) agreeableness, and ( 5) neuroticism (or emotional stability). These personality traits are assessed using a questionnaire of 50 items, the "IPIP Big Five," which is often employed in psychology. We also add a life satisfaction scale, also measured in the personality questionnaire, as a covariate, to account for the fact that populist voters are sometimes depicted as "resentful" (e.g., Vossen, 2016, pp 125-128)-however, as we will see in our estimates, this does not appear to be the case in our sample. 17 Life satisfaction and personality traits are normalized using a z-score.

Our results are detailed in Table 4.5.3. The effect of risk aversion remains strongly associated with the preference for populism. Interestingly, the preference for populism seems to be more strongly influenced by the Big Five personality traits when we have not controlled for preferences under uncertainty. This result implies that past studies on the relationship between politics and personality, which typically do not control for risk aversion, might have overstated the true relationship between political preferences and personality traits.

If the relationship between preferences under uncertainty and preference for populism does not exist because of personality traits, they can be related because (1) preferences under uncertainty affect the core beliefs of rightwing populism, such as the attitude toward immigration, or (2) because preferences under uncertainty influence only the political translation of these core beliefs. For instance, an individual may dislike Wilders because of his anti-immigration policy, but also because he represents a risky option in the political landscape, here independently from his ideas or proposals. Thus, we select four questions in the questionnaire about political attitudes that reflect the core components of Wilders' ideology:

• An 11-point Likert scale about the left-right positioning of the respondent (with 0 for the far left and 10 for the far right).

• An 11-point Likert scale about trust in politicians in general.

• An 11-point Likert scale about trust in the European Parliament that constitutes the most satisfying proxy for anti-EU attitudes in the questionnaire.

• A 5-point Likert scale about the integration of the immigrant in the Netherlands that constitutes the most satisfying proxy for the attitude toward immigration in general in the questionnaire.

All these variables are expressed as z-score to facilitate the interpretation of the results. Concerning the missing values, they are numerous for the left-right positioning, at about 8% of the respondents who did not answer this question. For the other variables, however, the non-response rate is lower than 5%. Therefore, we have imputed the missing values in the EU attitude, immigration attitude, and trust toward politicians simply by replacing them with the median values of these variables. For the left-right positioning, however, we have imputed the missing values by a regression that takes as predictors all the sociodemographics quoted above, the personality traits, and the other political attitudinal scales.

As shown in Table 4.5.3, the relationship between risk aversion and populist attitude is somewhat mitigated when we account for political preferences. However, the coefficient of the risk aversion remains significant at the 5% threshold. Surprisingly, the effect of an increase in risk aversion could now be even more important than the one of having a college degree. Moreover, the parameters of the personality traits shrink toward 0, and most of them are no longer significant. Thus, risk aversion could play an important role both in the agreement with the core ideology of right-wing populism and with its political translation-which does not seem to be the case of the Big Five personality traits and of higher education. According to our estimates, risk aversion is more specifically correlated with a positive perception of immigrants and of their degree of integration in the Netherlands. The other potential effects of risk aversion concerning trust in politicians, trust in the European Parliament and the left-right scale are not significant (see Appendix D).

Risk aversion and populist vote

In this section, we examine whether uncertainty preferences do not only influence political attitudes, but also voting decisions. As said earlier, moving to a yes-or-no question implies that we lose information about the exact nuance of adherence to Wilders' positions. This is especially true in this case, because we observe only 12% of Wilders' voters, which represents less than 100 respondents in the incentivized panel. To make our analysis relevant despite this small number of observations, we now take into account both the incentivized and non-incentivized samples.

Although we can assume that being in one pool of subjects or another does not impact political attitudesbecause the treatments were randomized-, it obviously may affect the elicited uncertainty preferences. Thus, our statistical design has to be modified. We assume now

P (X = 1) = F (β 0 -β 1 d r (r i ) -β 2 d δ (δ i ) + n j=3 β j x ij ), (4.15) 
where X is the dummy that is equal to 1 if we observe a vote for Wilders and 0 otherwise, and F (•) is the normal cumulative distribution function. The other coefficients have the same interpretation as previously. We replace the variables log(r i ) and log(δ i ) by d r (r i ) and d δ (δ i ), where d r (•) and d δ (•) are two functions that correct the estimates from the average effect of not having been incentivized, as shown below.

The variables log r i and log δ i are supposed to be drawn in a normal distribution. The position parameters µ θi are given by

µ θi = β θ,0 (1 -1 N I ) + β ′ θ,0 1 N I + n-2 j=1 β θ,j x ij , (4.16) 
where β θ,0 is the intercept of the incentivized subjects, β ′ θ,0 the intercept of the non incentivized subject and finally 1 N I , the dummy that takes 1 when the experiment is not incentivized.

Then, we define the functions d r (•) and d δ (•) as giving the log r i and log δ i corrected from the average effect of not having been incentivized, such that

d θ (θ i ) = log(θ i ) + (β θ,0 -β ′ θ,0 )1 N I . (4.17)
Now, with this correction, the parameters are on a common scale of interpretation. 18The results given with this approach are described in Table 4.5.4. For this part, we exclude non responses and participants not allowed to vote in the last election. In the first model, we study the probability of voting for Wilders rather than doing anything else, including not voting at all, and the second model, the probability of voting for Wilders rather than another candidate. As we can see, the results in both models are very close. The variables gender, education, and having a Muslim background have effects similar to the one studied above. Risk aversion still has a negative impact on probability of voting for Wilders, but with a lower statistical significance level (the probability of direction for the risk aversion coefficients are now 0.98 and 0.97 in these two models). However, according to our results, risk attitudes still constitute a predictor for the vote for Geert Wilders that is as strong as having a higher education. If we assume a causal interpretation of the coefficients, a marginal effect at the mean of an increase by one standard-deviation of the risk aversion corresponds to a decrease by 4 percentage points of the probability to vote for Wilders. This effect can be considered as important given that the national score of Wilders was 15.4%, and the proportion of individuals reporting a vote for Wilders in this database is 12.7%.

Discussion

Our study constitutes the first attempt to establish a correlation between uncertainty preferences, as measured by experimental choices, and populist attitudes. As such, our results are fundamentally exploratory in nature, and we are careful not to draw definitive conclusions about the causal mechanisms behind the correlation observed in the present study. However, given the large number of possible confounding factors used here, a preliminary discussion of the potential explanations of this relationship seems possible. A first explanation of the link between risk attitudes and the attitude toward Geert Wilders is that voting for a right-wing populist can be considered as a risky option. In 2010, except for Viktor Orban, no right-wing populist had acceded to office. Thus, on average, right-wing populists would tend to attract the less risk-averse part of the electorate. Another explanation is that Geert Wilders supporters may be less risk-averse but without considering the vote for Geert Wilders as a risky option itself. It is has been argued that one of the aspects fueling populism is the "resentment" of the "losers from globalization" (e.g., Kriesi et al., 2006, p.369). Taking the expression "losers from globalization" literally, Geert Wilders' supporters would be more likely to be in a sort of loss domain concerning their incomes or social status, and this relative position could make them risk lovers (Kahneman and Tversky, 1979).

However, this interpretation contradicts Gidron and Mijs (2019), who found that income losses during the 2008 crisis in the Netherlands did not encourage individuals to be more favorable of Geert Wilders, instead benefiting the left, except for some small fractions of the electorate. Moreover, as we have already seen, if being in a "loss domain" was a substantial determinant of populist opinions in the Dutch context, life satisfaction should probably affect the attitude toward Wilders, which is not the case according to our estimates.

From our perspective, a more likely channel of transmission is the "last place aversion" [START_REF] Kuziemko | last-place aversion": Evidence and redistributive implications[END_REF].

According to this explanation, populist voters might be less risk averse because, on average, they are also more afraid to lose their current rank in society. This fear does not necessarily translate into a decrease of life satisfaction if this loss of status has not yet occurred. Thus, Wilders' voters may have changed their risk attitudes because they also often believe they could be at the bottom of the distribution of their reference group in the future, especially because of globalization or immigration.

Another explanation is that preferences under uncertainty might play a role in the adherence to controversial positions in general, here going beyond the case of right-wing populism in particular. It may be possible that political preferences are not given but, in a sense, guessed by the subjects. Then, the selection of any political ideology can be viewed as a lottery choice, and it is not surprising to find that risk lovers choose more extreme options. Thus, it could be interesting, in future research, to test whether the adherence to other beliefs often perceived as extreme or atypical are also influenced by risk attitudes. We may also conjecture that the relationship between risk preferences and political attitude is highly dependent on the social context: when populist beliefs become normalized or even mainstream, the influence of risk attitudes could also be mitigated.

Thus, we should remark that the 2010 in the Netherlands is very specific, and Wilders could have represented at this moment an outsider par excellence. There is thus an uncertainty regarding the external validity of this study to other political contexts, and in particular to contexts where leaders often qualified as right-wing populists seek their reelection (e.g., Viktor Orban). Nevertheless, it remains that the present paper constitutes a case study demonstrating, in some specific contexts, the association between risk attitudes and ambiguity attitudes.

Finally, and as highlighted before, the political preferences considered here are self-reported, and we cannot exclude the possibility that risk aversion plays a role only in the "public" endorsement of controversial positions in the context of a survey-a limitation common to the test of all the predictors of populist attitudes in the literature.

Thus, risk-averse individuals might also systematically downward bias their true opinion of Wilders.

Finally, and to conclude on the possible limits of this study, we cannot exclude a case of reverse causality, such that adhering to a populist worldview could make an individual less risk averse. However, this hypothesis contrasts with the consensual view in political psychology that traits influence more political decisions and attitudes than they are influenced by them (e.g., Greber et al., 2010). 19Beyond the field of political economy, we believe our results are relevant in the methodological debates concerning the external validity of experimental measures. Indeed, we have found that risk aversion elicited through lottery choices is a relatively strong predictor of political preferences, while such measures are surprisingly weakly correlated to risky choices outside the laboratory. For example, DKW found that risk aversion does not correlate with stock market participation. According to them, even ambiguity attitudes may constitute a significant predictor of investment decisions, but only for the part of the subjects the most financially literate. Similarly, Charness et al.

(2020), using the LISS panel, found no significant correlation between various laboratory measures of risk aversion and behaviors in the field involving uncertainty (in particular financial, health and employment decisions).

Given our results, the reason why preferences elicited in the laboratory are weak predictors of risky decisions in the field could simply be that risk aversion itself plays a marginal role in those decisions, possibly influenced by heuristics and habits. On the other hand, a wider range of decisions, not usually considered risky, such as political choices, might relate more to risk aversion than initially thought.

Conclusion

Recent developments in the literature have suggested potential relationships between uncertainty preferences and adherence to populism. However, no empirical test of this hypothesis has been implemented with a revealed preferences approach for the elicitation of risk or ambiguity attitudes until now. More surprisingly, the connection between revealed preferences under uncertainty and political preferences has not yet been investigated. We used the rich dataset from the LISS panel to fill this gap in the literature, and we estimated the relationship between uncertainty preferences and the opinion of Geert Wilders, a Dutch right-wing populist leader. Our estimates have revealed that the attitude toward Wilder is negatively and significantly associated with risk aversion, even when we account for a large number of different confounding factors, such as personality traits, education, income, or political attitudes.

Our results are more mixed concerning the vote itself, given the statistical power lost with a dummy variable instead of an attitudinal scale. However the sign and the magnitude of the coefficients we obtain remain consistent in both cases. Also, it is worth noting that ambiguity attitude is statistically insignificant in all of our specifications, indicating a specific role for risk attitudes in shaping populist preferences.

Most of the quantitative research on the rise of populism during the past decade have analyzed this phenomenon at an aggregate level, using region-level data. However, further research could jointly study both individual characteristics and macro-level changes. Given our results, it seems likely that macro-changes, such as the exposure to international trade, could have a heterogeneous effect on individuals, depending not only on their economic status, but also on their economic preferences. Such a research program could constitute a new and exciting bridge between macroeconomics, political economy, and behavioral economics. 
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Chapter 5

Thinking about happiness: self-reported

well-being and consistency

Think how hard physics would be if particles could think.

Murray Gell-Mann, quoted in [START_REF] Ariely | Predictably irrational[END_REF].

Abstract:

The validity of self-reported indicators of happiness and life satisfaction has been the subject of numerous debates since their first uses in economics and psychology. In this paper, we investigate how the judgment process of an individual can impact the importance of her subjective well-being determinants. Using a large Dutch database, we show that the factors contributing to self-reported well-being are significantly different depending on the cognitive style or response style of the subjects. Respondents with a low level of consistency in their answers can be as much as two times more sensitive to income in their self-reported well-being than other respondents. Similarly, the traditional U-curve between age and happiness is significantly more pronounced for respondents who display a low level of consistency in their answers. These results contradict the tacit hypothesis of a candid respondent observing her well-being without making inferences about it. Consequently, we argue that some of the results in the literature on well-being might be attributed, at least in part, to the judgment process of individuals itself. Finally, we provide a formal theoretical framework in which those results are explained by the existence of two simultaneous different thinking processes, one dominated by heuristics and intuition and the other by a higher level of reasoning.

Introduction

It would be difficult to overstate the importance of the research on well-being, life satisfaction, and happiness today in social sciences. Indeed, [START_REF] Diener | Advances and open questions in the science of subjective well-being[END_REF] recently reported that about 170,000 papers have been published on those topics in the span of only 15 years. The measurement of subjective well-being has been carried out in countless countries, using responses from thousands of individuals. 1 Thus, this research topic is now at the intersection of a large number of independent fields, such as economic development (e.g., [START_REF] Easterlin | Does economic growth improve the human lot? some empirical evidence[END_REF][START_REF] Easterlin | Will raising the incomes of all increase the happiness of all?[END_REF] Despite these criticisms, the number of papers using self-reported measures of well-being continued to grow.

We see two reasons why those methodological issues finally did not challenge more all this literature. First, many of the critical results from the 1990s were obtained on small samples and have sometimes been reconsidered with the rise of the replication crisis (see Diener et al. 2018, p. 5-6). Second, and more importantly, the biases reported in the literature quoted above generally correspond to rather common framing effects and do not necessarily imply there is nothing to be learned from happiness scales. If a variable X not quoted before by the interviewer affects self-reported happiness, there is no reason to doubt that X is indeed a determinant of well-being-even though its elicitation is also partially context dependent.

Nevertheless, it has often been argued in the psychological literature that individuals form inferences about what their responses should be when answering a questionnaire (e.g., Tourangeau and Rasinski, 1988;Tourangeau et al., 2000). If accurate, this could imply limitations that go beyond the problems posed by framing issues. Indeed, in the presence of inferences about what the answer should be, we cannot state for sure if estimates correspond to a real causal relationship or are only the result of the mental representations of the respondent. For instance, we cannot exclude that income is correlated to happiness simply because the wealthiest participants in the survey think they should respond they are happy. There exist narratives about what happiness is or should be, and subjects may simply comply with them in answering a questionnaire and not reveal their authentic state of mind. This paper aims to provide a solution to such issues-or at least, a starting place for solving them.

Our central argument is as follows: if the thinking process of the respondent does not impact the results obtained through self-reported scales, then the determinants of subjective well-being (SWB) should be the same regardless of the particular response or cognitive styles of the respondent. Significant differences (other variables being kept constant) imply that the relationships found in the data are likely to be caused by the agent's evaluation process itself and, thus, can only partially reflect the true determinants of SWB. To characterize the cognitive style of the respondent, we develop a consistency indicator, using several sets of questions marginally different from one to another. Identical or closely related self-reported variables are then measured several times with only some nuances, such as the reformulation of the questions in negative terms. Then, we compute a dispersion indicator to assess the level of consistency of the subject in her answers. Finally, we run a regression to explain SWB with different coefficients, depending on whether the respondent can be classified as consistent or not.

There are several reasons why a consistency indicator fits our purpose. First, this cognitive characteristic seems relatively stable across time and has, from an a priori perspective, absolutely no reason to affect the nature of the well-being determinants. Second, as we will see in the next section, the measure we propose is easy to compute on large survey data and could be helpful for future research. Third, we provide a formal model in which the level of consistency in answering a questionnaire is linked to the degree of sophistication of an individual in her thinking process. In this theoretical framework, and using a Bayesian model of beliefs formation, the consistency of an individual is a decreasing function of the weight she gives to the first answer she has in mind. The key feature of this model is that individuals who do not seek to be consistent are likely to be lowly invested in the questionnaire and to look for quick responses. 3 We test our new approach on the "Longitudinal Internet studies for the Social Sciences panel" (or LISS), a large panel representative of the Dutch population. The LISS provides high-quality data on various issues, including life satisfaction and other psychological variables. We then compute our consistency indicator from the answers to a personality test unrelated to the questions on SWB. Our final sample includes approximately 10,000 respondents, 3 We should remark that the existence of possible mental models that influence the answers is not a problem per se. As long as individuals have a "true model" in mind, their logical inference about what the response should be does not affect the statistical analysis of the answers. A rational individual may use a subjective causal model to form more precise responses regarding variables that are imperfectly observed. If anything, this kind of reasoning could help the researcher by reducing the amount of noise in the data. However, troubles can occur if there exist significantly different mental representations across individuals or even within individuals. Indeed, if heterogeneous mental models exist, and if respondents use them to form their answers, the very notion of a "true" relationship independent from the judgment process becomes problematic.

aged from 26 to 70, and more than 20,000 different observations. With this new approach, we reconsider the importance of two of the most quoted determinants of SWB: age (e.g., [START_REF] Frijters | The mystery of the u-shaped relationship between happiness and age[END_REF]Steptoe et al. 2015) and income (e.g., [START_REF] Kahneman | Would you be happier if you were richer? a focusing illusion[END_REF][START_REF] Easterlin | The happiness-income paradox revisited[END_REF][START_REF] Sacks | The new stylized facts about income and subjective well-being[END_REF]. Concerning the effect of age on SWB, we find that the famous U-curve, which traditionally sums up the relationship between age and happiness, has a sharply reduced magnitude for the group with the highest consistency level. Furthermore, for this latter group, we cannot reject the absence of an impact of age on SWB in several of our specifications at traditional significance levels. The effect is similar for income, whose influence on happiness and life satisfaction is diminished by one-third to one-half when we compare the "consistent" respondents with the "inconsistent" respondents.

This paper relates to several recent streams of literature, and in particular with recent critiques of the SWB literature. For instance, [START_REF] Bond | The sad truth about happiness scales[END_REF] demonstrate that the comparison between groups in terms of happiness is relevant only under some restrictive statistical assumptions, which are rarely met in practice. While the nature of Bond and Lang's critique is very different from ours, the results from this paper converge towards the Our approach is also in line with the recent literature on cognitive uncertainty developed by Enke andGraeber (2019, 2021), and more broadly with the increasing use of Bayesian updating processes in behavioral economics (e.g., [START_REF] Chater | The probabilistic mind: Prospects for Bayesian cognitive science[END_REF]Woodford, 2019;[START_REF] Khaw | Discrete adjustment to a changing environment: Experimental evidence[END_REF][START_REF] Gabaix | A sparsity-based model of bounded rationality[END_REF][START_REF] Gabaix | Behavioral inattention[END_REF][START_REF] Frydman | Efficient coding and risky choice[END_REF][START_REF] Steiner | Perceiving prospects properly[END_REF]. As in our theoretical framework, Enke and Graeber (2019, 2021) consider the existence of two cognitive models, one that corresponds to the reasoning of the subject and the other to a default option, in some ways similar to our intuition or heuristic model. Moreover, Enke and Graeber (2019, 2021) also interpret answers as the result of an implicit belief-updating process about the right decision to make. The main difference is that, contrary to cognitive uncertainty model and its related literature, we do not consider one model as more "rational" than the other, as in the context of survey answers, no response model can be considered objectively true or maximizing a utility function.

The remainder of this paper is structured into five sections. First, we describe the data used for this study and the relevance of our consistency indicator, and particularly its stability and internal validity. The third section is dedicated to our main results, namely, how consistency mitigates the role of two important predictors of happiness: age and income. In the fourth section, we propose a stylized model explaining the results obtained in the previous sections as the consequence of the existence of heterogeneous mental models. Finally, we discuss the limitations and implications of our results in the fifth and last section.

Data description and methodology

Description of the LISS panel. As explained before, we draw our data from the LISS. The main interest in using the LISS panel is to provide a sample representative of the Dutch population, with numerous variables on a large number of topics, including SWB. Each wave contains approximately 7,500 individual respondents from about 5,000 households. 4 Moreover, the income of the households is observed in most cases (90.6%, with null values assimilated to no responses).

We standardize income using a budget coefficient that depends on the number of individuals in the household, following the rules applied, for instance, by the OECD. 5 Then, for each wave we take the log-transformation of the corrected income, expressed in terms of standard deviation from the mean. Thus, we obtain a new distribution for this variable close to the standard normal distribution.

From this sample, we drop individuals under 25 and over 70 years of age. Under 25, the income variable may constitute an inaccurate proxy of the material conditions of the respondent, as students are often supported by their family, but this financial help is not represented in the data. Meanwhile, after 70, SWB might rely too much on health conditions, which are beyond the scope of this paper. Finally, and for better readability of the coefficients obtained in our regressions, we divide the age variable by 100.

Happiness scale, life satisfaction, and related outcomes. One of the core components of the LISS surveys is a personality questionnaire completed by the participants every two years on average. The first set of variables we will consider from this questionnaire includes various measures of well-being. The first two questions correspond to an assessment by the respondent of her happiness and life satisfaction, respectively "On the whole, how happy would say you are?" with a Likert scale from 0-totally unhappy -to 10-totally happy -and "How satisfied are you with the life you lead at the moment?" with a Likert scale from 0-not at all satisfied-to 10-completely satisfied. 6The answers to those two questions will constitute the two primary outcomes under consideration throughout this paper. Interestingly, the participants had to answer those two questions with a number from 0 to 10, with no other labels for the answers than "totally unhappy"/"not at all satisfied" and "totally happy"/"completely satisfied" for the options 0 and 10. Thus, the outcomes of those questions can be considered from the respondents' perspective as quantitative, not qualitative. This element is important because an analysis of the sensitivity of SWB to age or income seems more relevant if an average numeric level of SWB is directly observed and not inferred from qualitative scales. 7Additional questions on related issues include "How do you feel at the moment?" and "In general, how do you feel?" with qualitative answers going from "very bad" to "very good." Those two answers are respectively labeled "Feel I" and "Feel II" in the rest of the papers. Participant also had to complete several Likert scales measuring their agreement with the following statements: "In most ways, my life is close to my ideal," "The conditions of my life are excellent," "I am satisfied with my life," "So far, I have gotten the important things I want in life," and finally "If I could live my life over, I would change almost nothing," with qualitative answers from "I strongly disagree" to "I strongly agree." The answers of those questions are respectively labeled "Ideal," "Conditions," "Imp.," and "Change" in Tables 5.2.1 and 5.2.2.

The distributions of these variables are described in Table 5.2.1 using the numeric value given to the qualitative answers by the LISS (with, for instance, 1 point for strong disagreement, 2 points for moderate disagreement, and so forth). The correlations between all the SWB variables are described in Table 5.2.2, where we can distinguish two somewhat distinct groups of outcomes that both contribute to the evaluation of SWB as a whole. In the first category, we can observe the variables related to moods, emotions, and feelings ("Feel I" and "Feel II") and, in the second, variables related to self-accomplishment ("Ideal", "Conditions", "Imp.", and "Change"). Those six additional questions will be used in the robustness check section, where we will also see that this distinction between two types of evaluation of SWB may have important implications.

In total, the data combine eight different waves of surveys about SWB and other psychological variables, from 2009 to 2017. Thus, the final sample used in this study includes 24,393 observations from 11,741 respondents.

The Big Five personality test. The second set of variables we use in this study consists of a test that includes 50 questions, the IPIP-50 items, measuring the different facets of the Big Five personality model [START_REF] Goldberg | An alternative" description of personality": the big-five factor structure[END_REF][START_REF] Goldberg | Analyses of digman's child-personality data: Derivation of big-five factor scores from each of six samples[END_REF]. According to the Big Five model, by far the dominant model of personality in psychology, the most salient aspects of a personality can be summarized in five different traits: extroversion, agreeability, conscientiousness, emotional Stability (or neuroticism) and openness to experience. These traits are reputed to be independent, stable, and finally, strong predictors of a wide range of behaviors [START_REF] Borghans | The economics and psychology of personality traits[END_REF].

The personality traits are measured through five series of ten questions. In each question, the respondent has to state whether she strongly agrees, agrees, neither agrees nor disagrees, disagrees, or strongly disagrees with a statement associated with a personality trait. For instance, the response to the affirmation "[I usually] start [the] Note: this table shows a summary of the distribution of different SWB measures used in this paper as well as the name of the variable and the question asked to the participant or the statement tested. For the two first questions, the respondent had to grade her happiness and life satisfaction from 0 to 10. Thus, the numeric value is not arbitrary and chosen by the participants. For the next six sections questions, the participants had to state if they "Strongly agree," "Agree," "Somewhat agree," "neither agree and disagree," "somewhat disagree," or "Strongly disagree". Strong agreement corresponds to a score of 7, simple agreement to 6, and so on until 1. conversation" is used to measure if a person is an extrovert or not. The final score is obtained in an ad hoc manner by summing the numeric values given to the responses. Thus, when the statement is supposed to be positively related to a personality trait (e.g., starting a conversation and being an extrovert), strong agreement gives 5 points, agreement 4 points, a neutral position 3 points, disagreement 2 points, and strong disagreement 1 point. This scale is reversed when the statement is supposed to be negatively related to the personality trait, with 1 point for strong agreement, 2 points for agreement, and so forth.

This personality test seems to be perfectly adapted to the measure of the consistency of an individual in her answers. Indeed, questions that assess a particular personality trait are supposed, by definition, to measure the same feature several times. The nuances in the questions are sometimes barely noticeable. For instance, two of the statements from the LISS used to measure extroversion are "I am the life of the party" and "I talk to a lot of different people at parties. 8 " As a result, the answers in each group are highly correlated.

We test the internal consistency of each personality trait by computing the average correlation between the scores obtained for those two questions and the scores obtained for the remaining eight questions. All the five personality traits are highly internally consistent, with average correlation coefficients between 0.52 and 0.72. The stability of the personality traits across time is also extremely high, with correlation coefficients ranging from 0.71 to 0.85 between the answers from one wave and the answers to another.

Measuring consistency from survey data. To measure our consistency indicator, we assume that all the variables from the same group of questions estimate the same feature, up to a fixed effect for each question (which may, for instance, capture a framing effect), and up to an error term. Thus, if we suppose a set of questions about the same variable j, a respondent i and a question k, the answer is given by

x k,j,i = µ j,k + µ j,i + ϵ k,j,i , (5.1) 
where µ j,k is a question fixed effect and µ j,i is an individual fixed effect. For identification issues, we can further add Nj k=1 µ j,k = 0 for all j ∈ {1, ..., J}, where J is the number of groups of questions measuring the same variable j, and N j is the number of questions for the group of questions j. Thus, we obtain a simple panel model from which we can deduce reliable predictions under the condition that the group of questions is internally consistent-i.e., that the answers in a same group are strongly correlated. Under the assumption that the ϵ k,j,i are i.i.d., the predicted answer x * k,j,i , is given by

x * k,j,i = 1 N j Nj k=1 x k,j,i + 1 n n i=1 x k,j,i - 1 N j • n Nj k=1 n i=1 x k,j,i , (5.2) 
where n is the total number of respondents. The predicted answer thus corresponds to the mean of the responses to a set of questions j by the respondent i (with µ j,i = 1 Nj Nj k=1 x k,j,i ), corrected for the average effect of the question on the population (with

µ j,k = 1 n n i=1 x k,j,i -1 Nj •n Nj k=1 n i=1 x k,t,i ).
Then, assuming that x * k,t,i is an unbiased estimator of the predicted answer (i.e., E( x * k,t,i ) = E(x k,j,i )), the empirical variance of the responses can be used as a consistency index: Consistency Index (before standardization

) i = J t=1 Nj k=1 (x k,j,i -µ * k,j,i ) 2 J j=1 N j . (5.3)
To the best of our knowledge, we are the first to propose such an approach of "revealed preferences" for consistency. To date, psychologists have preferred to assess the preference for consistency through more qualitative questionnaires, such as in the seminal paper by [START_REF] Cialdini | Preference for consistency: The development of a valid measure and the discovery of surprising behavioral implications[END_REF]. However, the results given by our measure, as we will see below, validate its relevance for future research.

The consistency indicator and its reliability. In the Big Five personality test, each trait is measured through 10 questions. Adopting the notation used previously, we now have J = 5 and N j = 10 for each j ∈ {1, 2, ..., 5}.

Thus, x * k,j,i , the expected value of the answer x k,j,i , can be measured with a relative accuracy for each trait. Then, we log-transform the consistency index from equation ( 2) and express it in terms of deviation from the mean. The distribution of the consistency indicator obtained is close to a standard normal distribution (see Appendix B). We finally reverse the sign of the indicator to ease its interpretation.

We check the reliability of our consistency indicator by measuring its stability, both across personality traits and across time. The correlation between the consistency indicator obtained on one personality trait with those obtained from the remaining questions of the test is always significant. Indeed, the correlation coefficients are between 0.36 and 0.45, despite the risk of measurement error that exists with an indicator calculated with only 10 questions. Our consistency indicator is also stable across time, and the correlation coefficient of this indicator from one survey to another is about 0.56 (see Table 5.2.3).

In comparison, our indicator's time stability and internal consistency appears to be inferior to those of the Big Five personality traits previously described. However, a "revealed-preferences approach" necessarily introduces a significant amount of noise, as can be seen, for instance, in the risk preferences literature (e.g., [START_REF] Wilcox | Stochastic models for binary discrete choice under risk: A critical primer and econometric comparison[END_REF].

Moreover, despite this comparison, the correlation coefficients obtained here remain high enough to validate the relevance of our index. Additionally, the temporal stability of our indicator is of the same magnitude as the SWB measures (see Table 5.2.3).

Interestingly, sociodemographics and personality traits are only weak predictors of our consistency indicator (see Table 5.2.4). We observe an effect of age, with an increasing and then decreasing relationship. Education can increase the consistency indicator obtained on average, but only up to 0.14 standard deviation. The same applies to the income variable, whose standardized coefficient is only 0.03. The R-square is about 0.55; however, this relatively high coefficient is mainly due to the presence of random effects. When the goodness of fit of this regression is measured through a pooled Ordinary Least Squares (OLS) model, the R-square falls to only 0.03. The results are similar if we adopt a probit model in which the dependent variable is the dummy that takes one if the participant has a consistency index greater than the mean (i.e., 0, after standardization). These results indicate that, while some differences between the two groups are statistically significant, they are economically and psychologically marginal. This allows us to downplay the risk that observed confounding factors could generate heterogeneity in the SWB determinants. As a consequence, and as we will see in our robustness check section, our results remain unchanged when a matching method is implemented.

Main variables of interest and additional covariates.

The two main explanatory variables investigated in this study are age and income. The reasons for this choice are multiple. First, there exists an extensive amount of literature on those two factors in economics, as briefly discussed in the Introduction. Second, it is also on those variables that we could most especially observe the effects of the judgment process in evaluating life satisfaction or happiness. Indeed, the information concerning income, or the material conditions of the agent, might emerge in the judgment process of an individual through heuristics, narratives about happiness, or other mental representations. Note: For all the variables: * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05.

For instance, the existence of inferences such as "I should say I am satisfied with my life because I have earned a lot of money this year" seems credible. Moreover, such a hypothesis is consistent with [START_REF] Kahneman | Would you be happier if you were richer? a focusing illusion[END_REF], according to whom higher incomes improve self-reported happiness but do not result in having a better mood in everyday life. Likewise, the midlife crisis is a narrative that is well-known in developed countries, which might be used by the respondent to determine what her answer should be. In turn, this narrative could also shape the age-happiness relationship observed in the data.

Other explanatory variables classically include the gender, level of education (through two dummies), marital status, whether or not the respondent lives in an urban center, and finally, a trend to capture the average evolution of the SWB indicators over time. We add to this set of predictors four of the five personality traits measured earlier: agreeability, conscientiousness, extroversion, and openness to experience. Neuroticism, or emotional stability, is kept out of this analysis because its measure includes items directly related to SWB, with statements such as "I have frequent mood swings" or "I seldom feel blue." Thus, neuroticism is, to a certain extent, almost a complementary measure of SWB and cannot be considered an exogenous variable.

The statistical model. As seen above, most of the variables used in this study were measured several times between 2008 and 2017. Therefore, we opt for a simple linear panel model with a random effect.9 

In our main specification, the predicted variable of the respondent i in the wave t is drawn from a normal distribution of variance σ 2 and of mean and median µ it as follows

µ it = α 0 + α i + x ′ it β, (5.4) 
where x ′ it is the set of explanatory variables, α i a random individual effect drawn in a normal distribution N (0, σ 2 α ), and (β, σ 2 α ) is a vector of parameters to determine. We classify as "consistent" individuals with an average consistency indicator superior to the average observed in the data-additional methods to form two different groups based on their levels of consistency will be discussed in the robustness check section. We then run two separate regressions depending on whether or not the respondent has been labeled as consistent. Thus, we allow the parameters σ 2 and σ 2 α to be different depending on the group under consideration.

Empirical Results

Baseline estimates. First, we verify that the determinants of happiness and life satisfaction observed in our sample are representative of the literature on SWB. As shown in Tables 5.3.1 and 5.3.2, happiness and life satisfaction relate to income, with coefficients of 0.17 and 0.22, respectively. Thus, an increase in income by one standard deviation also improves happiness by 0.14 point and life satisfaction by 0.18 point. This improvement might seem moderate given that those variables are comprised between 0 and 10. However, happiness and life satisfaction are concentrated around 7 and 8, with a standard deviation of only 1.29 and 1.39. Thus, the magnitude of the coefficients obtained here is consistent with the rest of the literature (e.g., Bayer and Juessen, 2015, or Perez-Truglia, 2020).

The idea that life satisfaction is slightly more dependent on income than on happiness has also been previously documented (e.g., Perez-Truglia, 2020). The effect of age is also common, with a "U-shaped" relationship between age and SWB, and a low peak between 40 and 50 (see [START_REF] Blanchflower | Is happiness u-shaped everywhere? age and subjective well-being in 145 countries[END_REF], for a recent meta-analysis). The positive impact of being married is also well-established (e.g., [START_REF] Lawrence | Marital happiness, marital status, health, and longevity[END_REF]. Other variables, such as education, gender or living in a large city, have little or no impact on SWB in this sample. Finally, we observe that two personality traits (extroversion and consciousness) are strongly significant. The other two personality traits (agreeability and openness to experience) are either not statistically significant or negligible. Again, these results are consistent with the literature on personality traits and SWB (e.g., [START_REF] Hayes | Big 5 correlates of three measures of subjective well-being[END_REF][START_REF] Strickhouser | Does personality predict health and well-being? a metasynthesis[END_REF]. Note that, in the baseline estimates of Tables 5.3.1 and 5.3.2, Model IV and Model V differ only by the inclusion of the income variable. As income is observed for most but not all the subjects, Model IV allows us to measure the effects of all the other variables in the complete database, without possible selection biases. Age, happiness and life satisfaction. Tables 5.3.3, 5.3.4 and 5.3.5 show the main results of our regressions in the high-consistency and low-consistency groups (hereafter called the "consistent" and "inconsistent" groups). We start by analyzing the average effect of age on SWB. Our first specification (Model I, in [START_REF] Blanchflower | Is happiness u-shaped everywhere? age and subjective well-being in 145 countries[END_REF], controlling for additional factors may give an inaccurate representation of the variation of SWB over the lifespan. Indeed, by focusing on the potential direct effect of age, we also may neglect its indirect effects, which may include, among other things, changes in marital status or variations in income.

As Model I in Table 5.3.3 reveals, the total effect of age on happiness and life satisfaction is very different depending on the cognitive style of the respondent. While we recover the traditional U-curve for the "inconsistent" individuals, the coefficients for the other half of the sample reveal little impact of age on SWB. The difference between the two groups is graphically represented in Figure 5.3.1, which introduces the average SWB by age for each group.

The U-curve in happiness and life satisfaction for the non-consistent individuals has a magnitude of about 0.5 point.

Meanwhile, the impact of age on the consistent respondents is overall marginal, except for a possible improvement of SWB at age 60. Figure 5.3.1 also shows that, on average, the consistent group tends to report higher happiness and life satisfaction, although the effect is largely driven by respondents between 40 and 50 years of age.

As we can see in Tables 5.3.4 and 5.3.5, our results differ when we not analyze the total effect of age but rather its direct effect (i.e., the effect of age when control variables are added). While the coefficients of age and age 2 were reduced by almost 70% between the two groups in Model I for both happiness and life satisfaction, the reduction of the direct effect of age is about 40% in Models IV and V. In addition, the variables age and age 2 are now significant Note: For the values in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5%). For all the variables: * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in parentheses.

for the consistent group, which was not the case previously. However, the attenuation of the role of age on SWB remains significant in all our specifications, with a p-value generally between 0.01 and 0.02.

We note that the shape of the age-happiness relationship seems mostly proportional to the function age 2age in all of the specifications in Tables 5.3.3, 5.3.4 and 5.3.5. Thus, it seems suitable to replace the two variables age and age 2 with one variable, to test more properly the mitigation of the effect of age due to consistency. This new variable, named "age factor," corresponds to the function a 1 age 2 + a 2 age, where a 1 and a 2 are the coefficients that best fit the data for the whole population. With this new variable, we check that the importance of age is decreasing in the level of consistency of a subject by running one regression on five different quantiles of consistency with no additional covariates. 10 Thus, we estimate the following equation for each quantile of consistency:

y it = α 0 + α i + βage factor it + ϵ it , (5.5) 
where y it , α 0 , α i , and ϵ it are defined as above. The estimation of β can be used to measure the intensity of the Age-SWB relationship for each group of respondents (assuming that the shape of the relationship remains the same). Figure 5.3.2 shows the variation of β depending on the level of consistency of the individuals, indicating a negative relationship between the two. In the case of the happiness variable, the coefficient associated with the "age factor" moves from 2 for the lowest quantile of consistency, to 0.8 for the highest quantile. In the case of the life satisfaction variable, the age factor has an importance ranging from 1.6 for the lowest quantile to 0.7 for the highest quantile. Overall, the magnitude of the U-curve on SWB appears to be significantly mitigated by the level of consistency of a subject. As we will see in the next section, a similar pattern can be found concerning income. Note: For the values in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5%). For all the variables: * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in parentheses.

Income and other covariates. Tables 5.3.3, 5.3.4 and 5.3.5 reveal that the impact of income on SWB is less significant for the consistent respondents than for the non-consistent group. The slope of the relationship between the SWB indicators and income shrinks by about 40% between the two groups (with coefficients from 0.18 to 0.27 in Models I to V for the non-consistent group, compared to only 0.09 to 0.16 for the consistent one). For instance, an increase in income by one standard deviation increases life satisfaction by 0.27 point for the inconsistent group compared to only 0.16 for the consistent group. Moreover, the difference between the coefficients of the two groups is significant in all our specifications, with (p < 0.001). We also check that the general relationship between income and happiness is decreasing in the level of consistency by again dividing our sample into five different and equal Note: For the values in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5%). For all the variables: * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in parentheses.

categories, based on their consistency levels. As shown in Figure 5.3.3, the general shape of the function seems, again, to be globally decreasing. In the case of happiness, income has an importance ranging from around 0.20 for the lowest quantiles of consistency to 0.13 for the highest quantiles. In the case of life satisfaction, income has an importance ranging from 0.25 for the lowest quantiles of consistency to 0.15 for the highest quantiles. 11Finally, the level of consistency could also mitigate to a lesser extent the effect of marital status. Its effect on life satisfaction is about 0.5 for the non-consistent respondents but 0.4 for the consistent respondents-however, the difference is smaller than for age and income, and this result is significant only at the 10% level in most specifications. Education might also be impacted by consistency. However, this result is not robust across specifications.

Moreover, this difference might only exist for the variable education I, the presence of a high-school education, while at the same time, and paradoxically, this variable has an insignificant effect on SWB (see Tables 5.3.1 and 5.3.2).

Furthermore, the difference is difficult to interpret because the sign of the impact of education is reversed between the two groups, while in the other cases we only observe an attenuation of the same effect. As a result, we remain cautious concerning the existence of actual differences between the two groups in this latter case.

In contrast, the other variables that impact well-being, such as extroversion ad conscientiousness, are clearly not affected by the consistency level of the respondents. This absence of difference is consistent with the explanation we will develop below: looking for quick answers, some people might overweight factors associated with wellbeing in popular representations, such as age or income, while not directly accounting for less visible but crucial determinants, such as personality traits. 

Robustness checks and additional results.

Concerning our econometric specification, we can observe that the distribution of the residuals of our regressions does not perfectly fit a normal distribution, as the dependent variables themselves are skewed (see Appendix E). We solve this potential issue with an "OLS-probit" model, where the happiness and life satisfaction measures are rescaled such that the distribution of the new dependent variable corresponds, as best as possible, to a standard normal distribution (see Perez-Truglia, 2020). This transformation is given, in the case of 10-point happiness scale y it , by

y ′ it (y it ) =            E(z|z < Φ -1 (F (0))) if y it = 0, E(z|Φ -1 (F (y it -1)) < z < Φ -1 (F (y it ))) if 0 < y it < 10, E(z|z > Φ -1 (F (10))) if y it = 10, (5.6) 
where y ′ it is the transformed variable, Φ(•) is the cumulative distribution function of the standard normal distribution, F (•) is the cumulative distribution function of y it , and z is a random variable drawn in a standard normal distribution. We show in the appendices (Appendix E) that our results are globally unaffected by this specification and that the residuals of our regressions are now not different from a normal distribution. However, we preferred to keep an OLS model for our main specifications because the scale of the variable should remain the same as the one presented to the subjects. Assuming that individuals can grade their happiness from 0 to 10 means that respondents have not only an ordinal but also a cardinal measure of happiness. Therefore, rescaling the answers in this case can make the coefficients more difficult to interpret.

We also apply the OLS-probit transformation provided by Equation 5.6 to the answers of the Big Five personality test. As we have seen above, the numeric values attributed to the Likert scales were arbitrary in this questionnaire.

In turn, this arbitrary construction of the personality test could also affect the design of our consistency indicator. As the answers are here qualitative and not quantitative, one could also obtain a numeric value for the answers with an OLS-probit model. However, when we compute a new consistency indicator obtained with the answers rescaled with an OLS-probit model, it remains highly correlated with the index used in our previous specifications(r = 0.98).

This high correlation coefficient is probably due to the fact that the questions from the IPIP-50 are designed to be discriminant, and thus the answers tend to be distributed along a bell curve. As a result, the distribution of the numeric values is, from the start, not different from a standard normal distribution.

As explained in the data description, the LISS surveys contain several other measures of SWB different from the two indicators of happiness and life satisfaction used above. In particular, some of the questions focus more on moods and feelings, while others focus more on self-accomplishment (see Table 4.5.1 in the data section). Thus, we run a regression that includes all the covariates quoted above on six additional Likert scales, again using an OLSprobit transformation for the dependent variable. We can underline two new results from those additional models, which are described in further detail in the appendices (Appendix D). First, the determinants of SWB may change marginally, depending on the indicator taken into account. Age and income affect self-accomplishment variables more than indicators related to mood and feelings, both for consistent and inconsistent individuals. Second, and more importantly, the differences between the two groups are less pronounced when we ask questions related to self-accomplishment. For instance, the coefficients of the regressions are no longer significantly different between the two groups for questions such as "So far, I have gotten the important things I want in life" or "If I could live my life over, I would change almost nothing," but they are still strongly significant for SWB indicators related to mood and feelings. This could indicate the existence of two distinct cognitive processes for the evaluation of "experienced happiness" on the one hand and the evaluation of "life as a whole" on the other, one possibly more heterogeneous among participants than the other. 12Finally, we perform three additional analyses to examine the robustness of our results to variation in the sample composition. First, we include all the respondents regardless of their age (contrary to the previous results, where we included only individuals between 25 and 70). Second, we exclude participants with intermediate levels of consistency (between -0.5 and 0.5 standard deviation from the mean) and who could have been qualified as consistent or not by mistake. Third, we follow a matching strategy to correct the existence of observed heterogeneity between the two groups. In this case, we remove the respondents with a high probability (above 0.65) or low probability (below 0.35) of being classified as consistent given their observed characteristics. 13 In each of these cases, the results obtained are close to those of the main specifications (see Appendix C).

A theoretical framework

The aim of this section is to provide an explanation for the existence of systematic differences in the determinants of SWB depending on the consistency of individuals. As explained briefly in the Introduction, this theoretical framework relates to the existence of dual models of decision-making.

Note that our results are independent from the theoretical framework presented in this section. Indeed, the results introduced in the rest of the paper demonstrate a paradox contradicting the tacit assumption that SWB is observed and not inferred. Heterogeneous reactions of SWB to age or income depending on the response style of the subject should not exist if not due to the judgment process itself. It is this paradox that constitutes the main contribution of this paper, and the theoretical framework that follows is only an attempt to rationalize this result.

The stylized model

The first assumption of our model is that the respondent simultaneously possesses several thinking processes that she uses to determine an answer, and those thinking processes can be differently weighted in her deliberation. We restrict ourselves to only two thinking processes for the sake of simplicity, one that corresponds to intuition and the other to a higher level of reasoning. Then, we suppose that the respondent receives two different signals, which are given by those two distinct thinking processes. Thus, when answering a questionnaire, individuals do not passively observe data but rather actively make inferences about their SWB. Those two thinking processes give, on average, different evaluations of SWB from the same set of individual characteristics c, with y 1 (c) and y 2 (c). y 1 (c) and y 2 (c) can be considered as two different ways to infer SWB from c, and thus they can also be defined as mental models or representations. In this framework, the tacit assumption of an individual answering with "candor and accuracy" corresponds to a special case where the set of variables c corresponds to only one variable (a "true" happiness or life satisfaction state for instance), where the two functions, y 1 (c) and y 2 (c), are strictly equal.

We model the uncertainty about "what the answer should be" from the respondents' perspective by assuming that each thinking process has a stochastic component, with ỹ1 (c) and ỹ2 (c), two random variables such that

E( ỹ1 (c)) = y 1 (c) and E( ỹ2 (c)) = y 2 (c).
The noise structure of our setup is described in Hypothesis 5.4.1.

Hypothesis 5.4.1. Let us suppose ỹ1 (c), the signal given by model 1, such that ỹ1 (c

) = y 1 (c) + u 1 , V(u 1 ) = σ 2 1
and E(u 1 ) = 0, and ỹ2 (c), the signal given by model 2, such that

ỹ2 (c) = y 2 (c) + u 2 , V(u 2 ) = σ 2 2 and E(u 2 ) = 0. u 1
and u 2 are normally distributed. ω 1 and ω 2 correspond to the realization observed by the respondent of respectively ỹ1 (c) and ỹ2 (c).

We then assume that the individual chooses as an answer the expected value of her subjective distribution.

Moreover, we consider that the decision-maker (DM) believe there are no systematic differences between the results

given by the two thinking processes.

Hypothesis 5.4.2. Let us suppose that the DM chooses as an answer the expected value of the posterior distribution, where

y * (c) = E(y| ỹ1 (c) = ω 1 , ỹ2 (c) = ω 2 ). (5.7) 
The DM incorrectly thinks that the two signals she receives are drawn from the same model, i.e., y 1 (c) = y 2 (c), such that she is unaware of possible systematic biases between the two.

From those two hypotheses, it follows Proposition 5.4.1, that motivates the distinction of the population into different cognitive types according to the consistency showed by their answers.

Proposition 5.4.1. From Hypotheses 5.4.1 and 5.4.2, it follows that (i) there exists an optimal weight λ given to the first model in the answers of the DM with

ỹ * (c) = λy 1 (c) + (1 -λ)y 2 (c) + u ′ , (5.8 
)

where λ = σ 2 2 σ 2 1 +σ 2 1
and u ′ is a white noise normally distributed of variance

σ 2 1 σ 2 2 σ 2 1 +σ 2 2 .
(ii) if σ 2 is constant across individuals, the variance of the answers is a decreasing function of λ where V(u ′ ) =

σ 2 2 (1 -λ).
Proof. See Appendix A.

The interpretation of Proposition 5.4.1 (i) is straightforward; the weight given to one model over another depends on its precision. If we suppose that ỹ2 corresponds to intuition and ỹ1 to higher levels of reasoning, we also can assume that σ 2 2 is constant while σ 2 1 is specific to each individual. Indeed, the signal given by first impressions or heuristics in the decision process is available to everyone, while the quality of the information given by more sophisticated reasoning depends on the preferences and ability of the DM. 14 It follows that, a higher weight on intuition (or, according to our interpretation, a lower λ) is also associated with a higher variance in the answers (or a lower consistency), as demonstrated in Proposition 5.4.1 (ii).

Note that, as σ 2 2 remains unknown, this equation is not sufficient to provide a structural estimate for λ based on the consistency of the answers. However, for a relatively precise measure of V(ỹ), it is possible to rank individuals who, according to this model, rely more on intuition than the rest of the population. Thus, this model explains and predicts the possibility for individuals who are less internally consistent in their answers to have significantly different answer determinants, as y 1 (c) and y 2 (c) might also be different.

Precision of the answers and preference for consistency

We can relax the hypothesis of an exogenous σ 2 1 parameter by analyzing it in terms of second order preferences.

As there are no "true" or "rational" model in our framework, we can assume that the main goal of the decisionmaker is to formulate answers that have the lowest variance possible. With this hypothesis, the level of consistency observed in a questionnaire can be interpreted as a revealed preference for consistency, very close to the avoidance of cognitive dissonance in psychology (Festinger, 1954). Here we can assume that the reduction of σ 2 1 is possible at a constant cognitive cost γ. This cognitive cost is justified by the effort generally observed for an individual to go beyond her first impressions and activate a "strategic" reasoning (e.g., [START_REF] Kahneman | Thinking, fast and slow[END_REF].

Hypothesis 5.4.3. Let us suppose that the decision-maker chooses an answer that minimizes the loss function -V(ỹ)γe,

(5.9)

and that the variance of the first signal depends now on the effort of the DM, such that (i) There exists an optimal cognitive effort e * such that

σ 2 1 = σ1
e * = max{ σ1 √ γ - σ1 2 σ 2 2 , 0} (5.11) 
and

λ * = max{1 - √ γ σ1 σ 2 2
, 0}.

(5.12)

For an interior solution (λ * > 0), λ * is increasing in σ 2 and decreasing in γ and σ1 .

(ii) The variance of the answer V(ỹ) is a weakly increasing function of the cost of the signal provided by model 1

where

V(ỹ) = min{ σ1 √ γ, σ 2 2 }.
Proof. See Appendix A.

Proposition 5.4.2 (i) reveals that the weight given to the first model depends negatively on its cost and positively on the dispersion of the signal given by the second model. Those results hardly represent a surprise given our initial hypotheses.

Proposition 5.4.2 (ii) gives less intuitive results. First, we can see that the variance of the answers is increasing in the cognitive cost parameter γ. This is worth noting, as it means that the presence of higher γ in a population can be identified with a consistency indicator. Meanwhile, a higher γ also corresponds to a higher weight given to intuition, and systematic differences between the two models can, thus, also be identified. Second, the variance of the answers is here independent from the variance of the signal given by the second model for interior solutions.

This result is surprising, but it can probably be attributed to the parametric specification of this model.

Finally, from Proposition 5.4.2 (ii), we can also reinterpret the expression of V(ỹ) in terms of cost of precision, with precision here being classically defined as the inverse of the variance. Indeed, the precision of the first signal, π 1 , i.e., the inverse of σ 2 1 , is equal to e π1 , with π1 = 1/ σ2 1 . π1 can be interpreted as the gain in precision from an additional investment of one unit of cognitive effort. Thus, when below a certain threshold σ 2 2 , V(ỹ) = γ π1 . Meanwhile, the ratio γ π1 corresponds to the real cost of precision for an individual, where γ is the price and π 1 the quantity. Thus the variance of the answer is a concave function of the ratio γ π1 , or equivalently, of the real cost of precision.

As γ can also be interpreted as a parameter that drives preferences for consistency, there is a decreasing relationship between γ and the consistency directly observed in the data. We performed a simulation study to show how λ can be affected by the level of consistency of an individual. Figure 5.4.1 shows four different simulations, with a clear decreasing relationship between λ and the rank percentile of γ. In all those simulations, the distribution of the γ parameter follows a log-normal distribution of parameters 0 and 1 for simulations 1 and 2 and of parameters 0.5 and 0.5 for simulations 3 and 4. σ1 equals 1 in all our specifications, and σ 2 equals 2 in simulations 1 and 3 and 1.5 in simulations 2 and 4. Thus, we obtain four different scenarios, including low and high levels of γ and low and high levels of σ 2 . As we can see, the shape of the relationship between λ and γ is always decreasing, but it can also be very sensitive to the values of the structural parameters. The decreasing relationship between λ and γ can also generate different sensitivity to individual characteristics c, if, meanwhile, y 1 (c) is a function different from y 2 (c). Consequently, the nature of the determinants of SWB might be modified by a variation of γ, which is also reflected by a change in the consistency indicator. Thus, some coefficients in the regressions can depend on the level of consistency. If we suppose that the the two models are determined by a linear equation,

we obtain E(ỹ 1,it |x it ) = x ′ it β 1 and E(ỹ 2,it |x it ) = x ′ it β 2 and thus E(ỹ it |x it ) = x ′ it (λβ 1 + (1 -λ)β 2 )
. Assuming that the characteristics c are observable and that there exist differences between β 1 and β 2 , then, we can also observe systematic differences in the results of a regression depending on the value of λ, which is also proportional to the consistency level of the individual.

Discussion of the model and related literature

In the model above, low levels of consistency are connected with a higher weight given to intuitive answers. If this interpretation is correct, this two-model approach also fits the System 1/System 2 framework popularized by [START_REF] Kahneman | Thinking, fast and slow[END_REF]. For [START_REF] Kahneman | Thinking, fast and slow[END_REF], and Stanovitch and West (2000) before him, there exists a dual system of thinking, one intuitive, fast and dominated by a heuristics, and the second slower, more adapted to complex or abstract tasks but also more cognitively costly. Thus, within our framework, the intuitive answers and low consistency levels could reflect the use of System 1, while higher consistency levels might indicate the use of System 2. Our approach is also related to the more recent notion of cognitive uncertainty developed by Enke and Graber (2019). 15As noted in the introduction, our theoretical framework shares two central features with Enke and Graber (2019).

First, the existence of different degrees of reasoning also implies different noise structures. The existence of an error term is not added arbitrarily to fit the data but is, from the start, a characteristic of the model. The second element shared with Enke and Graber (2019) is that the cognitive processes can be reduced to a form of Bayesian inference, such that the DM is always uncertain of the optimality or accuracy of her decision or answer. Nevertheless, one key difference has to be emphasized: the status of intuition as a first signal. Enke and Graber (2019) do not consider the existence of two signals but rather the existence of a signal and a prior. This seemingly marginal difference could have important implications in terms of identification strategy.

In the context proposed by Enke and Graber (2019), the respondents would observe y 2 (c), which would be here the default option, but not y 1 (c). While the weight given to the first model is unaffected by this redefinition of y 2 (c)

and still corresponds to λ = σ 2 2 /(σ 2 1 + σ 2 2 ), where σ 2 2 is the variance in the prior beliefs, the variance of the answers is now not necessarily increasing in σ 2 1 . Indeed, the variance of the answers is decreasing in σ 2 1 if and only if

σ 2 1 > σ 2 2 ,
or equivalently, if λ > 0.5. Indeed, when σ 2 1 is high, the DM relies on the default option to choose her answer.

As the default option is always known for Enke and Graber (2020), respondents always keep the same answer for an infinitely large σ 2 1 , and simultaneously display a high level of consistency. The relationship between λ and the variance of the answers is not strictly decreasing but rather increasing and then decreasing. Thus, the model of cognitive uncertainty proposed by Enke and Graber (2019) may explain our results, but only by adding relatively strong assumptions about the values of σ 2 1 and σ 2 2 .

It is thus important for our model's validity to clarify the status of intuition in this framework and whether we have to model it as a prior or as a first signal. We can first observe, in the case of survey responses, that no default option is salient, and there exists no obvious reference answer that could be systematically chosen by an unsophisticated respondent (which differs from the experiments studied by Enke and Graber, 2019). Moreover, as neither model is more accurate than the other, and as there are no true or rational answers, the role of the two models have to be symmetrical. Thus, there is no reason to believe that one constitutes a prior belief while the other should be a signal. As a result, we believe our model is better adapted to the issue of survey answers.

At the moment, the main limitation of this model for empirical purposes is that it cannot be structurally estimated.

The mental models of the agent (y 1 (c) and y 2 (c)) necessarily remain unknown because the weight given to those models (λ) is never directly observed. For any indicator we could choose as a proxy for λ, such as the consistency level in the previous sections, it would be dubious to suppose that the highest or the lowest observed values in the data correspond to λ = 0 or to λ = 1. 16 If a variation in the individual characteristic c impacts SWB differently depending on the cognitive type of the subject, we can deduce that there exist heterogeneous judgment models among the respondents-but unfortunately, we cannot measure the magnitude of those differences.

Discussion

We believe the main implication of our results is that definitive conclusions about well-being should be based on measures that are less dependent on measures less dependent from personal judgment. While a self-reported elicitation of SWB cannot be completely ignored-happiness being an inner psychological state-this measure seems too sensitive to the cognitive style of a respondent to give reliable results on its own. Among other examples, the prescription of anti-depressants, as studied in [START_REF] Blanchflower | Antidepressants and age: A new form of evidence for u-shaped wellbeing through life[END_REF], constitutes a complementary piece of information that could draw more attention, in particular as administrative databases containing with this type of variables are increasingly made available to researchers.

Further, self-reported procedures could become more rigorous with a better understanding of the judgment process of the participants and by increasingly considering questions and data related to the evaluation process hard the respondents found the questionnaire. However, in this latter case, such variables are very sensitive to reverse causality problems; all those variables can be considered outcomes of the same cognitive process, and it is unclear how some, such as the response time or cognitive effort, could be considered as causal determinants of others. Meanwhile, the existence of different cognitive types measured by a completely different set of questions, as investigated in this paper, can be more easily considered exogenous.

The other main implication of our results is that crucial determinants of SWB impact answers differently depending on their cognitive type, such that it is difficult to determine the real causal effect of the determinants. The association between income and happiness could thus be attributed by the judgment process of the respondents, or at least could be significantly affected by it. Indeed, the relationship between income and life satisfaction seems to be primarily driven by the "inconsistent respondents." According to our interpretation of the results, those respondents are the most likely to use heuristics to answer the questions. [START_REF] Kahneman | Thinking, fast and slow[END_REF] explains heuristics as the substitution of a complex question with a simpler one. We could assist to the same thought process here: "nonconsistent" respondents may have substituted the evaluation of their lives in psychological terms with an evaluation based on income-which would likely result in less accurate but more accessible answers (see also [START_REF] Kahneman | Would you be happier if you were richer? a focusing illusion[END_REF][START_REF] Kahneman | Thinking, fast and slow[END_REF][START_REF] Kahneman | High income improves evaluation of life but not emotional well-being[END_REF], for additional evidence on this question). In this context, it is worth noting that decision heuristics and the existence of social constructs (or narratives) about happiness are two faces of the same coin. Representations about what make people happy also constitute a "checklist" that respondents can easily manage to provide an answer to a difficult question. Regarding the effect of age, we can adopt a similar interpretation, with respondents using the "mid-life crisis" narrative to make a decision. Personality traits, however, are probably less directly considered by the participants in the surveys, and the stability of their effects in our two groups might indicate that they constitute authentic factors of SWB. 17Methodologically speaking, the indicator of consistency we propose in this paper can be used for many purposes.

In particular, we believe our statistical design could be extended to various topics where the judgment process of an 18At the moment, the main limitation of the study is that we cannot measure the performative aspects of the judgment process regarding SWB. While we provide evidence that the assessment of happiness could be dependent on the evaluation process itself, the representations forged in those processes could have real effects. In other words, beliefs about what makes an individual happy can be crucial to her actual well-being. With our methodology, it seems impossible to differentiate cases where differences in cognitive styles change only the judgment processes of individuals from cases where their SWB is also indirectly influenced by it. However, [START_REF] Kahneman | Would you be happier if you were richer? a focusing illusion[END_REF] indicate that income has a positive impact on self-reported happiness but little influence on mood reported on a daily basis. As a consequence, the heterogeneity observed here probably plays a more fundamental role in an a posteriori reconstruction of happiness than in the experience of more positive emotions in everyday life.

Conclusion

This paper establishes the existence of heterogeneity in the evaluation of the SWB caused by the cognitive type, or response style, of the respondents, which should not exist in the case of individuals observing a well-defined variable. In particular, we show that the consistency displayed by a respondent in her answers significantly mitigates two of the most studied determinants of SWB: age and income. Thus, we demonstrate that the conclusions about happiness found in the literature might reflect, at least in part, the judgment process of the individuals. As such, the main implication of this paper is that future studies should be more cautious about conclusions drawn from self-reported variables, or "happiness scales." From a methodological perspective, we develop a new indicator of consistency and suggest this work could also be extended to examine other self-reported variables.

Then, the product of the density of the two signals can be rewritten as

f (ω 1 |y, σ 1 )f (ω 2 |y, σ 2 ) = e -(y-µ * ) 2 σ * 2 √ 2πσ * 1 2π(σ 2 1 + σ 2 2 )
.

And thus

+∞ -∞ f ( ỹ1 |y, σ 1 )f ( ỹ2 |y, σ 2 )dy = 1 2π(σ 2 1 + σ 2 2 )
.

From the two previous equations, the posterior distribution is thus given by the density

f post (y|ω 1 , ω 2 ) = e -(y-µ * ) 2 σ * 2 √ 2πσ *
which corresponds to, by definition, to a normal distribution of expected value µ * and of standard error σ * .

If we suppose λ = σ 2 2 /(σ 2 1 + σ 2 2 ), and that the answer of the DM corresponds to the expected value of the posterior, then the average is:

ỹ = λ ỹ1 + (1 -λ) ỹ2
and we obtain equation ( 8) in the main paper by rewritten ỹ1 and ỹ2 as y 1 + u 1 and y 2 + u 2 . Thus;

ỹ = λy 1 + (1 -λ)y 2 + λu + (1 -λ)u ′ or ỹ = λy 1 + (1 -λ)y 2 + u ′′ with u ′′ = λu + (1 -λ)u ′ σ 2 1 σ 2 2 σ 2 2 (σ 2 1 + σ 2 2 e * ) 2 = γ σ 1 σ 2 2 σ 2 1 + σ 2 2 e * = √ γ 1 σ 2 1 + σ 2 2 e * = √ γ σ 1 σ 2 2 σ 2 1 + σ 2 2 e * = σ 1 σ √ γ σ 2 1 + σ 2 2 e * = σ 1 σ √ γ e * = σ 1 √ γ - σ 2 1 σ 2 2
Now, we can compute σ 2 1 from e * :

σ 2 1 = σ1 2 /e * σ 2 1 = σ1 2 σ1 √ γ - σ 2 1 σ 2 2 σ 2 1 = 1 1 √ γ σ1 -1 σ 2 2 σ 2 1 = √ γ σ1 σ 2 2 σ 2 2 - √ γ σ1
From σ 2 1 , we can compute λ at the equilibrium:

λ = σ 2 2 √ γ σ1σ 2 2 σ 2 2 - √ γ σ1 + σ 2 2 λ = 1 √ γ σ1 σ 2 2 - √ γ σ1 + 1 λ = σ 2 2 - √ γ σ1 √ γ σ1 + σ 2 2 - √ γ σ1 λ = 1 - √ γ σ1 σ 2 2
From σ 2 1 and λ we finally get the variance of the answers with:

V ar(ỹ) = σ 2 1 σ 2 2 σ 2 1 + σ 2 2 ( σ1 √ γ - σ 2 1 σ 2 2 ) V ar(ỹ) = σ 2 1 σ 2 2 σ 2 1 + σ 2 2 σ1 √ γ -σ 2 1 V ar(ỹ) = σ 2 1 σ 2 2 σ 2 2 σ1 √ γ V ar(ỹ) = √ γσ 1
Combining the cases of an interior solution and of a corner solution, we obtain Proposition 5.4.2. Note: for the variables in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5 %). For all the variables, the significance levels are * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in brackets. Note: for the variables in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5 %). For all the variables, the significance levels are * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in brackets. Note: for the variables in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5 %). For all the variables, the significance levels are * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in brackets. Note: for the variables in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5 %). For all the variables, the significance levels are * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in brackets. Note: for the variables in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5 %). For all the variables, the significance levels are * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in brackets. Note: for the variables in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5 %). For all the variables, the significance levels are * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in brackets. Note: for the variables in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5 %). For all the variables, the significance levels are * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in brackets. Note: for the variables in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5 %). For all the variables, the significance levels are * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in brackets. of parents in terms of educational attainment in the child's environment, independently from the effect of the parents' education in absolute terms. Using the number of schooling years as a proxy for the level of education, we show from a large Israeli database that the rank of the parents among those of the children's peers is a significant predictor of school performance. According to our estimates, a large improvement of the relative position of the father, in particular, is associated with an increase in the probability of qualifying for university by 17%. Using a simple reference-dependent preferences model, we show that this result can be explained by an increase in the effort made by the child at school. On an auxiliary dataset of primary and middle school pupils, we confirm that, indeed, the parents' rank in terms od education is significantly correlated with the time spent on homework. Our results also suggest that the parents' rank impacts the child's well-being at school and her fear of being victimized by other pupils.
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Introduction

The strong correlation between parents' level of education and their children's academic performance is one of the most fundamental and robust results of the economics and sociology of education (e.g. [START_REF] Becker | Human Capital[END_REF][START_REF] Coleman | Equality of Educational Opportunity[END_REF]. Indeed, this relationship is documented for any region of the world and in any time period for which we have relevant data [START_REF] Bj | Education and family background: Mechanisms and policies[END_REF]. This "heredity of education" has been a constant concern for economics because it reveals a lack of equality of opportunity, a principle at the heart of the foundations of modern democracies.

In this article, we aim to contribute to the literature on the intergenerational mobility in education by exploring the role of a new factor: the relative position of the parents among the peers' parents. Our research is primarily motivated by recent evidence suggesting that a child's relative position among her peers has an impact on her future academic performance, even after controlling for their past performance in absolute terms. Murphy (2011). We then measure the rank of the parents in terms of level of education in each school cohort using the number of schooling years as a proxy variable. Our results reveal that the relative position of the parents in the school's cohort is both statistically and economically significant, with an effect more pronounced for the father than for the mother. Thus, according to our estimates, a change from the bottom decile to the top decile of the father's rank distribution increases the probability of qualifying for university by 17% for an average student.

To explain this phenomenon, we propose a stylized model where the student makes a trade-off between her level of effort and her academic results. We add to this classical framework a reference-dependent behavior, with the presence of loss aversion if the pupil does not achieve the academic result she adopts as her reference point.

We further assume that the parents' academic performance has an impact on this reference point, so that a student whose parents rank high in the school cohort accept a relatively high level of effort to maintain what she considers a high social status. As we will see in the next sections, this framework can explain both the existence of an "intergenerational" and a "student-level" rank effect, which is not the case for the existing models in the literature.

We test the key features of this conceptual framework on an additional large dataset containing a comprehensive questionnaire of Israeli middle school students, as well as some alternative or complementary mechanisms. This auxiliary dataset, also used by Lavy and Schlosser (2011), contains 484,250 pupils, 1,302 schools, and 5,975 cohorts, enrolled in the Israeli school system from 2002 to 2005. From this questionnaire, we demonstrate that pupils whose parents rank high in the cohort tend indeed to be more invested in their studies, working more at home than the other students. However, we also show that the relative position of parents in the cohort is significantly associated with the quality of life at school, with effects on subjective well-being, feeling of injustice, and even fear of being victimized by other students. Overall, we also believe that those results deepen our understanding of the nature of the rank effects found in the literature, by providing the case of a rank effect determined at a group level (i.e., the family) rather than at an individual level.

This paper proceeds as follows. In the second section, we give a brief overview of the two currents of literature that this study brings together: the literature on the intergenerational mobility in education and the more recent literature on the rank effect at school. In the third section, we explain how the relative position of parents may affect a child's academic performance through a stylized reference-dependent model. Then, in the fourth section, we detail the data used for this study, and in the fifth section, our identification strategy. We present our main results in the sixth section, along with additional results from the questionnaire data and various robustness checks. Finally, we discuss the limitations of the present study and its implications for future research.

6.2 Background literature and motivation: between rank effect and intergenerational mobility

Intergenerational mobility in education

The theme of intergenerational mobility in education has given birth to an abundant literature in economics. One of the most significant discussions in this field concerns the respective role of genetic and environmental factors.

Several identification strategies have been developed for this purpose. Sacerdote (2004) and [START_REF] Plug | Estimating the effect of mother's schooling on children's schooling using a sample of adoptees[END_REF] The literature attempting to determine the nature of these environmental factors seems comparatively less developed. Nevertheless, several transmission channels have been discussed. A first factor frequently evoked is the improvement of the cognitive development of the child because of the education of the parents. Most particularly, higher education tends to enrich the vocabulary used by parents [START_REF] Hart | Meaningful differences in the everyday experience of young American children[END_REF][START_REF] Fernald | SES differences in language processing skill and vocabulary are evident at 18 months[END_REF], and several studies have reported that exposure to a large vocabulary at an early age has a significant and positive impact on linguistic growth rates, and therefore on academic success (Weisleder and Fernald, 2013). More generally, educated parents seem to have better parental knowledge [START_REF] Cunha | Eliciting maternal expectations about the technology of cognitive skill formation[END_REF] and parenting styles more favorable to learning than other parents (see also Heckman and Mosso, 2014, for a review of the literature on this issue).

A second possible channel of transmission is the parents' incomes. Higher incomes can impact children's educational outcomes by an increase of the financial investment of the parents in education, or by removing borrowing constraints. However, evidence for an effect of exogenous changes in incomes on children's education has been relatively inconclusive (see Løken, 2010, and Chevalier et al., 2013, for contrasting results). A third transmission channel is proposed by [START_REF] Piopiunik | Intergenerational transmission of education and mediating channels: Evidence from a compulsory schooling reform in germany[END_REF], who suggests that an improvement in parental education could also modify the intrinsic value given to academic success by the child and her family. Finally, self-fulfilling prophecies could also exist in this context: children from higher backgrounds may have higher expectations or higher long-term goals that cause them to have more self-confidence, accept a higher level of effort or take more risks to comply with the standard set by their parents (see [START_REF] Sewell | Parents' education and children's educational aspirations and achievements[END_REF] While each of these transmission channels may be important, no attention has been paid to a potential factor limiting intergenerational mobility in education: the relative position of parents among their peers. Indeed, we do not know whether the effect of the parents' school attainments is due to their level of education per se or to their relative social position in the child's environment. While this hypothesis is closely related to the self-fulfilling prophecies mechanisms developed above, a focus on the relative position of the parents, not in society, but in the immediate environment of the child (e.g., among the parents of her peers), makes this theory more easily testable. Moreover, the hypothesis of an effect of the relative position of parents on performance seems perfectly in line with the research on rank that has been developed in recent years, and which is rapidly becoming a central issue in the economics of education.

The rank effect in education and beyond

The role of the relative position among peers on the student's self-image has been documented early in the psychological literature. [START_REF] Marsh | Determinants of student self-concept: Is it better to be a relatively large fish in a small pond even if you don't learn to swim as well[END_REF] famously coined the expression "Big fish, little pound effect" to refer to this phenomenon. According to [START_REF] Marsh | Determinants of student self-concept: Is it better to be a relatively large fish in a small pond even if you don't learn to swim as well[END_REF], a student favored by an excellent relative position in her cohort or classroom tends on average to be more confident in her ability, even when we control for her performance level in absolute terms. Although this result has been very fruitful in psychology (see [START_REF] Fang | The big-fish-little-pond effect on academic self-concept: A meta-analysis[END_REF], for a comprehensive literature review), it has only recently been the object of a renewed attention from economists-probably thanks to the increasing availability of large administrative databases in education.

The paper at the origin of this renewed literature is Murphy and Weinhardt (2020), who demonstrate on a large British dataset that the rank in elementary school has an impact on future academic performance at age 14. They provide evidence that this effect is more substantial for male than female students and that a critical mechanism for this result could be the improvement for a student of her beliefs concerning her ability. The long-lasting effect of rank at an early age is confirmed in [START_REF] Denning | Class rank and long-run outcomes[END_REF], who show that the rank in elementary school significantly impacts earnings 19 years later. Elsner and Isphoring (2017) document a similar results from the addHealth database.

They found that the relative position in the school cohort has a substantial impact on various long-term educational outcomes, particularly the probability of completing a four-year degree after high school. Yu (2020) provides additional evidence on this issue using Chinese data. More importantly, Yu (2020) is the first to consider the students' beliefs about their relative position in his analysis. Thus, he also gives more arguments for the "self-confidence" explanation already introduced in Murphy and Weinhardt (2020). Elsner and Isphoring (2018) document additional ranking effects outside academia, some of them with severe consequences. In the long run, the rank in high school impacts smoking behavior, unprotected sex, and the probability of engaging in fights. Finally, on a more anecdotal note, [START_REF] Elsner | Achievement rank affects performance and major choices in college[END_REF] show that students that benefit from a positive ranking effect tend to pursue their study in their major, while others more easily shift to different fields, still independently from their performance in absolute terms.

These variations around the "big fish, little pound effect" theme thus constitute a recent but robust branch of the literature. Moreover, the existence of a rank effect can be demonstrated outside education, and the effect of the relative position among peers as a determinant of well-being is confirmed in multiple settings. For instance, [START_REF] Card | Inequality at work: The effect of peer salaries on job satisfaction[END_REF] show that an employee's job satisfaction depends on her place in the income distribution of her firm, even for the same wage in absolute terms, and Clark et al. (2009) find a similar effect using the relative position in the earnings distribution of small neighborhoods (see also Perez-Truglia, 2020, for consistent results).

In other contexts, it has been demonstrated that individuals are also willing to increase their effort to improve their relative position among peers, everything else being equal. [START_REF] Gill | First-place loving and last-place loathing: How rank in the distribution of performance affects effort provision[END_REF] reveal in a laboratory experiment what they call "first-place loving and last-place loathing effects," namely that individuals are willing to increase their effort to improve their rank when they are at the top or at the bottom of a given distribution (concerning the existence of a last-place aversion, see also [START_REF] Kuziemko | last-place aversion": Evidence and redistributive implications[END_REF]. Similarly, in education, introducing a feedback regarding the relative position in exams tends to increase the students' performance [START_REF] Azmat | The importance of relative performance feedback information: Evidence from a natural experiment using high school students[END_REF], and this effect benefits most particularly to participants at the bottom of the grades distribution. 1 Finally, Blanes I Vidal and Nossol (2011) also report a similar phenomenon with employees in the workplace. The importance given by the economic In (6.2), λ represents the asymmetric treatment of gains and losses, or the loss aversion of the decision-maker, and therefore can be considered greater than one.

To capture the effect of an initial rank among peers from this reference-dependent model when several agents are interacting together, we simplify the decision problem of the student. From now, she can only choose between two levels of education, or equivalently, levels of academic performance, e h and e l , with e h > e l . We label u h the direct utility given by the high-performance level and u l by the low-performance level. The cost for the low level of performance is c l , and the cost of the high level of performance c i is individual and depends on the student's ability. This simplification assumption captures the idea that low levels of performance are accessible for a minimal investment common across subjects, and at which little heterogeneity in terms of cognitive ability is observable.

Hypothesis 6.3.3. Let J be a set of N pupils or players. The set of actions of the player i, with i ∈ J is determined by E = {e h , e l }, with e h > e l . The payoffs of the player i are described in hypotheses 1 and 2 with now u i (e l ) = u l , u i (e h ) = u h , c i (e l ) = c l and finally c i (e h ) = c i . Thus, the heterogeneity in terms of ability is captured by c i , the cost of achieving a high level of performance.

We call the function s(e) the total proportion of students choosing a high level of education and s ′ (e -i ) the total proportion of students choosing a high level of education while the student i chooses a low level. Then, we suppose the following reference point fixation rule: Hypothesis 6.3.4. The reference point adopted by the player is given by the following function:

e r (e) =      e h if s ′ (e -i ) > 1 -r 0 e l otherwise, (6.3) 
with r 0 , the reference rank of the agent. r 0 is expressed in percentile rank such that r 0 = 0 and r 0 = 1 are the best and the worst relative position possible, respectively.

Hypothesis 4 means that the reference point is high if the share of students who provide a high performance is superior to the rank she seeks to maintain, and low otherwise. Then, the behavior of the student can be deduced from Proposition 1. Proposition 6.3.1. Let us suppose N players whose the payoffs are described by hypotheses 6.3.1 to 6.3.4. Thus, (i) The best response of player i can be described by

e * i (s ′ (e -i )) =            e h if (u h -u l > c i -c l ) or (u h -u l > ci-c l 1+κ(λ-1
) and s ′ (e -i ) > 1r 0 ) e l otherwise (6.4) of education to preserve what she sees as an advantageous relative position, we will verify that we observe an increase in the student's investment in her studies, as measured by the time dedicated to homework.

The Israeli education system, data, and descriptive statistics

To document the existence of an intergenerational rank effect, we use two distinct datasets, originally used by Lavy and Schlosser (2011). Although the question Lavy and Schlosser (2011) address is radically different from ours, since they study how the proportion of girls in the school cohort affects student performance, these two unique datasets are very suitable for our purposes. The first and primary dataset from this paper comprises comprehensive administrative records containing all the students from Israeli secular high schools from 1995 to 2002, including 404,929 individuals observations, 265 different schools, and 1,900 different cohorts. These data contain the educational achievement of the students (see below), and their gender, as well as their family background (the education level of the parents in terms of schooling years, the number of siblings, their ethnicity, and whether they are recent immigrants or not). Only a small share of participants have missing values for the education level of at least one parent (about five percent). Unfortunately, these data do not contain enough variables to test the possible mechanisms that could drive our results. As a second-best solution, we rely on an auxiliary dataset from Israeli elementary schools that contains an extensive questionnaire about the child's attitude and behavior, but no information about the school performance. Before introducing the two databases used for this study in further detail, it seems necessary to explain some elements of the secondary education system in Israel.

Institutional setting, high school data, and elementary and middle school data

Like in many school systems, the Israeli ministry of education organizes a nationwide series of exams each year required to obtain a high school diploma. This degree is called the Bagrut (or in English the matriculation certificate) and is required to apply to national universities.

In contrast with many high-school certification exams, however, there are two specific elements to the Bagrut that should be taken into account. First, there exists a remarkable degree of freedom left to the students in the choice their exams. To obtain the Bagrut, a student must validate 20 credit units by enrolling in mandatory subjects (Hebrew or Arabic grammar and composition, English, mathematics, knowledge of the nation and State, and literature) or elective subjects (other foreign languages than English, physics, chemistry, social sciences, etc.). Most exams are available at different difficulty levels, the most challenging exams giving more credits than the others (up to five credits). Students should validate at least one exam with the highest level of difficulty, most likely the field they plan to study at university. The second specificity of this exam is that it is not compulsory, and a student may terminate high school without passing it. In this case, she can obtain a high school certificate different from the Bagrut, which We draw our second dataset of elementary and middle school pupils from the GEMS panel,3 a series of tests and questionnaires realized under the supervision of the ministry of education, from 2002 to 2005. The questionnaire used for this study includes more than twenty variables concerning the attitudes in the classroom and opinions toward the teachers and the education system in general, as well as self-reported behaviors. We focus on seven variables that the relative position of the parents in the cohort could affect and that could, in turn, impact the educational outcomes of the child.

The first variable is the self-reported number of hours dedicated to homework per week and is used to test the relevance of our model, which also predicts an increase in the effort displayed at school. To be more precise, the pupil reports here the average hours spent in mathematics, sciences, English, and Hebrew (or Arabic), and we sum the four answers to obtain our variable of interest. Note that, as the number of hours reported for each field could not exceed six hours in the responses, this variable might be slightly downward biased for some students.

We also consider several qualitative indicators measured through different Likert scales from 1 (absolute disagreement with the statement tested) to 6 (absolute agreement). These variables indicate whether the child (1) understands the school requirements, ( 2) is regularly involved in fights at school, (3) is scared of violent pupils, (4) feels she is unfairly treated by teachers, ( 5) feels supported at school in case of trouble, and (6) generally feels good at school (see Table 6.4.2). The new database now contains 484,250 pupils, 1,302 schools, and 5,975 cohorts (see Figure 6.4.2). Note that the missing values are now more important for the parent education, with a rate of 13%. Moreover, the average education of the parents seems now higher-which is unsurprising since those data were collected more recently.

The rank variable

We rank the parents in terms of educational achievement based on their number of schooling years. As in Murphy and Weinhardt (2020), we correct the rank variable from the cohort's size, using the rank percentile variable, with

Rank percentile = 1 - Rank position -1 Cohort Size -1 . (6.6)
However, in this study, we encounter an issue not posed in previous works on the rank effect. Indeed, many parents share precisely the same number of years of education (see Figures 6.4.2 (a) and 6.4.2 (b)). This departs from the past literature since the pupil's rank generally depends on a continuous variable, such as the average grade, and not on a discrete one, such as ours. To deal with this new issue, we took the average of all the possible ranks that could be assigned to the same observation. Note: This table displays various descriptive statistics regarding the sociodemographics in our two datasets, as well as complementary information regarding the average academic achievement of different sociodemographic categories. The first two first columns introduce the proportion of observations by gender, ethnicity, immigration status (recent immigrant or no), number of schooling years for the father and the mother, in the databases at a high school level (HS data) and at a middle school or elementary school level (EMS data). For the HS data, the third column shows the proportion in the database of students obtaining the Bagrut and of the average grade of the students who obtained the Bagrut, still by sociodemogrphics. and the mother, respectively. As we can see, the rank variable is not precisely uniformly distributed because of its construction and possesses a mode around 0.5. The principal concern for the validity of our study is the existence of enough differences between the parents' relative position in the school cohort and their position at a national level, such that the effects of both can be identified. Indeed, given the size of the cohorts (generally more than one hundred students, see Figures 6.4.2 (e) and 6.4.2 (f)), there exists a risk that the relative and the absolute education levels, or the relative position in the school cohort and the relative position at a national level, are interchangeable. To analyze the relationship between the two, we rescale the education outcomes of the parent in terms of percentile rank at the national level for a given year and we label this variable the "generation rank." Unsurprisingly, the two variables are strongly correlated, with coefficients of about 0.87, both for mothers and fathers. Nonetheless, the rank in the cohort is far from being entirely determined by the generation rank. Figure 6.4.4 presents a matrix with the generation rank in the y-axis and the cohort rank in the x-axis. 4 As we can see, even though most of the observations are distributed along the diagonal, there is enough variation to distinguish the generation and the cohort ranks' respective effects. For instance, at the median level of the "generation rank," we observe hundreds to thousands of students for whom the cohort rank of the father or the mother can be either extremely high (above 0.9) or extremely low (below 0.1), depending on the cohort in which they are enrolled.

Empirical Strategy

As stated earlier, the main variable of interest in this paper is the dummy variable which takes 1 if the student meets the requirements to pursue a university education at the end of high school. To test the effect of the parent rank, we suppose classically that the dummy variable "meeting the requirements to go to university," y ij , is defined by the latent variable, y * ij , such that

y ij =      1 if y * ij > 0, 0 otherwise. (6.7)
We furthermore adopt a standard panel model for the latent variable y * ij , that describes the unobserved educational outcome of a student i that belongs to a cohort j. y * ij is thus in turn defined by

y * ij = x ′ i β + f rank (Rank i ) + f p (Mother Educ i , Father Educ i )+ µ j + ϵ i . (6.8)
In (6.8), x ′ i is the set of individual characteristics used as control variables. These include the fourth-order polynomials of the mother's and father's generation rank. The other control variables are ethnicity, gender, the number of siblings, and a dummy that takes one if the student is a recent immigrant. f rank (•) is a function of the rank of a parent. f p (•, •) is a "production function" that gives the average educational outcome for each possible combination of parental education. µ j is a cohort-specific fixed effect that captures idiosyncratic shocks such as the specific ability of a teacher (Chatty et al., 2014) or the presence of a disruptive peer [START_REF] Carrell | The long-run effects of disruptive peers[END_REF]. Finally, ϵ i corresponds to an error term that we suppose normally distributed.

In our first model, we assume f rank (Rank i ) is a linear function such that f rank (Rank i ) = β rank Rank i , and we let the non-parametric elicitation of this function to the next sections. We finally suppose a fixed effect for each possible combination of parental education levels, with eight different levels for the mother and eight different levels for the father. This gives us the following equation:

y * ij = x ′ i β + β Rank Rank i + 8 k f =1 8 km=1 β k f ,km λ I({λ k f ,km }) + µ j + ϵ i . (6.9) 
In (6.9), I({λ k f ,km }) corresponds to the dummy that takes 1 if the education level of the father is k f and the education level of the mother is k m , and 0 otherwise, and we set the reference value such that β 5,5 λ equals 0. When one observation can take a range of several percentile ranks, because of the presence of several observations with the same number of schooling years, a value is selected randomly inside this range (we call this new variable, for lack of a better term, the simulated rank). Note that otherwise, because the number of schooling years is discrete and not continuous, we would have to keep empty lines in the matrix. For more readability, the gradation is done in log-10 (with an assimilation to values below 10 to 0).

For the average grade, that is, as we have already seen, a continuous variable, we classically suppose an OLS model. Then, we keep only the students meeting the requirements to go to university and consider possible selection biases through the Heckman's correction. We thus add the inverse Mills ratio (IMR) to the set of exogenous variables, and we obtain

g ij = x ′ i β + β Rank Rank i + 8 k f =1 8 km=1 β k f ,km λ I({λ k f ,km }) + β IM R IM R i + µ j + ϵ i , (6.10) 
with g ij the average grade of the student i that belongs to the cohort j. The IMR for the student i is in turn given by

IM R i = φ( ŷ * i ) 1 -Φ( ŷ * i ) , (6.11) 
with φ(•) the density of a standard normal distribution, Φ(•) its cumulative distribution function and ŷ * i , the latent variable predicted by the probit model above.

Results

The presentation of our results is structured as follows. Section 6.1 first introduces our estimations of the effect of the parents' ranks on the child's educational attainment at a high school level. Section 6.2 discusses the main result from the previous section in more depth with a semi-parametric framework. In Section 6.3, we focus on the attitude and behavior of children using questionnaire data at an elementary or middle school level. Finally, Section 6.4 is dedicated to a series of robustness checks.

Results from the high school data and gender heterogeneity

The main estimates of the effect of the parent's rank in the cohort are described in Table 6.6.1. In the case of the success at the Bagrut, we observe that the father's and the mother's ranks are both strongly significant. For an average student, an extreme change in the father's relative position, from 0 to 1, implies an increase of the chance to obtain the Bagrut by 17% (or 8 percentage points). For more realistic changes, with an increase in the percentile rank by 0.1, the probability to meet the requirement to go to university is increased by 1.6% (or 0.8 percentage points). This improvement is comparable to the results from Elsner and Isphoring (2017), who found a similar effect for the student's rank in high school on the probability of completing a four-year degree in the future. Thus, the intergenerational "big fish, little pound" effect revealed in this paper seems of the same magnitude as the rank effect at a student level. The effect of the rank on the average grade does not seem, on the other hand, to be significant. This null result is not very surprising given that the Bagrut is, as we have already said, far from being standardized. Any positive effect on the school performance would be tempered-or even possibly reversed-by the likely self-selection of the best students on more complex topics or exams. It is probably why the average grade is also poorly predicted by the student's family background, with an R-square of only 0.19, even when we include cohort fixed effects. Moreover, we could already note in the data section that the average grade was not strongly impacted by sociodemographics, contrary to the success rate at the Bagrut (see Table 6.4.2). 5One of the most striking aspects from Table 6.6.1 is the asymmetry between the effect of the mother's and the father's ranks. Indeed, the effect of the parent's rank is twice as important for the father as for the mother. The difference between the two coefficients is, nevertheless, only marginally significant with a p-value of 0.052. In Table 6.6.2, we explore more in-depth this gender heterogeneity by first running a model that simultaneously includes the mother's and the father's ranks (Model 1, Table 6.6.2). This model reveals that only this latter is now significant, which could indicate a specific role of the father's relative position among peers that we will discuss later. We introduce the interaction term gender × (rank -0.5) in the previous estimates to test whether the parent's rank has also a heterogeneous effect on female or male students. 6 We also introduce into the models the interaction terms gender × (rank generation -0.5) both for the mother and the father. With this latter term, we take into account the possibility that the female or male students differently benefit from their family background (Models 2 to 4, Table 6.6.2). In this specification, the father's rank and the mother's ranks in the cohort do not have a significantly different impact on male or female students. Additionally, we unsurprisingly find that female students tend to outperform male students on average-a phenomenon extensively documented in Western countries in the last few decades (e.g., [START_REF] Freudenthaler | Predicting school achievement in boys and girls[END_REF].

The difference in the effects of the relative position of the father and the mother are surprising since the levels of education of both parents, expressed in absolute terms, seem equally determinant in the success at the Bagrut (see Table 6.4.1). At least two explanations, not mutually exclusive, can be proposed for this asymmetry. First, there could exist a gender bias, such that the students pay more attention to the relative position of their father than of their mother. This hypothesis seems consistent with social norms encouraging competition more among males than among females, on which we now have an extensive literature (e.g., Flory et al., 2015). Thus, the father's rank might be more salient to the child herself. Also, it seems possible that the father's rank is a stronger predictor of the overall relative social status of the household in the cohort because the employment rate is generally higher for men than for women, as we will see in the discussion section.

Semi-parametric specification

To check the possibility of a non-linear rank effect, we also propose a semi-parametric specification, where (6.9) becomes Note: This table shows the coefficients of the probit model with the qualification for university as dependent variable, and with a non-parametric specification (see (6.12) in the paper). Model 1 corresponds to the results with the inclusion of fourth-order polynomials of the rank of the parents in the generation and Model 2 without them. Model 2 makes possible the comparison between the effect of the relative position, the effect of the education of the father in absolute terms and the effect of the education of both parents. The standard errors are introduced in brackets. The significance levels are * * * : p < 0.01, * * : p < 0.05, * : p < 0.1. I({δ k }) corresponds now to the dummy that takes 1 if the rank of the parent is the kth decile and 0 otherwise, and β δ to the average effect of each rank decile in comparison with the reference rank decile (the 5th decile). 7 Note that, motivated by the results of the previous section, we will focus our analysis here only on the non-linear effects of the father's rank.

y * ij = x ′ i β +
Interestingly, with the non-parametric approach, it becomes relatively easy to compare the effect of the relative position of the father with the effect of its level of education in absolute terms. For identification purposes, we now drop the "generation rank" variable from the set of predictors, as well as its polynomial transformations. Indeed, this rank is often not different to the level of education in absolute terms, also measured with the β k f ,km λ coefficients.

This new specification corresponds to "Model 2" in Table 6.6.3, while "Model 1" corresponds to the model with the "generation rank" added as a co-variable. As we can see the coefficients obtained for the rank of the father are only marginally affected when we drop the generation rank.

We use the coefficients β k f ,km λ to measure the impact of the education level of the parents. More specifically, to measure the impact of the father's education, we fix the mother's level of education at its reference value, which is 4, and that regroups approximately the 4th, 5th, and 6th education deciles (or equivalently, a high-school level of education). The effect of the father's education is thus measured by β 6.6.4, the education of the parents in absolute terms is a stronger determinant of academic success than the relative position of the father in the cohort. However, measuring their respective impacts by the value of their coefficients in the probit model, we can say that moving from the first to the last decile in terms of relative position has 25% of the effect of moving from the last to the first decile in absolute terms. Moreover, at the bottom of the two distributions-the first deciles of the rank distribution and of the schooling years distribution-the increase of the father's rank has the same effect as an improvement in the father's absolute level of education. Therefore, while the relative position of the parents plays a weaker role than their absolute level of human capital, the effect found in this paper does not appear to be negligible in comparison.

Results from the questionnaire data: the impact of the parent's rank on attitude and behaviors

In this new section, we use an auxiliary questionnaire dataset and test several possible explanations for the results above. With the same econometric approach as in our main specification (see Section 5), we first test the effect of the parent's rank on the self-reported time dedicated to homework through an OLS model. As we can see from Table 6.6.4, children who benefit from a father ranked relatively high work more at home, as predicted by our effortprovision model, but only up to an increase of 35 minutes per week. The effect of the rank on the time dedicated to homework is more significant for the father, which again is consistent with the existence of a gender specific effect in the impact of the parents' relative position. If the impact is modest-the median time dedicated to homework is 10 hours per week-, our initial assumption that the relative position of the parents impacts the level of effort adopted by a student seems to be confirmed.

Besides the effort displayed by the child, we can measure the impact of the relative position of the parents on 200 201 her attitude and well-being. For each attitudinal scale introduced in the data section, we separate the population into two equal groups, and we use the probit specification proposed above for the Bagrut to predict in what group each student falls. Overall, Table 6.6.4 suggests a significant improvement in the life quality of the child at school. First, we observe an increase in well-being because of the rank, both of the father or the mother. Similarly, the pupil seems socially more supported when the father or her mother has a higher relative position in her cohort (see the "Supported" variable in Table 6.6.4). At the same time, the probability for a pupil to think she is unfairly treated by the teachers also decreases with the mother's rank (see the "Injustice" variable in Table 6.6.4), while the probability for a pupil to think she understands well the requirements increases the mother's rank (see the "Requirements" variable in Table 6.6.4).

However, the strongest and most interesting result of this section is certainly the impact of the parent rank on the probability of being intimidated by others pupils at school (the "Scared" variable in Table 6.6.4). This effect does not driven by a more violent behavior from students with a lower social background themselves, since the impact of the parents' rank on engaging in fights is, on the other hand, is not strongly significant (see the "Fights" variable in Table 6.6.4). A possible explanation is that pupils may reproduce the social hierarchy suggested by the level of human capital of their parents, which leads to possible bullying mechanisms against least advantaged children.

Before moving on to the robustness checks, we must underline that the effects found in this section are relatively more modest than previously. For instance, a father's rank increasing from 0 to 1 can only increase the probability for an average student to be in the group with the highest self-reported happiness by only 10% (or 5 percentage points), and the other effects tested in this section are of the same magnitude.

Robustness checks

We focus our robustness checks on our four main results, namely the effect of the parent's rank on (1) the probability of obtaining the Bagrut, (2) the time dedicated to homework, (3) the probability of being scared at school and (4) the well-being of the pupil.

The first robustness check we propose concerns the way we treated missing values in our elicitation strategy. In the previous section, we simply deleted the observations with a missing value for the education level of the father or of the mother. Using the imputation made in the original dataset, we observe that our results have to be tempered, in particular for the effect of the mother's rank on the time dedicated to homework and the effect of the father's rank on well-being. In the case of a median imputation (i.e., when the missing values are replaced by the median of the cohort), our results also seem to be mitigated, in particular for the effect of the mother's rank on the time dedicated to homework and the effect of the father's rank on the probability of being scared at school (see Table 6.6.5). However, most of our results remain strongly significant and of the same magnitude as our main estimates. Note: This table shows the coefficients associated with the rank of one of the parents in a linear or generalized linear model (a fixed-effect OLS model for the time dedicated to homework, and a fixed-effect probit otherwise), with the names of the dependent variables by rows. The "Homework" variable corresponds to the self-reported time dedicated to homework. "Well-being," "Requirements," "Fights," "Scared," and "Supported" are the dummies that take a value of one if the pupil is in the half of the population (1) with the highest self-reported well-being, (2) that understands the most the requirements at school, (3) who report the most having been involved in fights, (4) who report the most been scared by other pupils, (5) who report the most been unfairly treated by the teacher at school, or (6) who report the most been supported at school. Standard errors are reported in brackets (with robust standard errors clustered at the cohort level for the variable "Homework"). The significance levels are * * * : p < 0.01, * * : p < 0.05, * : p < 0.1.

Second, we propose another robustness check, such that the cohort effect is not fixed and may depend on the parents' education level. As demonstrated by [START_REF] Denning | Class rank and long-run outcomes[END_REF], the effect of the school or peers "quality"estimated by the fixed effect µ j in the previous models-might be different depending on the student's initial ability.

Likewise, in our context, students from various family backgrounds could be differently impacted by belonging to a same school or cohort, and this heterogeneity can potentially bias the rank coefficient. Therefore, in an additional specification, we assume a more complex elicitation strategy with now a latent or observed variable (depending on the model) defined by From now, the total cohort effect corresponds to the terms f s (Parent Educ i , Median Parent Educ j ) + µ j and therefore depends on the level of education of the parents. We therefore separate schools into three socioeconomic levels q and we elicit the following equation

y * ij = x ′ i β + f rank (Rank i ) +
y * ij =x ′ i β + β Rank Rank i + 8 k f =1 8 km=1 β k f ,km λ I({λ k f ,km })+ 3 q=1,q̸ =2 8 k f =1 β k f ,q γ I({γ k f ,q }) + µ j + ϵ i , (6.15) 
where I({λ k f ,q }) is the dummy that takes a value of one if the student has a father with an education level k f and is in a school of socioeconomic level q, and 0 otherwise. As we can see from Table 6.6.5, our results are mostly unaffected by the introduction of a non-linear cohort effect, and if anything, the coefficients obtained tend to be larger.

Also, we test two other alternative methods to rank the students or the pupils in a cohort depending on their social backgrounds. The first is the M axM in rank, a lexicographic order according to which the first criterion is the highest level of education of the two parents and the second is the lowest levels of the two. With the M inM ax rank, we propose the "reverse" lexicographic order, and the individuals are ranked first according to the lowest level of education of the two parents, and then, according to the highest level. As we can see from Table 6.6.5, and Note: This table shows the coefficients associated with the effect of the rank of one of the parents in a linear or generalized linear model (a fixed-effect OLS model for the time dedicated to homework, and a fixed-effect probit otherwise), with the names of the dependent variable in rows. The variables are the same as in Table 6.6.4. The "Median imputation" corresponds to the replacement of missing values by the median. "Initial imputation" corresponds to the imputation initially made by [START_REF] Lavy | Mechanisms and impacts of gender peer effects at school[END_REF]. The variable cohort effect corresponds to the model from (6.15), that includes a potential different cohort effect for students depending on their social background. The placebo test corresponds to a reallocation of the variable "rank" to observations within a same year and with a same level of education of the mother or of the father. The lexicographic orders corresponds to two alternative ways to order the observations. The M axM in uses the highest level of education of the two parents as a first criterion and, the lowest as a second criterion. The M inM ax uses the lowest level of education as first criterion and then the highest. Standard errors are reported in brackets (with robust standard errors clustered at a cohort level for the variable "Homework"). The significant levels are: * * * : p < 0.01, * * : p < 0.05, * : p < 0.1.

unsurprisingly, by adopting a ranking method independent from the gender of the parents, the coefficients we obtain in our regressions are comprised between the coefficient obtained for the father and the one obtained for the mother.

To conclude this section, we finally check the robustness of our results using a placebo test. In this placebo, we randomly assign each student to another school in the same year, and we simulate thus a "false rank" that we introduce into the models. As we can see from Table 6.6.5, this rank is never significant, indicating, as in Murphy and Weinhardt (2020), that our results do not correspond to a mere statistical artifact.

Discussion

Despite the several robustness checks proposed above, and due to the note of the data, the role of some possible confounding variables, or transmission channels, had to be kept beyond the scope of this paper.

First, we are unable to check whether the rank of the father in terms of education is essential because of the education itself or because it correlates with the relative social status of the household inside the cohort, probably defined only in part by the level of education of the parents. Additional factors could naturally constitute important determinants of this general status, such as the household income. However, we should point out that this element would not fundamentally change the interpretation of our results about the existence of an intergenerational rank effect, and only the nature of the rank would be affected. Moreover, it seems likely that the rank in terms of human capital should matter even controlling for the rank in terms of incomes since the parents' human capital appears to have a more substantial effect on education than an exogenous change in wealth [START_REF] Løken | Family income and children's education: Using the norwegian oil boom as a natural experiment[END_REF].

A second possible confounding variable is the student's rank in terms of cognitive ability in her cohort. As a student's ability correlates with her parents' cognitive skills, the parents' rank could also correlate with the student's relative position at school. However, because there is no deterministic relationship between the ability of the parents and that of their children, the effect found here should be at best marginal. Yet and as stated earlier, when compared with other results from the rest of the literature, the rank effect obtained in this paper is of the same magnitude as the rank effects found at the student level. Also, we can note that this possible criticism can be reversed, such that previous studies on the rank effect might have captured in part the impact of the relative social status of the parents, in addition to the effect of the relative position of the child alone.

Further work seems to be required to entirely understand the intergenerational rank effect found in this study.

The most straightforward way to pursue the research program suggested by this paper would be to replicate its results on new and more recent data. Our conclusions about gender differences, for instance, might be tempered in future studies. The administrative records used in this paper were collected in the late '90s and early '00s, and gender equality has progressed since that period. For instance, the rate of women in the workforce is now higher in Israel, even if the increase is not very strong (47% in 2019 against 43% in 1996, according to the World Bank).

Also, more accurate proxy variables could be used to assess the quality of parents' education. The schooling years variable does not constitute a precise measure for the endowment in human capital, and this limitation is particularly true concerning higher education. With our approach, a degree from a top university is not ranked higher than other degrees requiring the same number of schooling years but delivered by less prestigious institutions.

We could imagine other proxies for the parents' level of human capital, such as, for instance, their grades in a standardized test at the same age or a measure that would take into account the academic value of the degrees.

However, we should also note that the existence of possible omitted variables pr measurement errors would 206 probably only downward bias our results, such that we have presented here conservative estimates of the true interegenerational rank effect. Indeed, if the parents possess unobserved characteristics that could have a positive impact on the school performance of the child, such as higher incomes or unobserved endowment in human capital, those variables are likely to be negatively correlated with the rank variable. As parents want to enroll their children in the schools with the highest performance, they are likely to search for a school where their children indirectly have a lower relative social status. Thus, we can conclude that the existence self-selection issues can only mitigate our results, but given the strategy adopted by most parents, not generate them. 8Likewise, the channels through which the students improve their performance due to the rank of their parents could be the object of further investigation. Only a handful of mechanisms were considered in this study, and more information about the students' goals is required to determine the relevance of our reference-dependent approach.

Moreover, additional mechanisms that could explain our results have not yet been tested, such as the effect of the parents' rank on the acquisition of cognitive and non-cognitive skills. Also, it would be interesting to include uncertainty about the relative position of the parents in our frameworks, such that the r 0 could be observed with systematic and/or non-systematic errors. Empirically, we could test thus the role of beliefs about the relative position of the parents in the cohort, possibly through survey responses. 9Finally, further studies could verify whether the relationship between the parents' rank and the educational outcomes involve other actors than the children alone. Parents are likely to play a role by setting the bar higher for their children because they compare themselves to the other parents in the cohort. Note, however, this would not change the interpretation of our model: the formation of the reference-dependent preferences seen in Section 3 may exist for several reasons, and parents could actively shape them, through, for instance, the fixation of the reference rank r 0 .

Conclusion

In this paper, we investigate for the first time the consequences for children of the relative position of their parents among their parents' peers. Using two large Israeli datasets and the parent's number of schooling years as a proxy variable for the education level, we find what we call an "intergenerational big fish, little pound effect" or a "my dad is better than yours effect." Indeed, we demonstrate that having parents ranked high among parents' peers in terms of educational achievements has a significant impact on the child's academic success and, to a lesser extent, on her well-being. Our results also seem to indicate that the effect of the relative position of the father is more determinant than the one of the mother. According to our main specification, the effect of the father's rank represents up to 25% of the effect of the father's education in absolute terms. On average, having a father moving from a low level to a
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Finalement, dans

  le Chapitre IV, le dernier chapitre de cette premi ère partie, nous poursuivons notre investigation des possibilit és offertes par les statistiques Bay ésiennes dans un cadre diff érent. Il s'agit ici pour nous de tester l'existence d'un lien entre attitudes politiques et pr éf érences en situation d'incertitude. Le principal int ér êt des statistiques Bay ésiennes dans ce cadre est de limiter les probl èmes li és aux erreurs de mesure dans le contexte des mod èles lin éaires. Avec cette m éthodologie, nous d émontrons l'existence d'une relation n égative et significative entre l'aversion au risque et l'attitude envers le populisme d'extr ême-droite sur un panel repr ésentatif de la population des Pays-Bas.
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 11111 Dans le dernier chapitre et de cette th èse, le Chapitre VI, nous cherchons à d émontrer l'existence d'un effet de la position relative des parents d'un enfant dans son environnement imm édiat sur son bien-être et sa performance scolaire. D'apr ès nos r ésultats, et à partir d'une large base de donn ées Isra élienne, la position relative des parents impacte positivement la probabilit é de se qualifier pour l'universit é apr ès le Lyc ée. A un niveau Coll ège, nous d émontrons que la position relative des parents a un effet positif sur le bien-être auto-rapport é, le temps d édi é aux devoirs, et un effet n égatif sur la probabilit é d'avoir peur des autres él èves. Statistiques Bay ésiennes et d écisions dans le risque: du vin nouveau dans des outres neuves? Introduction à la premi ère partie Que sont les statistiques Bay ésiennes ?

  Bay ésiennes et d écisions en situation d'incertitude L'introduction des statistiques Bay ésiennes dans l' étude des d écisions en situation d'incertitude peut être attribu ée à Nilsson et al. (2011), qui ont d évelopp é une mesure hi érarchique Bay ésienne des param ètres de la Prospect The-ory (Kahneman et Tversky, 1979; Tversky et Kahneman, 1992). Dans une approche hi érarchique, les param ètres individuels (dans un cadre exp érimental, les param ètres de chaque sujet) sont suppos és issus de la m ême distribution, utilis ée comme distribution a priori, dont les param ètres sont à d éterminer. Notons que les param ètres de la distribution a priori sont souvent appel és dans ce cas hyper-param ètres, pour bien les distinguer des param ètres individuels. Cette proc édure permet une inf érence collective puisque chaque sujet contribue à l' élicitation des hyperparam ètres et donc, indirectement à l' élicitation des param ètres des autres sujets. Nilsson et al. (2011) d émontrent que cette m éthode surpasse les approches classiques du maximum de vraisemblance, obtenant des estimations plus stables et plus robustes. Cette approche hi érarchique Bay ésienne est également d éfendue par Scheibehenne et Pachur (2015), qui obtiennent des r ésultats relativement similaires en utilisant une autre base de donn ées. Les mod èles Bay ésiens hi érarchiques ont ét é étendus à diverses questions de recherche dans le domaine des d écisions en situation d'incertitude. Toubia et al. (2013) utilisent ce cadre pour évaluer le pouvoir pr édictif de leur proc édure d' élicitation des pr éf érences dans le risque. Balcombe et Fraeser (2015) poursuivent les recherches dans cette direction et comparent les performances statistiques de diff érentes formes fonctionnelles de la Prospect Theory ainsi que la performance de quelques mod èles alternatifs. Cette m éthodologie a ét é également appliqu ée par Ferecatu et Onc ¸uler (2016) à l' étude simultan ée des d écisions dans le risque et des pr éf érences temporelles. Enfin, Baillon et al. (2020) compl ètent cette litt érature en ajoutant la possibilit é d' éliciter un mod èle mixte dans un cadre hi érarchique Bay ésien. Plus pr écis ément, les auteurs supposent que les sujets sont h ét érog ènes dans la fixation de leur point de r éf érence et mesurent la probabilit é pour chaque individu de suivre diff érents mod èles de d écision, mod èles comprenant chacun une mani ère diff érente d'int égrer un point de r éf érence dans le processus de d écision. Nous pensons que l'une des meilleures illustrations de l'utilit é des statistiques Bay ésiennes est le cas de l'article de Gao et al. (2022), à venir dans Experimental Economics. Les auteurs reprennent dans un premier temps la question de recherche propos ée par Harrison et Ng (2016), et cherchent à estimer les gains en termes de bienêtre de la souscription à une assurance dans un cadre exp érimental. Ainsi, Harrison et Ng (2016) et Gao et al. (2022) estiment tout d'abord la forme param étrique d'un mod èle de d écision à l'aide d'une s érie de choix de loteries "non-contextualis és," puis calculent l'utilit é li ée à un choix d'assurance, et enfin d éterminent pour chaque individu l'existence ou non d'un gain en termes de bien-être (i.e., l'existence d'un surplus pour le consommateur). Or, dans l'estimation des pr éf érences individuelles, Harrison et Ng (2016), qui utilisent une approche par un maximum de vraisemblance, ont d û omettre pas moins de 9 sujets sur 111 (soit 8% de l' échantillon) à cause d'une impossibilit é technique à calculer l'optimum à l'aide d'algorithmes de maximisation classiques. En effet, comme nous l'avons d éj à vu, les algorithmes d'optimisation typiquement disponibles dans R ou STATA peuvent ne pas converger lorsque la fonction de vraisemblance poss ède une forme complexe ou atypique. Cependant, Gao et al. (2022) revisitent les donn ées de cet article dans un cadre hi érarchique Bay ésien, donnant ainsi de nouvelles estimations plus pr écises et plus fiables, mais qui avant tout, permettaient d'int égrer toutes les observations.

  Wakker et Deneffe est d'avoir un mod èle exactement identifi é, avec un nombre égal de relations d' équivalence et de param ètres. L'estimateur propos é r ésulte alors d'un syst ème de n équations à n inconnues, g én érant un ajustement parfait entre le mod èle et les donn ées. Je me suis alors demand é dans quels cas cette identification exacte des param ètres pouvait g én érer des biais syst ématiques. Ce sujet me semblait d'autant plus important que la m éthode propos ée par Wakker et Deneffe (1996) est toujours utilis ée, et son impact dans la litt érature a ét é d éterminant.
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 14 Chapitre IV : Le "pari populiste." Pr éf érences en situation d'incertitude et attitudes politiques. Dans ce chapitre, nous utilisons les statistiques Bay ésiennes pour traiter d'un probl ème tr ès diff érent; l'existence d'une relation entre pr éf érences en situation d'incertitude et attitudes politiques. Plus sp écifiquement, nous testons l'existence d'une relation entre l'attitude vis-à-vis du populisme d'extr ême droite et les pr éf érences en situation d'incertitude. Plusieurs él éments dans la litt érature en psychologie et en économie politique permettent de sugg érer un tel lien. Ainsi, d'une part l'id ée que le vote populiste r épond à une peur est tr ès pr ésente, que ce soit dans le discours m édiatique ou chez plusieurs politistes (voir le livre de Voessen, 2016, consacr é au cas de Geert Wilders aux Pays-Bas). L'association entre peur, stress, anxi ét é et aversion pour le risque est également bien connue en économie comportementale et psychologie. Ainsi, nous pourrions sugg érer une relation positive entre aversion pour le risque et attitude populiste. D'autre part, les partis populistes peuvent repr ésenter une option risqu ée dans l'espace politique pour plusieurs raisons, ne serait-ce que le g én éral manque d'exp érience de ces mouvements avant d'arriver au pouvoir. En cons équence, l'on pourrait tout aussi bien imaginer que les mouvements populistes attirent les partis les moins averses au risque de l' électorat. La litt érature empirique sur ce sujet est mince, et assez nuanc ée. Gr ündl et Aichholzer (2020) ont trouv é une relation positive entre la notion d' "uncertainty avoidance" et l'adh ésion à une id éologie populiste, mais pas sur le vote. Au contraire, Steenbergen et Siczek (2017) d émontrent l'existence d'une relation n égative entre aversion pour le risque et pr éf érences pour le populisme d'extr ême droite au Royaume-Uni. Aussi, Guiso et al. (2017) ne trouve aucune relation entre l'aversion pour le risque et le vote populiste en Europe-cependant, dans ce dernier papier, l'aversion pour le risque est utilis ée comme variable de contr ôle, et Guiso et al. (2017) ne discutent pas davantage ce r ésultat. Cependant, aucune recherche à notre connaissance n'a ét é men ée étudiant cette question avec des pr éf érences r év él ées. Plus largement la relation entre pr éf érences r év él ées dans le risque et attitudes politiques n'a pas ét é étudi ée. Nous comblons ce manque dans la litt érature à l'aide de l'exp érience men ée par Dimmock et al. (2016) sur plus de 2 000 sujets n éerlandais (dont 1 000 incit és financi èrement). Cette étude, comprenant des mesures d'aversion au risque et d'aversion à l'ambiguït é, a ét é men ée sur un large panel repr ésentatif de la population n éerlandaise, le LISS. Le LISS m ène r éguli èrement des sondages sur un large éventail de sujets, y compris des exp ériences dans le domaine du risque et de l'incertitude. Nous fusionnons cette base de donn ées avec celle contenant des opinions politiques la plus proche dans le temps de l'exp érience de Dimmock et al. (2016
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 121 de statistiques Bay ésiennes peut devenir irr éaliste. Deuxi èmement, lorsque l'on cherche à estimer des mod èles sous forme r éduite et non structurelle, et lorsqu'il n'y a plus d'estimation au niveau individuel requ érant une forme d'inf érence collective, les m éthodes Bay ésiennes ne pr ésentent souvent plus les avantages clairs d évelopp és dans la premi ère partie. Chapitre V : "Thinking about Happiness." Dans ce nouveau chapitre, nous tentons de fournir une nouvelle critique de l'utilisation de variables auto-rapport ées dans le domaine de l' économie du bonheur. Plus exactement, nous tentons d' étendre, et dans une certaine mesure, de radicaliser, une critique d éj à esquiss ée à l'origine m ême de ce champs de recherche dans les ann ées 1980. L'id ée que les variables auto-rapport ées concernant le bien-être puissent être syst ématiquement biais ées par le contexte ou la formulation du questionnaire est connue depuis le d ébut m ême des recherches en économie et psychologie du bien-être. D ès les ann ées 1980 et 1990, Schwarz et ses coauteurs ont montr é une s érie de paradoxes indiquant que le report par un individu de son bien-être ne pouvait correspondre à une observation claire et bien d éfinie d'un état psychologique g én éral. Des effets de contextes similaires ont ét é document és plus r écemment dans Deaton et Stone (2016), Dolan et Kavetsos (2016) ou Piccitto et al. (2022). Cependant, le nombre de papier utilisant cette approche "classique" de l' élicitation du bonheur, au travers de ce qui est parfois appel é des happiness scales n'a cess é de croître. Diener et al. (2018) rapportent ainsi la publication de plus de 100 000 études sur cette question en l'espace d'une d écennie, la plupart utilisant des variables autorapport ées. Nous pensons que les paradoxes de cette litt érature des ann ées 1980 et 1990 n'ont pas frein é cette tendance pour plusieurs raisons. La plus importante d'entre elles nous semble qu'il est finalement relativement acceptable pour une mesure psychologique d' être imparfaitement observ ée et de constater des effets d'ordre. Par exemple, l'influence de l'humeur dans la journ ée peut g én érer du bruit sur la variable étudi ée, mais elle n'emp êche pas de tester une corr élation entre revenu et bonheur. La plupart des effets trouv és correspondent essentiellement à un bruit non-syst ématique, qui ne pose qu'un probl ème marginal dans la plupart des sujets de recherche étudi és dans cette litt érature. De m ême, si le contexte du questionnaire a un effet homog ène sur la population étudi ée, il n'y a, l à encore dans un cadre g én éral, pas de biais statistique nous emp êchant toute forme d'inf érence dans ce domaine. Or, dans ce chapitre, nous radicalisons le propos de cette premi ère litt érature propos ée par Schwarz, et nous apportons une critique remettant en cause la viabilit é m ême des études testant les d éterminants du bien-être. Nous testons ainsi dans ce papier la possibilit é que le processus cognitif lui-m ême d' évaluation du bien-être, y compris dans un cadre d' évaluation standard, sans effet d'ordre particulier, puisse renforcer certaines relations statistiques entre le bien-être et diff érentes variables comme l' âge ou le revenu. Nos r ésultats laissent en effet à penser que certaines variables explicatives consid ér ées comme des d éterminants du bonheur semblent prises en compte par le sujet lui-m ême dans sa r éponse, celui-ci inf érant à partir d'un mod èle subjectif la r éponse qu'il devrait fournir.En cas d'inf érence de la part du sujet lui-m ême concernant la r éponse à adopter, l'on ne peut th éoriquement pas distinguer le mod èle causal subjectif (ou mod èle d'attribution) du sujet du "v éritable" mod èle causal -si tant est que cette distinction ait un sens dans le cadre de variables auto-rapport ées et inobservables. Ces r éflexions peuvent être r ésum ées dans la formule c él èbre du physicien Murray Gell-Man, mise en épigraphe de ce chapitre: "Imaginez à quel point la physique serait difficile si les particules pouvaient penser."7 Concernant notre strat égie économ étrique, nous d éfinissons dans un premier temps un "style cognitif" ou une mani ère de r épondre à un questionnaire, qui n'a, a priori, pas de raison de modifier la nature des d éterminants du bien-être. Nous choisissons ici comme indicateur de style cognitif la pr éf érence pour la coh érence dans un questionnaire, mesur ée à l'aide de la variance empirique observ ée dans un test de personnalit é. Nous comparons ensuite l'effet des variables explicatives du bien-être auto-rapport é en fonction du niveau de coh érence des individus. Les r ésultats obtenus remettent en partie en cause deux des d éterminants les plus importants du bonheur en économie: les revenus et l' âge. L'intensit é de la relation revenu-bonheur est r éduite d'un tiers à un demi, selon les mod èles statistiques envisag és, lorsque l'on compare les individus les plus coh érents et les moins coh érents. De m ême, la fameuse "courbe en U", repr ésentant traditionnellement la relation âge-bonheur, n'est pas observ ée pour les individus les plus coh érents dans leurs r éponses. Ces r ésultats semblent indiquer que certains individus prennent en compte ces variables dans l' évaluation m ême de leur bien-être, car le style cognitif d'un individu ne devrait pas impacter autrement les d éterminants du bonheur, toute chose égale par ailleurs.Nous concluons ce chapitre avec une tentative de rationaliser ces r ésultats dans un mod èle stylis é. Ce mod èle se fonde sur un mouvement dit de la "r évolution Bay ésienne" visant à comprendre et mod éliser les processus cognitifs sous la forme d'une inf érence Bay ésienne. Dans ce cadre, le r ésultat de la r éflexion d'un individu est interpr ét é comme la survenue d'un signal permettant d'actualiser ses croyances (e.g.,Enke et Graber, 2019). Nous supposons ici qu'il existe des mod èles h ét érog ènes pour "inf érer" son propre bonheur, l'un li é à l'intuition et qui correspondrait à une r éponse spontan ée et le second à un processus de r éflexion plus pouss é. L'on suppose que chacun de ces processus donne un signal, utilis é par le participant du sondage pour d éfinir sa r éponse. En supposant également une variance homog ène pour le premier signal mais h ét érog ène pour le second, des diff érences syst ématiques entre les deux mod èles de r éponse peuvent être identifi ées par le degr é de coh érence des individus.Ce mod èle explique et pr édit donc les r ésultats empiriques pr ésent és plus haut.Notons que le d éveloppement de la "r évolution Bay ésienne" et l'utilisation croissante des statistiques Bay ésiennes sont d'une certaine fac ¸on, li és. S'il n'existe pas d'implication logique entre l'utilisation des statistiques Bay ésiennes d'un c ôt é et la mod élisation des comportements individuels sous la forme d'un processus Bay ésien de l'autre, leur cadre commun confirme la conclusion de notre premi ère partie: il existe une interconnexion entre les questions de recherche th éoriques d'une part et les outils empiriques d évelopp és d'autre part. Ainsi, le cadre Bay ésien devrait non seulement permettre de proposer de nouvelles m éthodes mais également de nouvelles th ématiques de recherche. A titre personnel, je pense que je n'aurais sans doute pas mod élis é le ph énom ène d écrit ci-dessus de la m ême mani ère sans avoir auparavant étudi é les statistiques Bay ésiennes.

  et par la multiplication de travaux ces derni ères ann ées en économie comportementale montrant l'importance accord ée par les agents économique à leur position relative. Murphy et Weinhardt (2020), dans un article publi é r écemment dans la Review of Economic Studies, montrent que le rang à l' école à l' âge de 4 ans augmente significativement les performances scolaires à 14 ans, et des r ésultats similaires peuvent être trouv és dans Elsner et Isphoring (2017), Elsner et Isphoring (2018), Yu (2020), Denning et al. (2020) et Elsner et al. (2021). La m éthodologie utilis ée dans ce chapitre est directement inspir ée par Murphy et Weinhardt (2020), et plus particuli èrement par la sp écification utilis ée dans leur article pour d éterminer l'impact de la position relative d'un él ève dans sa classe. 8 Notre principale contribution à cette litt érature émergente est de l' étendre à un niveau inter-g én érationnel. Ainsi, nous calculons le rang ordinal de l'enfant dans sa cohorte, non sur pas sur la base de sa propre performance, mais sur la base du niveau d' éducation des parents. Nous analysons deux bases de donn ées isra éliennes d éj à pr ésent ées par Lavy and Schlosser (2011) et rendues accessible par leurs auteurs. La premi ère base de donn ées contient 404 929 observations, issus de 265 établissements et de 1 900 cohortes, incluant des él èves inscrits entre 1995 à 2002 et nous permet de tester l'effet de la position relative des parents dans la cohorte de l'enfant sur sa performance scolaire, à un niveau qui correspondrait en France au Lyc ée. Nous utilisons une seconde base de donn ées contenant des variables autorapport ées, pour tester comment la vie d'un él ève à l' école peut être impact ée par la position relative de ses parents. Cette base de donn ées, qui se situerait dans le cadre franc ¸ais à un niveau Primaire ou Coll ège, contient 484 250 él èves, 1 302 écoles, et 5 975 cohortes. Nous montrons que la performance scolaire, mesur ée par la capacit é à poursuivre ses études dans un établissement sup érieur à la fin du Lyc ée, est affect ée par la position relative des parents dans la cohorte. Ainsi, cette position relative augmente significativement la probabilit é de se qualifier pour l'universit é, de l'ordre d'un point de pourcentage par d écile de position relative gagn é. Cet effet semble plus marqu é pour la position relative du p ère que pour la position relative de la m ère, et semble plus prononc é pour les él èves dont le p ère poss ède un faible niveau d' études. Au niveau du primaire et du coll ège, nous trouvons des effets similaires en termes d'investissement dans le travail (mesur é par le nombre d'heures consacr ées aux devoirs) ainsi qu'une augmentation significative du bien-être à l' école. En particulier, nous montrons que la position relative au sein de la cohorte diminue de mani ère significative la probabilit é de craindre d' être victime de harc èlement par ses pairs. Nous v érifions également que la position relative des parents n'est pas excessivement corr él ée avec le niveau de dipl ôme dans l'absolu, tel que les effets de ces deux él éments peuvent être distingu és sur une base de donn ées suffisamment importante. Enfin, si notre étude rapporte essentiellement une relation statistique et non directement causale, nous soulignons que la potentielle auto-s élection des parents dans une cohorte ou école particuli ère est davantage susceptible de donner une relation n égative et non positive entre la position relative et le niveau de performance. En effet, s'il existe une variable inobserv ée positivement li ée à la performance, comme par exemple, la qualit é du dipl ôme des parents pour un nombre d'ann ées d' études constant, celle-ci est probablement n égativement corr él ée à la position relative. Comme l'explique Murphy et Weinhardt, les parents tentent avant tout d'envoyer leurs enfants dans les établissements ayant le meilleur niveau moyen ou m édian, c'est-à-dire, implicitement, les niveaux ou leur rang sera le moins important. Par cons équent, l'existence potentielle d'un processus d'auto-s élection m ènerait à un biais n égatif et non positif, tel que les coefficients obtenus dans notre études refl ètent, a minima, des estimations conservatrices d'un v éritable effet causal. Bien que ces él éments ne nous permettent pas directement de recommander une politique publique plut ôt qu'une autre, nous mettons en avant l'existence d'importantes limites dans la mise en place de programmes de mixit é sociale, et l'existence d'un arbitrage entre le milieu social moyen d'une école, et la position relative en termes de statut social au sein de celle-ci. Plus largement, nous pensons que ces r ésultats permettent une reconsid ération de la litt érature sur le r ôle de la position relative à l' école. Comme nous l'expliquons dans cet article, l'unit é de base dans la cr éation d'une identit é n'est pas n écessairement l'individu, mais la cellule familiale, et en particulier lors de l'enfance et de l'adolescence. En cons équence, nous montrons dans ce travail l'importance du rang non seulement au sein d'un groupe, mais également l'importance du rang d'un groupe restreint, comme celui de la famille, au sein d'un groupe plus large. Nous formalisons cette id ée également dans un mod èle stylis é qui explique ces r ésultats par la notion de "rang de r éf érence," d éterminant le point de r éf érence d'un agent économique au sein d'un groupe donn é. Comme nous le montrons dans ce chapitre, cette notion de rang de r éf érence permet de pr édire à la fois un effet du rang à long terme, comme celui d émontr é par Murphy et Weinhardt (2020), mais aussi l'effet du rang interg én érationnel document é ici.

(

  2010), Kothiyal et al. (2014), and the multiple reconsiderations of the original HO dataset made, for instance, by Wilcox (2011) or Blavatskyy (2011).

  Baillon et al., 2020; Harrison and Rutstr öm, 2009; Hey et al., 2009), which could constitute an important mispecification issue.

  tested the robustness of the results from Baillon et al. (2020) by comparing the goodness-of-fit of their mixture model with our simple RDU framework. To have comparable results, we changed the noise structure of the Baillon et al. (2020) model and we supposed a logit model with a tremble parameter instead of the simpler logit model chosen in the original paper (as we can see below, this noise specification tends to better fit the data, since the tremble parameter we obtain is far from 0). We also choose a more general PWF parametric form, with the version from Prelec (1998) with two parameters presented above instead of the version with only one parameter used in the original paper, at least concerning the main specification.

  Mixture models (the Baseline RDU model against RDU with a unique utility function model and the replication of Baillon et al., 2020): 5 chains, 5000 iterations with 2000 iterations in burn-in and one iteration out of three kept in the final sample. At the end of the MCMC process, we verified that the Gelman-Rubin statistic of individual estimates is under or close to 1.20 for all the subjects.

  )) with U (A) and U (B) the deterministic utilities of the options A and B, U (A ∨ B) the utility of the lowest option that stochastically dominates A and B and U (A ∧ B) the utility of the largest option that is dominated by A and B (also denoted U l in this paper). F (•) denotes the cumulative distribution of an error term. Thus, the probability of taking a dominated option is constant and, depending on F (•), possibly null. Here, we suppose that F (•) is the C.D.F. of a normal distribution truncated at -1 and 1, and of parameters 0 and σ. The σ parameters chosen for this simulation are 0.01, 0.15 and 0.3. Again, the results are similar to those presented in the paper.

  Figure C 1: Simulations of the first answers B 2011 (1)

  abbreviation:

  (2011) adaptation, used in the paper, are presented in Figure C 1, and the additional specifications are presented in Figure C 2.

  Figure C 2: Additional simulations

  particular,[START_REF] Kam | Risk attitudes, candidate characteristics, and vote choice[END_REF] and[START_REF] Eckles | Risk attitudes and the incumbency advantage[END_REF] established a relationship between the self-reported risk aversion of a voter and her probability to support the incumbent rather than the challenger. When it comes to populism, however, the role of risk aversion is unclear. Gr ündl and Aichholzer (2020) found a positive relationship between the notion of "uncertainty avoidance" and agreement with the core ideology of right-wing populism, but not with voting for populist leaders. On the contrary, Steenbergen and Siczek (2017) showed a negative relationship between populism and risk aversion in the United Kingdom. Finally,[START_REF] Guiso | Demand and supply of populism[END_REF] found no effect of risk aversion on the vote for populism in Europe. However, in this latter paper, the indicator of risk aversion was only used as a control variable, and Guiso et al. (2017) did not extensively discuss this result.In all those papers, uncertainty preferences are measured through questionnaires on the attitude toward risk in a very general manner. For instance, the measure of uncertainty avoidance, as used by Gr ündl and Aichholzer (2020), contains Likert scales on statements such as "I prefer to know what life brings for me." Methodological debates on the validity of this type of questionnaire have existed for a long time in economics in general and behavioral economics in particular (e.g.,[START_REF] Charness | Experimental methods: Eliciting risk preferences[END_REF][START_REF] Crosetto | A theoretical and experimental appraisal of four risk elicitation methods[END_REF]. Since[START_REF] Dohmen | Individual risk attitudes: Measurement, determinants, and behavioral consequences[END_REF], the comparison

Wilders' political views

  and named his book on Wilders and the PVV, The power of Populism. Moreover, like other populist figures, Wilders perfectly embraces a personal style of leadership, and it would be difficult to imagine the existence of his party without him-in fact, he is technically the only member of his political organization. If it can be argued that Wilders did not always have the view of an uncompromising people against a decadent elite in the early 2000s', his populist mutation can been seen as complete at the time of the survey used in this paper. In 2010, the possible residuals of elitism that could have existed in the early years of the party, when Wilders was influenced by the neoconservative movement, had by this time, disappeared[START_REF] Vossen | The power of populism: Geert Wilders and the Party for Freedom in the Netherlands[END_REF].

Figure 4 . 3 . 1 :

 431 Figure 4.3.1: Opinion of Geert Wilders Note: This graph introduces the histogram of the distribution of the grades given to Geert Wilders in 2010 by the participants of the LISS panel (N=...).

Figure 4 . 3 . 1 ,

 431 the vast majority of citizens declare being unsympathetic with Geert Wilders. This situation departs from the ordinary Dutch political life because "generally speaking, politics in the Netherlands was neither a very spectacular nor exciting affair"(Vossen, 2016, p. 6). The distribution of the grades given to the other leading Dutch politicians is less extreme than for Wilders, and Dutch citizens tend to be somewhat sympathetic with their political leaders (see the histograms in the appendix).

  post. (θ|Z) the density of the posterior distribution, and L(Z|θ) the likelihood function. As explained by Gillen et al. (2019), measurement error issues in experimental data have been relatively neglected for decades but should be now taken into consideration. 10 Gillen et al. (2019) proposed instrumenting a

  First, hierarchical Bayesian models allow a form of regularization through Bayesian shrinkage. In a hierarchical framework, we assume individual parameters are drawn from the same (prior) distribution. Therefore, decisions implying parameters distant from the median parameters of the population are more likely to reflect only noise and do not influence the final estimates as much as in classical maximum likelihood maximization. The parameters estimated in this fashion are generally more stable and reliable, as demonstrated by Nilsson et al. (2011). As a result, the hierarchical Bayesian approach is increasingly used for eliciting risk preferences (e.g., Toubia et al., 2013; Scheibehenne and Pachur, 2014; Balcombe and Fraeser, 2015; Ferecatu and Onc ¸uler, 2016; Baillon et al., 2020; Gao et al., 2022). To the best of our knowledge, we are the first to use this framework on survey data, where the number of decisions is low, and the risk of overfitting in the estimation of preferences should especially be of concern.

. 8 )

 8 This ambiguity function was initially designed by[START_REF] Goldstein | Expression theory and the preference reversal phenomena[END_REF] as a probability weighting function. Nevertheless, and as pointed out by DKW, this function possesses the interesting property of clearly distinguishing the elevation of the function, measured by δ, from the curvature of the function, measured by s (see Figures 4.B.1 and 4.B.2, in the appendix).

Figure 4 . 5 . 1 :

 451 Figure 4.5.1: Distribution of the Risk Aversion coefficients (point estimates) Note: This graphic introduces the histogram of the distribution of the point estimates of the risk attitude parameter r expressed in log (N=1935). The point estimates correspond to the median of the posterior distribution of the individual parameters. The statistical model used in this context is summarized in section 4.2. The red curve corresponds to the kernel density estimator of the distribution.

  the previous section. The point estimates of the individual parameters of preferences under uncertainty-the median of the posterior distribution of the parameters-are presented in Figures 4.5.1, 4.5.2, and 4.5.3. Unsurprisingly, those estimates reveal the existence of a moderate risk and ambiguity aversion on average among the participants.Indeed, the median point estimates of r and δ in the population are respectively, 0.88 and 0.94, while neutral risk and ambiguity attitudes would correspond to a situation with r = δ = 1.

Figure 4 . 5 . 2 :

 452 Figure 4.5.2: Distribution Sensitivity Likelihood (point estimates) Note: This graphic introduces the histogram of the distribution of the point estimates of the sensibility likelihood parameter s expressed (N=1935). The point estimates correspond to the median of the posterior distribution of the individual parameters. The statistical model used in this context is summarized in section 4.2. The red curve corresponds to the kernel density estimator of the distribution.
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 453 Figure 4.5.3: Distribution Ambiguity Aversion (point estimates) Note: This graphic introduces the histogram of the distribution of the point estimates of the ambiguity attitude parameter r expressed in log (N=1935). The point estimates correspond to the median of the posterior distribution of the individual parameters. The statistical model used in this context is summarized in section 4.2. The red curve corresponds to the kernel density estimator of the distribution.

Figure 4 . 5 . 4 :

 454 Figure 4.5.4: Risk aversion and attitude towards populism Note: This graphic introduces the average level of risk aversion, expressed in deviation from the means, by grade given to Wilders (N=845). The upper and lower bars represent the confidence interval at 95 % around the mean.

  instance by Makowski et al. (2019), the formula 2 × (1p D ) constitutes a relevant surrogate for the p-value of a bilateral test in frequentist statistics.

  Note: The significance levels are * * * : 2(1 -pD) < 0.001, * * : 2(1 -pD) < 0.01, and * : 2(1 -pD) < 0.05. The point estimates are the median of the posterior distribution of the parameters, while the standard deviation of the posterior distribution of the parameter is introduced in brackets. Note that the D.I.C. are not necessarily comparable across Models -the Models 1 to 3 corresponds to a Tobit, the Model 4 to an ordered probit, and Model 5 to a regression on a difference variable. Moreover, Model 3 estimates only one equation against three for the other Models.

  same conclusion: probably far too little attention has been paid to objective measures of well-being compared with SWB indicators. Meanwhile, Benjamin et al. (2021) show that answers vary depending on how respondents weight the different facets of SWB or present and future factors of SWB. Thus, Benjamin et al. (2021) point out a lack of a common definition of SWB, and thus, the existence of an uncertainty about what a respondent means by her answer. Likewise, our research confirms a lack of understanding of the judgment process of the respondents, such that conclusions based on self-report variables alone remain uncertain.

Figure 5 . 2 . 1 :

 521 Figure 5.2.1: Happiness and life satisfaction distributionsNote: distribution of the answers to respectively the questions "On the whole, how happy would say you are?" with a Likert scale from 0-totally unhappy -to 10-totally happy-and "How satisfied are you with the life you lead at the moment?" with a Likert scale from 0-not at all satisfied-to 10-completely satisfied.
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 531 Figure 5.3.1: Happiness and life satisfaction depending on age Note: Each dot represents the mean of the answers for each age category and each consistency type. Each age category comprises two different years of age. The bar represents the confidence interval at 90% of the mean.

Figure 5 . 3 . 2 :

 532 Figure 5.3.2: Association between age and SWB by quantile of consistencyNote: each dot represents the coefficient of the "age factor" in a regression with happiness or life satisfaction as dependent variables and an additional random effect for each quantile of consistency The bars represent the confidence intervals of the coefficients of the "age factor" at 95%.

Figure 5 . 3 . 3 :

 533 Figure 5.3.3: Association between income and SWB by quantile of consistency Note: each dot represents the coefficient of income in a regression with happiness or Life satisfaction as dependent variables and an additional random effect for each quantile of consistency. The bars represent the confidence intervals of the coefficients at 95%.

Figure 5 . 4 . 1 :

 541 Figure 5.4.1: Model simulations (relationship between lambda and consistency)

  itself. An example of such an attempt is given in Benjamin et al. (2021), who developed a questionnaire about how individuals weight multiple aspects of well-being when answering this type of survey. Similarly, Studer and Winkelmann (2014) analyzed systematic differences in the SWB answers based on response time and on how

Figure 5 .B. 1 :

 51 Figure 5.B.1: Distribution of the consistency indicators

Figure 5 .E. 1 : 6 "

 516 Figure 5.E.1: Residuals of the baseline model (model V, happiness)

  and Weinhardt (2020), in particular, document the existence of a long-term impact of the rank at school at an early age on the academic performance. Similar effects can be found in Elsner and Isphoring (2017), Elsner and Isphoring (2018), Yu (2020), Denning et al. (2020) and Elsner et al. (2021). While there is now a growing literature on the long-term impact of the rank at school, no study has investigated the existence of a similar effect at an intergenerational level before us. As children tend to identify with their parents, the social status or past academic performance of those could generate some form of "original rank" before the students' performance is even observed. Thus, we analyze the impact of the relative position of the parents on children using a large Israeli administrative dataset comprising all the students enrolled from 1995 to 2002 in secular high schools, and including thus 404,929 individual observations, 265 different schools, and 1,900 different cohorts, already introduced in Lavy and Schlosser

  use data from adopted and biological children to measure the relative importance of environmental factors, and compare the intergenerational mobility in education of both groups. Other studies take advantage of a change in the legal requirement for years of schooling to demonstrate that the exogenous change in parents' level of education impacts children's academic results (Oreopoulus et al., 2006; Black et al. 2005). To our best knowledge, all of these studies confirm the role of environment in the "heredity" of education. For example, Bj örklund et al. (2006) determine the share of environmental factors to about 50%.

  or Boudon, 1973, for an early demonstration in sociology or Page, 2005, Page et al., 2007, or Malloy, 2015, in the economic literature).

Figures 6 .

 6 Figures 6.4.3 (a) and 6.4.3 (b) show the distribution of the rank variable in the high school database of the father

Figure 6 . 4 . 2 :

 642 Figure 6.4.2: Distribution of the cohort sizes and of the number of years of education. Note: (a) and (b) show the distribution of the mother's schooling years in the HS data and in the EMS data. (c) and (d) show the distribution of the father's schooling years, in the HS data and in the EMS data. (e) and (f) show the distribution of the number of students or pupils per cohort, in the HS data and in the EMS data.

  (a) Mother's rank distribution (b) Father's rank distribution

Figure 6 . 4 . 3 :

 643 Figure 6.4.3: Parents' rank distribution Note: (a) and (b) show the distribution of the variable used to measure the rank in the cohort, of the mother and of the father, respectively. The existence of a peak around 0.5 is due to the nature of the number of schooling years variable, with an important number of the parents sharing exactly the same number of schooling years in the data.

Figure 6 . 4 . 4 :

 644 Figure 6.4.4: Parents' cohort and generation rank distribution (log-10 scale)Note: (a) and (b) show the distribution of the rank of the cohort and the rank in the generation. Each cell corresponds to a quantile of the of the two ranks on 20 different quantiles. The color of the cell indicates the number of observations that correspond to those quantiles for the rank in the generation and in the cohort. When one observation can take a range of several percentile ranks, because of the presence of several observations with the same number of schooling years, a value is selected randomly inside this range (we call this new variable, for lack of a better term, the simulated rank). Note that otherwise, because the number of schooling years is discrete and not continuous, we would have to keep empty lines in the matrix. For more readability, the gradation is done in log-10 (with an assimilation to values below 10 to 0).

  k f ,km }) + µ j + ϵ i .(6.12) 

k f , 4 λ

 4 with k f ∈ {1, 2, ..., 8}. To measure the global effect of the parents' education, we use the coefficients for which the education levels of the mother and the father are identical, or β k,k λ , with k ∈ {1, 2, ..., 8}, and where, by construction, β 4,4 λ = 0.

Figure 6 .

 6 Figure 6.6.1 (a) shows the impact of the father's rank alone, and Figure 6.6.1 (b) the impact of the father's rank compared with the effect of the education level of the father in absolute terms. As we can see from those figures and from Table6.6.4, the education of the parents in absolute terms is a stronger determinant of academic success than

Figure 6 . 6 . 1 :

 661 Figure 6.6.1: Impact of the father's rank on educational outcomes (non-parametric probit model) Note: Figure (a) shows the probit coefficients associated with each β k δ , that is to say each decile of the father's rank, in Table 6.6.3, with β 5 δ as a reference value. The gray area is determined by the 95% confidence interval of the probit model. In Figure (b), we add the coefficient of the decile of the father's level of education for a mother with a median level of education, β k,4λ , in the same probit model, for comparison. The confidence interval is also in gray.

Figure 6 .

 6 6.2 shows the distribution of the median level of education of the father at a school level. From Figure6.6.2, we can separate the schools into three different groups: schools for which the median father's level of education equals the national median (50%) and schools with a public from a lesser socio-economic background (20%) or from an upper socio-economic background (30%).
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 662 Figure 6.6.2: Distribution of schools medians (Father's level of education). Note: histogram of the median of the number of schooling years of the father for each cohort, in the high school database.

  

  

  

  

Table 1 .

 1 1: Relation entre les chapitres II et IV

		Chapitre II	Chapitre IV
	Sujet	Nature de l'h ét érog én éit é	Pr éf érences politiques et
		des d écisions dans le risque.	pr éf érences en situation
			d'incertitude.
	R ôle des pr éf érences	Param ètres d'int ér êt	Variable explicative
	Int ér êt des Stat. Bayes. R égularisation des param ètres Correction des erreurs de mesure
	Nature des donn ées	1. Donn ées exp érimentales	1. Donn ées exp érimentales
			et sondage (survey)
		2. Peu d'individus	2. Beaucoup d'individus
		3. Beaucoup d'observations	3. Peu d'observations
		individuelles	individuelles
	Strat égie	Comparaison de	Test d'hypoth èses
	économ étrique	mod èles structurels	sur des param ètres
	1		

.1.2 Chapitre II: La nature de l'h ét érog én éit é des pr éf érences dans le risque.

  

  covariables, dont les traits de personnalit é ou d'autres attitudes politiques. L' étude du vote pour Wilders est moins significative (avec une p-value de l'ordre de 5%), étant donn é la perte de puissance statistique avec le passage à une variable muette plut ôt qu'une échelle d'attitude. Cependant, le signe et la magnitude des r ésultats obtenus dans ce dernier mod èle restent coh érents avec ceux de notre principale sp écification.Ces r ésultats peuvent avoir des implications dans le domaine de l' économie comportementale, car ils montrent la possibilit é d'une validit é externe sur des mesures d'aversion pour le risque dans des contextes relativement inattendus. L'existence d'une faible corr élation entre d écisions dans le risque issues "du terrain" et d écisions en laboratoire a ét é document ée dans plusieurs articles (e.g.,[START_REF] Charness | Do measures of risk attitude in the laboratory predict behavior under risk in and outside of the laboratory[END_REF]. Avec ce r ésultat, nous soulignons que cette faible corr élation ne vient pas n écessairement d'un manque de validit é externe, mais simplement de l'influence d'autres facteurs plus importants que l'aversion au risque (heuristiques, normes sociales...) dans les domaines

). Nous montrons ainsi une association forte entre aversion pour le risque et l'attitude envers le leader populiste local, Geert Wilders. L'aversion au risque apparaît ainsi comme un d éterminant significatif de l'attitude envers Geert Wilders, au m ême titre que le revenu ou le niveau d' éducation. Ainsi, les individus les plus averses au risque tendraient, en moyenne, à avoir une moins bonne image de Geert Wilders. Cette relation statistique est de plus robuste à l'inclusion d'un nombre relativement important de relevant traditionnellement de l' économie du risque (comme les choix de portefeuille, étudi és par Dimmock et al., 2016, et dans lequel l'aversion au risque ne joue, d'apr ès eux, qu'un r ôle marginal). A l'inverse, des d écisions relativement éloign ées du domaine du risque, comme les pr éf érences politiques, pourraient être davantage influenc ées par l'attitude vis-à-vis du risque qu'initialement pens é.

1.2.3 R éflexions sur les Chapitres V et VI Nous

  pensons que le lien entre les deux articles peut être compris au travers de la notion "d' évaluation de soi" ou de "construction de l'image de soi," et que ces deux chapitres analysent des él éments diff érents, ou des étapes diff érentes, d'un m ême processus cognitif. Pour expliquer cela, nous pouvons reprendre le mod èle d' évaluation du bien-être élabor é par[START_REF] Strack | Priming and communication: Social determinants of information use in judgments of life satisfaction[END_REF]. Sans trahir la pens ée de auteurs, nous pouvons étendre ce mod èle 'autre diff érence entre ces deux chapitres est la nature des variables d épendantes analys ées. Si le chapitre VI, sur la position relative à l' école, s'int éresse également à la question du bien-être auto-rapport é, le principal r ésultat concerne la performance scolaire. Cette partie analyse donc deux effets diff érents de l' évaluation de soi: son effet sur le bien-être et son effet r éel ou performatif. Ces relations et diff érences entre ces deux derniers chapitres sont synth étis és dans le tableau 1.2.

	Table 1.2: Relation entre les chapitres V et VI
		Chapitre V	Chapitre VI
	Sujet	Effet du processus de jugement	Position relative
		sur les variables auto-rapport ées	des parents à l' école
	Etape du processus	Traitement de l'information	Comparaison sociale
	cognitif de l' évaluation	(Cancellation et Segregation)	(Coding)
	de soi Nature des variables d épendantes	Bien-Etre (Auto-rapport é) Part I	Performance (Objective) Bien-Etre (Auto-rapport é)

cognitif à la notion plus g én érale du jugement de soi, et d écouper ce processus de mani ère s équentielle, avec ainsi:

1. Traitement et s élection de l'information accessible. 2. Comparaison sociale. 3. Effet des émotions et de l'humeur (mood) et évaluation finale. La premi ère étape permet de donner des premiers crit ères d' évaluation de soi, alors que la seconde étape permet l' élaboration d'une mesure. La troisi ème et derni ère étape correspond à l' évaluation finale de cette mesure, à partir des informations donn ées par les deux étapes pr éc édentes et d'autres sources de biais et/ou d'information (humeur, effet de contexte...). Notons que ce processus est assez proche du mod èle cognitif de l' évaluation des choix risqu és d écrit par Kahneman et Tversky (1979)-un mod èle étrangement peu étudi é en comparaison de l'expression math ématique de la Prospect Theory. La premi ère étape du processus d écrit plus haut consisterait ainsi en une synth èse des étapes dites Segregation et Cancellation dans le cadre propos é par Kahneman et Tversky, c'est-à-dire le choix des él éments les plus saillant sur lesquels baser le processus d' évaluation. La comparaison sociale correspondrait à ce que que Kahneman et Tversky appellent le Coding, c'est-à-dire la d étermination d'un point de r éf érence permettant la cr éation d'une mesure (dans le cadre de la Prospect Theory, une fonction de valeur).

A partir de ce mod èle simplifi é, il est possible comprendre que les deux derniers chapitres de cette th èse traitent d'un m ême processus, mais à des étapes diff érentes. Le chapitre VI, en montrant l'int ér êt que porte un individu à la position relative de sa famille, appartient à la cat égorie de la "comparaison sociale," ou du Coding. Le chapitre V, quant à lui, traite de la partie du processus cognitif permettant de rendre plus saillant certains d éterminants du bien-être, et correspond donc au premier "tri" de l'information. Comme nous l'avons vu plus haut, la th èse centrale de ce chapitre est que la s élection de l'information disponible est de nature à rendre impossible toute inf érence des d éterminants du bonheur sur la base de variables auto-rapport ées. L

Statistiques Bay ésiennes et analyse des d écisions en situation d'incertitude : du vin nouveau dans des outres neuves? Chapter 2

  

  Continuous heterogeneity corresponds to a situation where all the subjects share the same model but with different parameters. Discrete heterogeneity is, in some sense, more radical. In the case of discrete heterogeneity, subjects differ not only in their individual parameters, but also in the model they use. For instance,Harrison and Rutstr öm (2009) famously elicit a mixture model where some individuals are supposed to follow an EU model and the others, the Prospect Theory.

Harrison and Rutstr öm (2008) conclude their seminal survey on risk preference elicitation by noticing the "considerable individual heterogeneity in risk attitudes [observed] in the laboratory." Moreover, the results of experiments implemented in large-scale surveys representative of the population generally confirm the substantial heterogeneity found in the laboratory (e.g., von Gaudecker et al., 2011).

However, it is worth noting that the very notion of heterogeneity remains quite polysemic in this field. Moffatt (2020), for instance, differentiates the concepts of continuous heterogeneity and discrete heterogeneity, a typology also presented by

[START_REF] Harrison | Risk aversion in the laboratory[END_REF] 

under the terms heterogeneity in theories and heterogeneous theories.

Table 2 .
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	1: Distribution of the point estimates, Baseline RDU model
	Parameters 2.5 % 25 % Median 75 % 97.5 %
	log r log β log γ log ξ	-1.8 -1.39 -1.38 -0.40 -1.75 -1.07 -4.31 -3.86	-1.16 0.20 -0.62 -3.50	-0.97 -0.14 0.61 1.41 0.71 -0.05 -3.29 -2.87
	Note: This table describes the distribution of the point estimates of each parameter at an individual level of a classical RDU model. Each point
	estimate corresponds to the median of the posterior distribution of each individual parameter.

Table 2

 2 Note: The kappa, MCC, Acc. columns correspond to the Cohen's Kappa, MCC and Accuracy rate on the complete test set, respectively. The median kappa corresponds to the median Cohen's kappa calculated for each individual test sets (with a test set by subject). The log-likelihood corresponds to the log-likelihood of the model on the complete test set. The "Vuong test" column corresponds to the p-value of a Vuong test that tests each model against the baseline rank-dependent utility model (or the baseline rank-dependent utility model against the model under consideration if this one has a higher log-likelihood). In the column constraint, "-" indicates an absence of constraint in the elicitation of the model, "Unique Utility" indicates that all the subjects share the same utility function and "Unique PWF" indicates that all the subjects share the same PWF.

		.2: Out-of-sample predictive power, non-parametric approach	
	Model	Constraint	Kappa MCC Acc. Median kappa Log-likelihood Vuong test
	RDU EU DT	-Unique Utility Unique PWF --	0.32 0.34 0.20 0.20 0.33	0.32 0.69 0.35 0.70 0.22 0.66 0.20 0.63 0.33 0.69	0.18 0.24 0.00 0.14 0.19	-1118.21 -1098.95 -1139.39 -1227.18 -1122.44	0.03 0.002 < 0.001 0.001

Table 2 .

 2 

		3: Out-of-sample predictive power, parametric approach	
	Model Constraint	Kappa MCC Acc. Median kappa Log-likelihood Vuong test
	RDU	-Unique Utility Unique Utility +	0.36 0.36	0.37 0.71 0.37 0.71	0.29 0.29	-1065.60 -1064.04	0.24
		Unique Sensitivity Unique Utility +	0.33	0.34 0.70	0.29	-1082.03	< 0.001
	EU DT	Unique Elevation Unique PWF --	0.22 0.22 0.19 0.34	0.27 0.67 0.25 0.66 0.19 0.63 0.35 0.70	0.19 0.14 0.11 0.27	-1115.67 -1121.95 -1279.40 -1077.90	< 0.001 < 0.001 < 0.001 0.02

2.A Detailed results: predictive power 2.A.1 Parametric Study Accuracy rateTable 2 .

 2 A.1: Accuracy rate, Parametric Study

	Kappa		
	Models		95 % Confidence interval
	RDU	0.71	0.69 -0.73
	RDU Unique Utility	0.71	0.69 -0.73
	RDU Unique Utility and Sensi. 0.70	0.68 -0.72
	RDU Unique Utility and Eleva. 0.67	0.65 -0.69
	RDU Unique PWF	0.66	0.64 -0.68
	EU	0.63	0.61 -0.65
	Dual	0.70	0.68 -0.72
	Models		95 % Confidence interval
	RDU	0.37	0.33 -0.41
	RDU Unique Utility	0.37	0.33 -0.40
	RDU Unique Utility and Sensi. 0.34	0.30 -0.38
	RDU Unique Utility and Eleva. 0.27	0.22 -0.31
	RDU Unique PWF	0.25	0.20 -0.29
	EU	0.19	0.15 -0.23
	Dual	0.35	0.31 -0.39

M.C.C.

Table 2.A.2: M.C.C., Parametric Study

Table 2 .

 2 A.3: Cohen's Kappas, Parametric Study

	Models		95 % Confidence interval
	RDU	0.36	0.32 -0.40
	RDU Unique Utility	0.36	0.31 -0.40
	RDU Unique Utility and Sensi. 0.33	0.28 -0.37
	RDU Unique Utility and Eleva. 0.24	0.19 -0.29
	RDU Unique PWF	0.22	0.17 -0.27
	EU	0.19	0.14 -0.24
	Dual	0.34	0.30 -0.39
	Individual Kappas		

Table 2 .

 2 A.4: Individual Kappas Distribution, Parametric Study

	Models	Min	25 % 50 % 75 % Max
	RDU	-0.32 0.07	0.29	0.47 1.00
	RDU Unique Utility	-0.32 0.06	0.29	0.49 1.00
	RDU Unique Utility and Sensi. -0.35 0.00	0.29	0.47 1.00
	RDU Unique Utility and Eleva. -0.43 0.00	0.19	0.39 1.00
	RDU Unique PWF	-0.47 0.00	0.14	0.36 1.00
	EU	-0.40 -0.11 0.11	0.28 0.81
	Dual	-0.24 0.00	0.28	0.47 1.00

Note: This table introduces the minimum, the maximum, as well as the 25%, 50%, and 75% quantiles of the distribution of individual kappas for each model.

Table 2

 2 

		.A.5: Accuracy rate, Non-Parametric Study
	Models		95 % Confidence interval
	RDU	0.69	0.67 -0.71
	RDU Unique Utility 0.70	0.68 -0.72
	RDU Unique PWF 0.66	0.64 -0.68
	EU	0.63	0.61 -0.65
	Dual	0.69	0.67 -0.71
	Kappa		

Table 2

 2 

	Models		95 % Confidence interval
	RDU	0.32	0.28 -0.36
	RDU Unique Utility 0.34	0.31 -0.38
	RDU Unique PWF 0.20	0.16 -0.24
	EU	0.20	0.16 -0.24
	Dual	0.33	0.29 -0.36

.A.6: Cohen's Kappas, Non-Parametric Study

Table 2 .

 2 A.7: M.C.C., Non-Parametric Study

	Models		95 % Confidence interval
	RDU	0.32	0.28 -0.36
	RDU Unique Utility 0.35	0.31 -0.38
	RDU Unique PWF 0.22	0.17 -0.26
	EU	0.20	0.16 -0.25
	Dual	0.33	0.29 -0.37
	Individual Kappas		

Table 2 .

 2 A.8: Individual Kappas Distribution, Non-Parametric Study

	Indicators	Min	25 % 50 % 75 % Max
	RDU	-0.41 -0.01 0.18	0.40 1.00
	RDU Unique Utility -0.32 0.00	0.24	0.44 1.00
	RDU Unique PWF -0.43 -0.09 0.00	0.30 1.00
	Dual	-0.38 -0.05 0.14	0.33 0.87
	EU	-0.36 0.00	0.19	0.42 1.00

Note: This table introduces the minimum, the maximum, as well as the 25%, 50%, and 75% quantiles of the distribution of individual kappas for each model. 59

2.B

Detailed results : estimates 2.B.1 Parametric Study Baseline RDU model

  

	Table 2.B.1: Baseline RDU model, Parametric Study		
		2.5 %	25 % 50 % 75 % 97.5 %
	log(r) (Individual point estimates distri.)	-1.8	-1.39 -1.16 -0.97	-0.14
	log(β) (Individual point estimates distri.)	-1.38	-0.40 0.20	0.61	1.41
	log(γ) (Individual point estimates distri.)	-1.75	-1.07 -0.62 -0.05	0.71
	log(ξ) (Individual point estimates distri.)	-4.31	-3.86 -3.50 -3.29	-2.87
	ω (Posterior distribution)	0.06	0.08	0.10	0.11	0.13
	DIC	10773.26				

Table 2

 2 

	2.5 %	25 % 50 % 75 % 97.5 %

.B.2: Unique utility RDU model, Parametric Study Notes: This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters

Table 2 .

 2 B.3: Unique PWF RDU model, Parametric Study

	2.5 %	25 % 50 % 75 % 97.5 %

Table 2

 2 

	)	-2.76	0.03	1.50	3.46	5.28

.B.4: Unique utility and unique sensitivity RDU model, Parametric Study 2.5 % 25 % 50 % 75 % 97.5 % log(r) (Posterior distribution) -1.13 -0.94 -0.85 -0.77 -0.63 log(β) (Individual point estimates distri.

Notes: This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters

Table 2 .

 2 B.5: Unique utility and unique elevation RDU model, Parametric Study : This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters that are estimated at a subject-level) and of the posterior distribution (for the parameters that are common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion. The estimates are obtained using the complete dataset (with no train set/test set distinction).

	2.5 %	25 % 50 % 75 % 97.5 %

Notes

Table 2

 2 

	)	-1.07	-0.05 0.40	0.86	1.63

.B.6: Dual model, Parametric Study 2.5 % 25 % 50 % 75 % 97.5 % log(β) (Individual point estimates distri.

Table 2 .

 2 B.7: EU model, Parametric Study

	2.5 %	25 % 50 % 75 % 97.5 %

Table 2

 2 

	.B.8: Baseline RDU model, Non-Parametric Study	
		2.5 %	25 % 50 % 75 % 97.5 %
	u 1 (Individual point estimates distri.)	0.15	0.30	0.37	0.42	0.51
	u 2 (Individual point estimates distri.)	0.26	0.44	0.51	0.57	0.66
	u 3 (Individual point estimates distri.)	0.35	0.56	0.61	0.66	0.78
	u 4 (Individual point estimates distri.)	0.41	0.63	0.69	0.75	0.84
	u 5 (Individual point estimates distri.)	0.55	0.73	0.76	0.82	0.88
	u 6 (Individual point estimates distri.)	0.69	0.83	0.86	0.89	0.93
	u 7 (Individual point estimates distri.)	0.92	0.94	0.95	0.96	0.97
	w 1 (Individual point estimates distri.)	0.03	0.16	0.28	0.48	0.67
	w 2 (Individual point estimates distri.)	0.06	0.29	0.46	0.59	0.75
	w 3 (Individual point estimates distri.)	0.12	0.40	0.55	0.68	0.80
	w 4 (Individual point estimates distri.)	0.18	0.56	0.68	0.79	0.88
	w 5 (Individual point estimates distri.)	0.30	0.65	0.77	0.85	0.92
	w 6 (Individual point estimates distri.)	0.40	0.74	0.87	0.92	0.96
	w 7 (Individual point estimates distri.)	0.47	0.87	0.94	0.97	0.98
	log(ξ) (Individual point estimates distri.)	-4.67	-3.83 -3.31 -2.82	-2.17
	ω (Posterior distribution)	0.10	0.13	0.15	0.16	0.19
	DIC	9971.45				

Table 2 .

 2 B.9: Unique utility RDU model, Non-Parametric Study

	2.5 %	25 % 50 % 75 % 97.5 %

Table 2 .

 2 B.10: Unique PWF RDU model, Non-Parametric Study

	2.5 %	25 % 50 % 75 % 97.5 %

Table 2 .

 2 B.11: Dual model, Non-Parametric Study

	2.5 %	25 % 50 % 75 % 97.5 %

Notes: This table introduces the 2.5%, 25%, 50%, 75%, and 97.5% quantiles of the individual point estimates distribution (for the parameters that are estimated at a subject-level) and of the posterior distribution (for the parameter that is common to all subjects). The point estimates of the individual parameters corresponds to the median of the posterior distribution. The DIC corresponds to the Deviance Information Criterion. The estimates are obtained using the test set only.

EU model

Table 2 .

 2 B.12: EU model, Non-Parametric Study

	2.5 %	25 % 50 % 75 % 97.5 %

Table 2 .

 2 C.1: Out-of-sample predictive power (additional noise structures) Notes: This table summarizes the indicators of predictive power obtained with different noise structure, a contextual utility model and a Logit model respectively. The Vuong test is realized in comparison with a baseline RDU model with the same noise structure.

	Robustness Model Constraint	Kappa MCC Acc. Median Log-likelihood Vuong test
	Check				kappa		(p-value)
	Cont. Utility Logit	RDU None Unique Utility Unique PWF RDU None Unique Utility Unique PWF	0.33 0.35 0.21 0.32 0.33 0.19	0.33 0.70 0.35 0.70 0.23 0.66 0.32 0.69 0.33 0.70 0.21 0.65	0.21 0.19 0.00 0.14 0.16 0.00	-1101.93 -1092.48 -1132.67 -1120.86 -1103.86 -1159.9	0.53 0.07 0.22 0.05

Table 2

 2 

	Robustness Check	Change	Kappa MCC Acc. Median Log-likelihood
	Specification				kappa	
	Prior Utility function	Gamma Truncated Normal Saha (1993) Prelec (1998)	0.19 0.16 0.17 0.18	0.22 0.66 0.18 0.65 0.20 0.66 0.20 0.65	0.00 0.00 0.00 0.00	-1132.56 -1161.69 -1157.37 -1168.74

.D.1: Out-of-sample predictive power, RDU unique PWF models

Table 2 .

 2 E.1: Results from the mixture model and from the RDU model

	Mixture Model	RDU

  Baseline RDU model, RDU with a unique utility function model, RDU with a unique utility function and a unique sensitivity parameter model, and Dual model: 3 chains, 6000 iterations with 2000 iterations in burn-in and one iteration out of four kept in the final sample.

-RDU with a unique PWF model, RDU with a unique utility function and a unique elevation parameter model, EU model: 3 chains, 30000 iterations, with 2000 iterations in burn-in and one iteration out of tweenty kept in the final sample.

Table 3 .

 3 

	3.1: Simulations	
	Noise parameter	Median α Share of α < 1
	Constant (Low)	1.00	0.49
	Constant (High)	1.00	0.50
	Increasing (Low to Medium)	0.94	0.62
	Increasing (Medium to High)	0.89	0.60
	Increasing (Low to High)	0.85	0.67
	Decreasing (Medium to Low) 1.05	0.41
	Decreasing (High to Medium) 1.10	0.39
	Decreasing (High to Low)	1.17	0.34

Note: This table shows the median α and the share of α < 1 for each noise structure possible in our simulations.

Table B

 B : This table shows the median α and the share of α < 1 for each noise structure possible in our simulations.

	1: Simulations (Blavatskyy (2011), exponential)
	Noise parameter	Median α Share of α < 1
	Constant (Low)	1.00	0.48
	Constant (High)	0.98	0.51
	Increasing (Low -Medium)	0.96	0.56
	Increasing (Medium -High)	0.90	0.57
	Increasing (Low -High)	0.88	0.60
	Decreasing (Medium -Low) 1.06	0.44
	Decreasing (High -Medium) 1.07	0.45
	Decreasing (High -Low)	1.12	0.38

Note

Table B

 B 

	2: Simulations (Stronger Utility)
	Noise parameter	Median α Share of α < 1
	Constant (Low)	1.00	0.49
	Constant (High)	0.99	0.50
	Increasing (Low -Medium)	0.96	0.59
	Increasing (Medium -High)	0.89	0.59
	Increasing (Low -High)	0.85	0.66
	Decreasing (Medium -Low) 1.04	0.42
	Decreasing (High -Medium) 1.09	0.42
	Decreasing (High -Low)	1.14	0.36

Note: This table shows the median α and the share of α < 1 for each noise structure possible in our simulations.

Table B

 B 

	3: Simulations (Random Preferences)
	Noise parameter	Median α Share of α < 1
	Constant (Low)	1.00	0.51
	Constant (High)	0.91	0.57
	Increasing (Low -Medium)	0.97	0.56
	Increasing (Medium -High)	0.78	0.68
	Increasing (Low -High)	0.79	0.69
	Decreasing (Medium -Low) 1.00	0.49
	Decreasing (High -Medium) 1.07	0.42
	Decreasing (High -Low)	1.11	0.36

Note: This table shows the median α and the share of α < 1 for each noise structure possible in our simulations.

  Table (B 4) that some biases are still present in this setup. However, the biases follow a less evident pattern here, and seem to exist even with a constant noise parameter.

	Table B 4: Simulations (binary choices)
	Noise parameter	Median α Share of α < 1
	Constant (Low)	1.01	0.47
	Constant (High)	0.96	0.54
	Increasing (Low to Medium)	0.93	0.58
	Increasing (Medium to High)	0.95	0.55
	Increasing (Low to High)	0.91	0.56
	Decreasing (Medium to Low) 1.01	0.48
	Decreasing (High to Medium) 0.98	0.52
	Decreasing (High to Low)	1.06	0.42

Note: This table shows the median α and the share of α < 1 for each noise structure possible in our simulations.

Table B

 B 

	5: Simulations (decreasing order)
	Noise parameter	Median RRA Share of α > 0
	Constant (Low)	0.00	0.52
	Constant (High)	0.08	0.52
	Increasing (Low to Medium)	-0.17	0.39
	Increasing (Medium to High)	-0.45	0.37
	Increasing (Low to High)	-0.62	0.27
	Decreasing (Medium to Low) 0.13	0.59
	Decreasing (High to Medium) 0.38	0.62
	Decreasing (High to Low)	0.61	0.72

Note: This table shows the median α and the share of α < 1 for each noise structure possible in our simulations.

  This gap in the literature poses an issue for at least two reasons. Most importantly, qualitative scales of risk or uncertainty aversion aggregate notions that are different from an economic perspective. For instance, in these questionnaires, the measurement of risk aversion may incorporate what is more rigorously called "ambiguity attitudes"i.e., the preference for gambles with well-defined probabilities over gambles with unknown probabilities. On the contrary, what we mean by risk aversion when its coefficient is measured through the certainty equivalent of a lottery, is less open to interpretation. Moreover, although the measurement of risk attitudes with self-reported questionnaires can be relevant in many cases[START_REF] Dohmen | Individual risk attitudes: Measurement, determinants, and behavioral consequences[END_REF], measuring preferences through choices remains a benchmark approach in economics.

	Berinsky and Lewis, 2007; Eckles et al., 2014;
	Kam and Simas, 2012; Attanasi, 2014; Steenbergen and Siczek, 2017; Grundl and Aichholzer, 2020). Moreover,

no previous paper has considered an experimental protocol with revealed preferences in an attempt to examine the relationship between political attitudes and preferences under uncertainty. In contrast, past studies have only relied on qualitative measures of risk aversion, such as Likert scales.

To investigate the influence of preferences under uncertainty on political opinions, we exploit the rich dataset from the Longitudinal Internet Studies for the Social Sciences (LISS), which is composed of thousands of different Dutch households. Besides the standard questions on well-being, politics, or religion, the LISS panel includes single-wave questionnaires on numerous issues, some of them dealing with preferences under uncertainty. The current paper uses the questionnaire designed by

Dimmock et al. (

  al., 2017; Colantone and Stanig, 2018; Dippel et al., 2022). Automation and deindustrialization also seem to have been strong determinants in the success of populist leaders over the past decade (e.g., Dijkstra et al., 2018). The 2008 economic crisis and the austerity that followedin Europe may also have favored populist leaders in this regional political landscape (e.g.,[START_REF] Algan | The rise of populism and the collapse of the left-right paradigm: lessons from the 2017 french presidential election[END_REF] Dal Bo, 2018). Although the literature has been primarily empirical on this issue, attempts to explain this new wave of populism through microeconomic models include[START_REF] Leon | Strategic redistribution: the political economy of populism in latin america[END_REF] and Di Tella and Rotemberg (2018).

We can remark that because most of the literature explains the evolution of political preferences as a macrophenomenon, the results are generally found at an aggregate level (e.g., counties or regions) rather than at an individual level (for two exceptions, see

[START_REF] Guiso | Demand and supply of populism[END_REF][START_REF] Algan | The rise of populism and the collapse of the left-right paradigm: lessons from the 2017 french presidential election[END_REF]

. However, and as we will see this paper, individual economic preferences, such as risk and ambiguity preferences, may simultaneously play a role in the success of populist leaders, which a macro-analysis could overlook. Moreover, the study of preferences under uncertainty in relation with populism seems consistent with a recent trend in the political economy literature that increasingly incorporates notions from behavioral economics. This extension in the Political Economy literature has generated a new research program called the "behavioral political economy" (BPE).

[START_REF] Schnellenbach | Behavioral political economy: A survey[END_REF] 

have defined the BPE as "the psychologically informed, economic analysis of behavior and its effects in the political arena." Surprisingly, the BPE has paid little attention to the issue of populism

[START_REF] Jennings | The good, the bad and the populist: A model of political agency with emotional voters[END_REF][START_REF] Binswanger | Democracy, populism, and (un) bounded rationality[END_REF]

Table 4 .

 4 Note: This table shows various pieces of information concerning non-responses. The first gives the rate of non-responses for each political figure, from the left, the center-left, the center-right, the right and Geert Wilders. The second column shows the correlations between a non-response for Geert Wilders and a non-response for another politician. The third column shows the correlations between a non-response for a politician and a Likert scale measuring the interest regarding politics. The significant level is * * * : p < 0.001.

		3.1: Distribution in non-responses
	Non-response rate	Correlation in non	Corr. of non-responses
	by political leaders	responses between	with interest in politics
			political leaders	by political leaders
	Left	0.19 G.W./Left	0.50 * * * Left	-0.35 * * *
	Center-left	0.04 G.W./Center-Left 0.66 * * * Center-left -0.22 * * *
	Center-right	0.05 G.W./Center-Right 0.66 * * * Center-right -0.18 * * *
	Right	0.09 G.W./Right	0.63 * * * Right	-0.27 * * *
	Geert Wilders (G.W.) 0.07			G.W.	-0.23 * * *

Table 4 .

 4 

	5.1: Correlation Table

Note: This table introduces the correlation coefficient between the point estimates of the preferences under uncertainty (risk and ambiguity) and opinion toward politicians (on Geert Wilders and the mean of the four other politicians). The significance levels are * * * : p < 0.001, * * : p < 0.01, * : p < 0.05.

Table 4 .

 4 

	Names	Model 1	Model 2	Model 3	Model 4	Model 5
		(Trunc.)	(Trunc.)	(Trunc.)	(Ordo. Prob.)	(Diff.)
	Const.	2.82 * * *	2.80 * * *	2.71 * * *	2.13 * * *	-2.57 * * *
		(0.16)	(0.11)	(0.15)	(0.17)	(0.16)
	Risk Aversion	-0.84 * * * -0.95 * * *	-	-0.78 * * *	-1.12 * * *
		(0.22)	(0.27)		(0.23)	(0.23)
	Ambiguity Aversion	0.14	0.10	-	0.12	-0.20
		(0.11)	(0.13)		(0.11)	(0.12)
	Education 1	-0.76 * * *	-	-0.86 * * *	-0.67 * * *	-1.08 * * *
		(0.16)		(0.15)	(0.16)	(0.18)
	Education 2	-0.98 * * *	-	-1.14 * * *	-0.87 * * *	-1.07 * * *
		(0.16)		(0.14)	(0.16)	(0.14)
	Male	0.81 * * *	-	0.88 * * *	0.76 * * *	1.09 * * *
		(0.11)		(0.09)	(0.12)	(0.15)
	Muslim Background	-7.06 * * *	-	-6.63 * * *	-6.20 * * *	-9.43 * * *
		(0.63)		(0.59)	(0.64)	(0.23)
	Income	-0.18 * * *	-	-0.16 * * *	-0.19 * * *	-0.17 * * *
		(0.06)		(0.04)	(0.04)	(0.12)
	Additional Individual covariates	Yes	No	Yes	Yes	Yes
	N (with risk and					
	ambiguous decisions)	845	845	845	845	741
	N (all)	5823	5823	5823	4986	4823
	D.I.C.	38150.21	40842.2	22644.34	424103.6	17482.96

5.2: Models 1 to 5 (baseline estimates)

Table 4 .

 4 5.3: Models 6 to 8 (personality and political preferences)

	Categories	Names	Model 6	Model 7	Model 8
		Constant	2.61 * * *	2.49 * * *	2.44 * * *
			(0.16)	(0.16)	(0.16)
	Uncertainty Pref.	Risk Aversion	-0.75 * *	-	-0.55 *
			(0.25)		(0.25)
		Ambiguity Aversion	0.14		0.16
			(0.12)	-	(0.12)
	Socio-demographics	Education 1	-0.75 * * * -0.83 * * * -0.74 * * *
			(0.19)	(0.20)	(0.21)
		Education 2	-0.67 * * * -0.79 * * *	-0.04
			(0.18)	(0.20)	(0.20)
		Male	0.67 * * *	0.82 * * *	0.85 * * *
			(0.15)	(0.16)	(0.16)
		Muslim Background	-7.32 * * * -7.04 * * *	-2.67
			(0.92)	(1.15)	(1.92)
		Income	-0.15 *	-0.13	-0.12
			(0.07)	(0.08)	(0.08)
	Personality	Big Five 1 (Extra.)	0.42 * * *	0.51 * * *	0.20
			(0.09)	(0.08)	(0.12)
		Big Five 2 (Aggrea.) -0.37 * * * -0.41 * * *	-0.07
			(0.1)	(0.11)	(0.12)
		Big Five 3 (Consci.)	0.43 * * *	0.50 * * *	0.10
			(0.08)	(0.09)	(0.13)
		Big Five 4 (Stability) -0.31 * * * -0.33 * * *	-0.17
			(0.08)	(0.09)	(0.08)
		Big Five 5 (Open.)	-0.44 * * * -0.55 * * *	-0.18
			(0.08)	(0.10)	(-0.12
	Political Pref.	Immigration atti.	-	-	0.94 * * *
					(0.20)
		Left-right positioning	-	-	1.37 * * *
					(0.21)
	Individual covariates		Yes	Yes	Yes
	Additional political att.		No	No	Yes
	N (with risk and		845	845	845
	ambiguous decisions)				
	N (all)		5823	5823	5823
	D.I.C.		30020.15 17684.87 84049.19

Note: the significance levels are * * * : 2(1p D ) < 0.001, * * : 2(1p D ) < 0.01, and * : 2(1p D ) < 0.05. The point estimates are given by the median of the posterior distribution, and standard deviations are reported in brackets. Note that the D.I.C. are not necessarily comparable across models-models 6 and 8 estimate three equations simultaneously, while model 6 has only one equation.

Table 4 .

 4 5.4: Models 9 to 10 (probits)

	Names	Model 9	Model 10
	Const.	-0.97 * * *	-0.97 * * *
		(0.07)	(0.09)
	Risk Aversion	-0.15 *	-0.13
		(0.07)	(0.07)
	Ambiguity Aversion	-0.02	-0.01
		(0.04)	(0.04)
	Education 1	-0.43 * * *	-0.35 * * *
		(0.12)	(0.11)
	Education 2	-0.25	-0.19
		(0.13)	(0.13)
	Male	0.21 *	0.20 *
		(0.09)	(0.09)
	Muslim Background	-7.28 * * *	-6.57 * * *
		(5.25)	(4.04)
	Urban	-0.14	-0.17
		(0.10)	(0.10)
	Income	-0.12 *	-0.10
		(0.05)	(0.05)
	Additional Individual covariates Yes	Yes
	N	1250	1444
	D.I.C.	32015.65	32314.51

Note: the significance levels are * * * : 2(1p D ) < 0.001, * * : 2(1p D ) < 0.01, and * : 2(1p D ) < 0.05. The point estimates are given by the median of the posterior distribution, and standard deviations are reported in brackets. Model 9 is a probit model that gives the probability that the respondent reports having voted for Wilders' party against having voted for another candidate. Model 10 is a probit model of that gives the probability that the respondent reports having voted for Wilders' party against having voted for another candidates or having not participated in the election. Note that the D.I.C. are not comparable because the samples are different-individuals that did not participate in the election are discarded for the estimation of Model 9 but not for Model 10.

Table 4 .

 4 D.1: Models 1, 6 and 8, estimation of the risk aversion parameter, log(r)

	Categories	Names	Model 1	Model 6	Model 8
		Constant	-0.17	-0.17	-0.2
			(0.84)	(0.84)	(0.13)
	Socio-demographics	Education 1	-0.13	-0.13	-0.11
			(0.07)	(0.07)	(0.07)
		Education 2	-0.15 *	-0.15 *	-0.12
			(0.07)	(0.07)	(0.07)
		Unemployment	-0.04	0.01	0.02
			(0.19)	(0.19)	(0.19)
		Age	-0.16	0.03	0.01
			(0.22)	(0.22)	(0.21)
		Age squared	0.12	0.02	0.04
			(0.18)	(0.18)	(0.17)
		Male	0.16 *	0.16 *	0.15 *
			(0.06)	(0.06)	(0.07)
		Muslim Background	0.34	-0.34	0.55
			(0.31)	(0.5)	(0.34)
		Non-Dutch background	0.07	0.07	0.07
			(0.1)	(0.1)	(0.1)
		Urban	-0.05	-0.05	-0.06
			(0.06)	(0.06)	(0.06)
		Income	0.02	0.02	0.02
			(0.03)	(0.03)	(0.1)
	Personality	Big Five 1 (Extra.)	-	0.04	0.04
				(0.03)	(0.03)
		Big Five 2 (Aggrea.)	-	-0.01	0.00
				(0.03)	(0.03)
		Big Five 3 (Consci.)	-	0.00	0.00
	Continued on next page				
		125			

* : 2(1p D ) < 0.001, * * : 2(1p D ) < 0.01, * : 2(1p D ) < 0.05, 126
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 4 E.1: Models 1 to 5 (baseline estimates, with non-incentivized)

	Names	Model 1	Model 2	Model 5	Model 6	Model 8
		(Trunc.)	(Trunc.)	(Diff.)	(Tunc.)	(Trunc.)
	Const.	2.68 * * *	2.15 * * *	2.64 * * *	2.13 * * *	2.57 * * *
		(0.16)	(0.11)	(0.15)	(0.17)	(0.16)
	Risk Aversion	-0.62 * * * -0.67 * * * -0.47 * * *	-0.43 * *	-0.33 *
		(0.22)	(0.27)		(0.23)	(0.23)
	Ambiguity Aversion	0.07	0.10	-0.13	0.07	-0.08
		(0.11)	(0.13)		(0.11)	(0.12)
	Additional Individual covariates (Socio-demo.)	Yes	Yes	Yes	Yes	Yes
	Additional Individual covariates (Personality)	No	No	No	Yes	Yes
	Additional Individual covariates (Politics)	No	No	No	No	Yes
	N (with risk and					
	ambiguous decisions)	1747	1747	1747	1747	1747
	N (all)	5823	5823	5823	4986	4823
	D.I.C.	61594.0	60196.38 22644.34 424103.6 17482.96
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 4 G.1: Results from the simulated datasets Simulation Med. Risk Av. Coef. Med. Ambiguity Av. Coef.

		-0.60	-0.07
		(0.20)	(0.12)
		-1.04	0.07
		(0.20)	(0.12)
		-1.15	-0.18
		(0.20)	(0.12)
		-1.01	-0.00
		(0.20)	(0.13)
		-1.00	0.07
		(0.20)	(0.12)
		-0.80	-0.06
		(0.21)	(0.11)
		-0.79	0.12
		(0.20)	(0.13)
		-0.99	0.12
		(0.19)	(0.12)
		-0.92	0.05
		(0.19)	(0.13)
	10	-1.24	0.17
		(0.18)	(0.12)

  , income inequalities (e.g.,[START_REF] Dynan | Increasing income inequality, external habits, and self-reported happiness[END_REF][START_REF] Oishi | Income inequality and happiness[END_REF]; Perez-Truglia, 2020), aging (e.g.,[START_REF] Frijters | The mystery of the u-shaped relationship between happiness and age[END_REF], health (e.g.,[START_REF] Steptoe | Happiness and health[END_REF], personality traits (e.g.,[START_REF] Strickhouser | Does personality predict health and well-being? a metasynthesis[END_REF], or even religiosity (e.g., Rizvi and Hossain, 2017). According to many of its authors, this literature seems now so profoundly established that it could serve as a guide for public policy (e.g.,[START_REF] Huang | Happiness studies and legal policy[END_REF].

However, most of the results from this field have been based on self-reported measures of well-being or "happiness scales." Those variables include answers to questions such as "On the whole, how happy would you say you are?" Since their first uses, the scientific relevance of those indicators has been criticized. Norbert Schwarz and his coauthors, in particular, pointed out in the 1990s a series of paradoxical results incompatible with the report of an objective level of well-being by a respondent. For instance, in a seminal study,

[START_REF] Strack | Priming and communication: Social determinants of information use in judgments of life satisfaction[END_REF] 

showed that asking a freshman how satisfied he is with his dating life before assessing his well-being induces a spurious correlation between the two that would not exist otherwise. The influence of the context in which subjective well-being is elicited had remained a constant concern for this literature, as demonstrated by studies such as Deaton and Stone (2016), Dolan and Kavetsos (2016) and

[START_REF] Piccitto | Does the survey mode affect the association between subjective well-being and its determinants? an experimental comparison between face-to-face and web mode[END_REF]

. Thus, respondents do not seem to simply report a clearly defined variable with "candor and accuracy"-to use an expression by Campbell (1981).

2 
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 5 2.1: Well-being variables

	Variable	Question or statement	Min. 25% Qu.	Median 75% Qu.	Max.
	Happy	"On the whole, how happy would you say you are?"	0	7	8	8	10
	Satisfied	"How satisfied are you with the life you lead at the moment?"	0	7	8	8	10
	Feel I	"How do you feel at the moment?"	1	5	6	6	7
	Feel II	"In general, how do you feel?"	1	5	6	6	7
	Ideal	"In most ways my life is close to my ideal"	1	4	5	6	7
	Conditions "The conditions of my life are excellent"	1	4	5	6	7
	Imp.	"So far I have gotten the important things I want in life"	1	5	5	6	7
	Change	"If I could live my life over, I would change almost nothing"	1	3	5	6	7
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 5 

				2.2: Well-being variables	
		Satisfied Feel I Feel II	Ideal	Conditions Imp.	Change
	Happy	0.84	0.66	0.66	0.68	0.66	0.55 0.47
	Satisfied		0.65	0.66	0.66	0.62	0.53 0.46
	Feel I			0.73	0.57	0.55	0.43 0.37
	Feel II				0.60	0.58	0.47 0.40
	Ideal					0.79	0.63 0.54
	Conditions						0.61 0.50
	Imp.							0.56

Note: this table shows the consistency of the SWB measures using correlation coefficients between the answers. All the coefficients are significant with p < 0.001.
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 5 

			2.3: Time Stability	
	Variable		Correlation between waves	
		1st and 2sd	2sd and 3rd 3rd and 4th 1st and 3th 1st and 4th
	Extroversion	0.82	0.82	0.85	0.81	0.81
	Agreeability	0.72	0.75	0.76	0.73	0.71
	Neuroticism	0.76	0.78	0.78	0.75	0.75
	Conscientiousness 0.77	0.78	0.81	0.76	0.75
	Openness	0.77	0.78	0.79	0.76	0.76
	Consistency	0.57	0.57	0.59	0.56	0.56
	Happiness	0.59	0.64	0.66	0.59	0.56
	Life Sstisfaction	0.59	0.61	0.65	0.58	0.56
	Note: This table shows the correlation coefficients for each indicator between one wave and another.	
			OLS		Probit
	Variables		Model I	Model II	Model III	Model IV
	Age		1.80 * * *	1.60 * * *	3.06 * * *	2.89 * * *
			(0.25)	(0.25)	(0.38)	(0.40)
	Age 2		-1.77 * * *	-1.60 * * *	-3.23 * * *	-3.10 * * *
			(0.25)	(0.26)	(0.40)	(0.42)
	Income		-	0.03 * * *	-	0.05 * * *
				(0.01)		(0.01)
	Education (High School)	0.08 * * *	0.08 * * *	0.09 * *	0.10 * *
			(0.02)	(0.02)	(0.03)	(0.03)
	Education (University)	0.06 * * *	0.05 * *	0.05	0.03
			(0.02)	(0.02)	(0.03)	(0.01)
	Male		-0.04	-0.03	-0.02	-0.03
			(0.02)	(0.02)	(0.03)	(0.01)
	Urban		0.07 * * *	0.07 * * *	0.08 * * *	0.08 * * *
			(0.02)	(0.02)	(0.02)	(0.01)
	Married		0.08 * * *	0.06 * * *	0.05	0.03
			(0.02)	(0.02)	(0.03)	(0.01)
	Extroversion		0.04 * * *	0.04 * * *	0.06 * * *	0.05 * * *
			(0.01)	(0.01)	(0.01)	(0.01)
	Agreeability		-0.04 * * *	-0.04 * * *	-0.04 * *	-0.04 *
			(0.01)	(0.01)	(0.01)	(0.01)
	Conscientiousness	0.01	0.00	0.04 * *	0.04 * * *
			(0.01)	(0.01)	(0.01)	(0.01)
	Neuroticism		0.06 * * *	0.06 * * *	0.08 * * *	0.08 * * *
			(0.01)	(0.01)	(0.01)	(0.01)
	Openness		-0.05 * * *	-0.05 * * *	-0.10 * * *	-0.10 * * *
			(0.01)	(0.01)	(0.01)	(0.01)
	Time Trend		-0.01 * * * 1	-0.01 * * *	-0.04 * * *	-0.02 * * *
			(0.002)	(0.002)	(0.003)	(0.003)
	Random Effect	✓	✓	-	-
	N (obs.)		23995	23995	9213	9213
	N (ind.)		9213	9213	9213	9213
	R2		0.55	0.55	-	-
	Pseudo-R2		-	-	0.02	0.02
		Table 5.2.4: Consistency determinants	
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 5 3.1: Happiness (Baseline Estimates) : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in parentheses.

	Variables	Model I	Model II	Model III	Model IV	Model V
	Age	-2.74 * * *	-	-3.01 * * *	-5.33 * * *	-5.51 * * *
		(0.65)		(0.68)	(0.01)	(0.67)
	Age 2	3.05 * * *	-	3.24 * * *	5.51 * * *	5.58 * * *
		(0.67)		(0.69)	(0.01)	(0.69)
	Income	-	0.17 * * *	0.17 * * *	-	0.14 * * *
			(0.01)	(0.01)		(0.01)
	Education (High School)	-	-	-	0.01	-0.02
					(0.03)	(0.03)
	Education (University)	-	-	-	0.13 * * *	0.08 * *
					(0.01)	(0.03)
	Male	-	-	-	-0.03	-0.02
					(0.01)	(0.03)
	Urban	-	-	-	0.06 *	0.06 *
					(0.02)	(0.02)
	Married	-	-	-	0.41 * * *	0.41 * * *
					(0.01)	(0.03)
	Extroversion	-	-	-	0.22 * * *	0.22 * * *
					(0.01)	(0.01)
	Agreeability	-	-	-	0.03 *	0.03 *
					(0.01)	(0.01)
	Conscientiousness	-	-	-	0.18 * * *	0.17 * * *
					(0.01)	(0.01)
	Openness	-	-	-	0.02	0.02
					(0.01)	(0.01)
	Time Trend	-	-	-	-0.02 * * *	-0.02 * * *
					(0.003)	(0.003)
	Rand. Effects	✓	✓	✓	✓	✓
	N (obs.)	23995	21826	21826	23995	21826
	N (ind.)	9213	8540	8540	9213	8540
	R2	0.60	0.60	0.60	0.61	0.61
	Note: * *					

* 
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.3.3) thus contains the age and age 2 variables as well as an individual random effect, but no additional covariates. As argued, for instance,
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 5 3.2: Life satisfaction (baseline estimates)

	Variables	Model I	Model II	Model III	Model IV	Model V
	Age	-2.86 * * *	-	-3.09 * * *	-5.97 * * *	-6.05 * * *
		(0.72)		(0.74)	(0.71)	(0.74)
	Age 2	3.59 * * *	-	3.73 * * *	6.55 * * *	6.48 * * *
		(0.73)		(0.76)	(0.73)	(0.75)
	Income	-	0.22 * * *	0.22 * * *	-	0.18 * * *
			(0.01)	(0.01)		(0.01)
	Education (High School)	-	-	-	0.01	-0.03
					(0.03)	(0.03)
	Education (University)	-	-	-	0.16 * * *	0.10 * * *
					(0.03)	(0.03)
	Male	-	-	-	-0.02	-0.02
					(0.03)	(0.03)
	Urban	-	-	-	0.10 * *	0.10 * *
					(0.03)	(0.03)
	Married	-	-	-	0.46 * * *	0.46 * * *
					(0.03)	(0.03)
	Extroversion	-	-	-	0.24 * * *	0.23 * * *
					(0.01)	(0.01)
	Agreeability	-	-	-	0.01	0.02 * *
					(0.01)	(0.01)
	Conscientiousness	-	-	-	0.21 * * *	0.19 * * *
					(0.01)	(0.01)
	Openness	-	-	-	0.01	0.01
					(0.01)	(0.01)
	Time Trend	-	-	-	-0.02 * * *	-0.02 * * *
					(0.003)	(0.003)
	Rand. Effects	✓	✓	✓	✓	✓
	N (obs.)	24113	21934	21934	24113	21934
	N (ind.)	9225	8554	8554	9225	8554
	R2	0.59	0.59	0.59	0.60	0.60
	Note:					

* * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in bracket.
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 5 3.3: Regressions by groups (age and income)

			Dependent Variable: happiness		
			Model I	Model II	Model III
		Consistent Non-consi. Consistent Non-consi. Consistent Non-consi.
	Age	-1 .29	-4 .52 * * *	-	-	-1 .65 *	-4 .61 * * *
		(0.78)	(1.06)			(0.80)	(1.10)
	Age 2	1 .49	4 .93 * * *	-	-	1 .80 *	4 .92 * * *
		(0.79)	(1.10)			(0.81)	(1.13)
	Income	-		0.13 * * *	0.21 * * *	0.13 * * *	0.21 * * *
				(0.02)	(0.02)	(0.02)	(0.02)
	Rand. Effects	✓	✓	✓	✓	✓	✓
	N (obs.)	12729	11266	11502	10324	11502	10324
	N (ind.)	4747	4466	4384	4156	4384	4156
	R2	0.60	0.59	0.60	0.59	0.60	0.60
			Dependent variable: life satisfaction		
			Model I	Model II	Model III
		Consistent Non-consi. Consistent Non-consi. Consistent Non-consi.
	Age	-1.14	-5.03 * * *	-	-	-1 .46	-5 .09 * * *
		(0.87)	(1.15)			(0.90)	(1.18)
	Age 2	1.74 *	5.90 * * *	-	-	1 .97 *	5 .85 * * *
		(0.88)	(1.19)			(0.90)	(1.22)
	Income	-	-	0.16 * * *	0.27 * * *	0.16 * * *	0.26 * * *
				(0.02)	(0.02)	(0.02)	(0.02)
	Rand. Effects	✓	✓	✓	✓	✓	✓
	N (obs.)	12798	11315	11565	10369	11565	10369
	N (ind.)	4754	4471	4391	4163	4391	4163
	R2	0.59	0.58	0.59	0.58	0.59	0.58
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 5 3.4: Regressions by groups (happiness, all the covariates)

		Dependent Variable: happiness	
		Model IV	Model V
		Consistent Non-consi. Consistent Non-consi.
	Age	-3 .76 * * *	-7 .03 * * *	-4 .05 * * *	-7 .00 * * *
		(0.78)	(1.05)	(0.80)	(1.09)
	Age 2	3 .90 * * *	7 .24 * * *	4 .14 * * *	7 .04 * * *
		(0.78)	(1.08)	(0.80)	(1.12)
	Income	-	-	0.09 * * *	0.18 * * *
		-	-	(0.04)	(0.02)
	Education I	0.03	-0.01	0 .03	-0 .07
		(0.04)	(0.05)	(0.03)	(0.05)
	Education II	0.10 * *	0.18 * * *	0.06	0.12
		(0.03)	(0.04)	(0.03)	(0.03)
	Male	-0.03	-0.02	-0.01	-0.04
		(0.03)	(0.04)	(0.03)	(0.03)
	Urban	0.08 * *	0.02	0.07	0.03
		(0.03)	(0.04)	(0.03)	(0.03)
	Married	0.37 * * *	0.45 * * *	0.38 * * *	0.43 * * *
		(0.03)	(0.04)	(0.03)	(0.03)
	Extroversion	0.20 * * *	0.23 * * *	0.2 * * *	0.22 * * *
		(0.02)	(0.02)	(0.02)	(0.02)
	Agreeability	0.03	0.03	0.02	0.04
		(0.02)	(0.02)	(0.02)	(0.02)
	Conscientiousness 0.17 * * *	0.18 * * *	0.17 * * *	0.17 * * *
		(0.01)	(0.02)	(0.02)	(0.02)
	Openness	0.03	0.02	0.02	0.02
		(0.01)	(0.02)	(0.02)	(0.02)
	Time Trend	-0.01 * * *	-0.02 * * *	-0.01 * * *	-0.02 * * *
		(0.003)	(0.005)	(0.003)	(0.005)
	Rand. Effects	✓	✓	✓	✓
	N (obs.)	12729	11266	11502	10324
	N (ind.)	4754	4466	4384	4156
	R2	0.61	0.60	0.61	0.60
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 5 3.5: Regressions by groups (life satisfaction, all the covariates)

		Dependent variable: life satisfaction	
		Model IV	Model V
		Consistent Non-consi. Consistent Non-consi.
	Age	-4.06 * * *	-8.08 * * *	-4 .25 * * *	-7 .96 * * *
		(0.86)	(1.14)	(0.89)	(1.17)
	Age 2	4.60 * * *	8.72 * * *	4 .70 * * *	8 .36 * * *
		(0.87)	(1.17)	(0.90)	(1.20)
	Income	-	-	0.12 * * *	0.22 * * *
				(0.02)	(0.02)
	Education I	0.04	-0.03	0 .04	-0 .11 *
		(0.04)	(0.05)	(0.04)	(0.05)
	Education II	0.11 * *	0.21 * * *	0.06	0.15
		(0.03)	(0.05)	(0.03)	(0.05)
	Male	-0.04	-0.00	-0.02	-0.03
		(0.03)	(0.04)	(0.03)	(0.04)
	Urban	0.10 * *	0.09 *	0.10 * *	0.08
		(0.03)	(0.04)	(0.03)	(0.04)
	Married	0.41 * * *	0.50 * * *	0.42 * * *	0.49 * * *
		(0.03)	(0.04)	(0.04)	(0.04)
	Extroversion	0.23 * * *	0.25 * * *	0.22 * * *	0.23 * * *
		(0.02)	(0.02)	(0.02)	(0.02)
	Agreeability	0.02	0.00	0.02	0.02
		(0.02)	(0.02)	(0.02)	(0.02)
	Conscientiousness 0.19 * * *	0.21 * * *	0.18 * * *	0.20 * * *
		(0.02)	(0.02)	(0.02)	(0.02)
	Openness	0.02	0.00	0.01	0.00
		(0.02)	(0.02)	(0.02)	(0.02)
	Time Trend	-0.02 * * *	-0.02 * * *	-0.02 * * *	-0.02 * * *
		(0.004)	(0.005)	(0.004)	(0.006)
	Rand. Effects	✓	✓	✓	✓
	N (obs.)	12798	11315	11565	10324
	N (ind.)	4754	4466	4384	4156
	R2	0.60	0.59	0.60	0.59

  Finally, the DM still incorrectly thinks that the two signals she receives are drawn from the same model, i.e., y 1 (c) = y 2 (c), such that she is unaware of possible systematic biases.

	2 /e.	(5.10)
	Proposition 2 follows from this new hypothesis, with results that do not depend directly on σ 2 1 but rather on the
	cost parameter γ.	
	Proposition 5.4.2. From Hypotheses 5.4.1 and 5.4.3, it follows that:	

  individual can generate biased results. There is an ongoing debate about the relevance of self-declared variables compared to indicators based revealed preferences, which are often obtained through experimental procedures (see Chapter IV). In this context, our methodology sheds new light on the use of self-reported variables in economics and social sciences. If individuals infer their responses in answering a survey, they may use what the researcher considers as explanatory variables in their judgment process. Thus, as in the case of the relationship between income and happiness, we cannot know for sure if a statistical relationship corresponds to a true causal model or simply reflects the subjective causal model of the respondent. Future research could therefore use the strategy proposed in this paper to assess the validity of other self-reported measures, such as trust or risk aversion indicators (see, Evans and Revelle, 2008, and Dohmen et al., 2011, respectively).
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 5 C.1: Robustness checks: Sample without intermediate levels of consistency

		Happiness	Life Satisfaction
		Consistent Non-consi. Consistent Non-consi.
	Age	-3.44 * * *	-7.95 * * *	-3.86 * * *	-8.72 * * *
		(0.89)	(1.23)	(0.99)	(1.33)
	Age 2	3.55 * * *	8 * * *	4.28 * * *	9.16 * * *
		(0.89)	(1.27)	(0.99)	(1.37)
	Income	0.09 * * *	0.17 * * *	0.12 * * *	0.21 * * *
		(0.02)	(0.02)	(0.02)	(0.02)
	Education I	0.03	-0.08	0.04	-0.10
		(0.02)	(0.06)	(0.05)	(0.06)
	Education II	0.06	0.13 *	0.05	0.14
		(0.03)	(0.05)	(0.04)	(0.06)
	Male	-0.00	-0.08	-0.03	-0.06
		(0.03)	(0.05)	(0.04)	(0.05)
	Urban	0.09	0.04	0.13	0.09
		(0.04)	(0.05)	(0.04)	(0.05)
	Married	0 .35 * * *	0 .44 * * *	0.39 * * *	0.49 * * *
		(0.04)	(0.05)	(0.04)	(0.05)
	Extroversion	0.22 * * *	0.24 * * *	0.22 * * *	0.24 * * *
		(0.02)	(0.02)	(0.02)	(0.02)
	Agreeability	0.01	0.02	0.02	0.04
		(0.02)	(0.02)	(0.02)	(0.02)
	Conscien.	0.19 * * *	0.21 * * *	0.19 * * *	0.20 * * *
		(0.02)	(0.02)	(0.02)	(0.02)
	Openness	0.02	0.00	0.02	-0.00
		(0.02)	(0.02)	(0.02)	(0.02)
	Time Trend	-0.02 * * *	-0.02 * * *	-0.01 * * *	-0.02 * * *
		(0.00)	(0.01)	(0.01)	(0.01)
	Rand. Effects ✓	✓	✓	✓
	N (obs.)	9219	8100	9275	8134
	N (ind.)	3495	3282	3502	3287
	R2	0.61	0.60	0.60	0.59
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 5 C.2: Robustness checks: Matching Strategy

		Happiness	Life Satisfaction
		Consistent Non-consi. Consistent Non-consi.
	Age	-4 .62 * * *	-8 .16 * * *	-5 .26 * * *	-9 .04 * * *
		(0.90)	(1.19)	(0.97)	(1.30)
	Age 2	4 .62 * * *	7 .98 * * *	5 .56 * * *	9 .11 * * *
		(0.90)	(1.23)	(0.98)	(1.34)
	Income	0.10 * * *	0.18 * * *	0.12 * * *	0.23 * * *
		(0.02)	(0.02)	(0.02)	(0.03)
	Education I	0 .00	-0 .15	0.00	-0.20 * * *
		(0.04)	(0.06)	(0.05)	(0.03)
	Education II	0.06	0.09	0.06	0.12 *
		(0.04)	(0.05)	(0.04)	(0.06)
	Male	-0.00	-0.03	-0.02	-0.02
		(0.03)	(0.04)	(0.04)	(0.05)
	Urban	0.02	-0.02	0.06	0.01
		(0.03)	(0.04)	(0.04)	(0.05)
	Married	0 .35 * * *	0 .33 * * *	0.39 * * *	0.40 * * *
		(0.04)	(0.04)	(0.04)	(0.05)
	Extroversion	0.19 * * *	0.17 * * *	0.20 * * *	0.17 * * *
		(0.02)	(0.02)	(0.02)	(0.02)
	Agreeability	0.03	0.07	0.03	0.04
		(0.02)	(0.02)	(0.02)	(0.02)
	Conscien.	0.17 * * *	0.15 * * *	0.18 * * *	0.17 * * *
		(0.02)	(0.02)	(0.02)	(0.02)
	Openness	0.04	0.07	0.04	0.06
		(0.02)	(0.02)	(0.02)	(0.02)
	Time Trend	-0.01 * * *	-0.01 * * *	-0.01 * * *	-0.02 * * *
		(0.00)	(0.01)	(0.00)	(0.01)
	Rand. Effects ✓	✓	✓	✓
	N (obs.)	9346	8320	9438	8355
	N (ind.)	3591	3291	3611	3301
	R2	0.60	0.59	0.59	0.57

Table 5 .

 5 C.3: Robustness checks: Without Age Selection

		Happiness	Life Satisfaction
		Consistent Non-consi. Consistent Non-consi.
	Age	-2.38 * * *	-4.16 * * *	-2.55 * * *	-4.52 * * *
		(0.90)	(1.19)	(0.97)	(1.30)
	Age 2	2.27 * * *	4.02 * * *	2.61 * * *	4.57 * * *
		(0.90)	(1.23)	(0.98)	(1.34)
	Income	0.07 * * *	0.12 * * *	0.09 * * *	0.15 * * *
		(0.02)	(0.02)	(0.02)	(0.03)
	Education I	0.01	-0.05	0.02	-0.08 * * *
		(0.04)	(0.06)	(0.05)	(0.03)
	Education II	0.06	0.11	0.05	0.11 *
		(0.04)	(0.05)	(0.04)	(0.06)
	Male	0.02	-0.01	0.02	0.02
		(0.03)	(0.04)	(0.04)	(0.05)
	Urban	0.06	0.05	0.09	0.01
		(0.03)	(0.04)	(0.04)	(0.05)
	Married	0 .38 * * *	0 .43 * * *	0.41 * * *	0.46 * * *
		(0.04)	(0.04)	(0.04)	(0.05)
	Extroversion	0.21 * * *	0.23 * * *	0.23 * * *	0.25 * * *
		(0.02)	(0.02)	(0.02)	(0.02)
	Agreeability	0.02	0.04	0.02	0.02
		(0.02)	(0.02)	(0.02)	(0.02)
	Conscien.	0.16 * * *	0.17 * * *	0.18 * * *	0.19 * * *
		(0.02)	(0.02)	(0.02)	(0.02)
	Openness	0.02	0.02	0.02	0.00
		(0.02)	(0.02)	(0.02)	(0.02)
	Time Trend	-0.01 * * *	-0.01 * * *	-0.02 * * *	-0.02 * * *
		(0.00)	(0.01)	(0.00)	(0.01)
	Rand. Effects ✓	✓	✓	✓
	N (obs.)	14406	14081	14494	14145
	N (ind.)	5280	5480	5284	5483
	R2	0.59	0.59	0.58	0.58

Table 5 .

 5 D.1: Robustness checks: Additional measures of SWB(1) 

		Feel I	Feel II
		Consistent Non-consi. Consistent Non-consi.
	Age	-1 .13 * * *	-3 .02 * * *	-0.81	-4.72 * * *
		(0.62)	(0.73)	(0.59)	(0.72)
	Age 2	1.76 * * *	3.64 * * *	1.20 *	4.16 * * *
		(0.62)	(0.75)	(0.60)	(0.74)
	Income	0.05 * * *	0.10 * * *	0.05 * * *	0.11 * * *
		(0.01)	(0.01)	(0.01)	(0.01)
	Education I	0 .04	-0 .07	0.04	-0.05
		(0.03)	(0.03)	(0.03)	(0.03)
	Education II	-0.04	0.01	0.05	0.02
		(0.02)	(0.03)	(0.03)	(0.03)
	Male	0.06	0.02	0.06	-0.06
		(0.02)	(0.03)	(0.03)	(0.03)
	Urban	0.06	0.03	0.16	0.02
		(0.02)	(0.03)	(0.03)	(0.03)
	Married	0.15 * * *	0.18 * * *	0.20 * * *	0.20 * * *
		(0.02)	(0.03)	(0.02)	(0.03)
	Extroversion	0.13 * * *	0.16 * * *	0.16 * * *	0.16 * * *
		(0.02)	(0.01)	(0.01)	(0.01)
	Agreeability	0.00	0.00	0.01	0.02
		(0.02)	(0.01)	(0.01)	(0.01)
	Conscien.	0.13 * * *	0.15 * * *	0.13 * * *	0.13 * * *
		(0.02)	(0.01)	(0.01)	(0.01)
	Openness	0.01	0.00	0.01	0.02
		(0.02)	(0.01)	(0.01)	(0.01)
	Time Trend	-0.02 * * *	-0.02 * * *	-0.01 * * *	-0.02 * * *
		(0.00)	(0.01)	(0.01)	(0.00)
	Rand. Effects ✓	✓	✓	✓
	N (obs.)	11665	10495	11665	10495
	N (ind.)	4406	4192	4406	4192
	R2	0.47	0.49	0.51	0.56

Table 5 .

 5 D.2: Robustness checks: Additional measures of SWB(2) 

			Ideal	Conditions
		Consistent Non-consi. Consistent Non-consi.
	Age	-2.33 * * *	-4.10 * * *	-1.47	-3.53
		(0.62)	(0.62)	(0.62)	(0.76)
	Age 2	2.33 * * *	3.87 * * *	1.53	3.55
		(0.62)	(0.62)	(0.62)	(0.78)
	Income	0 .09 * * *	0 .13 * * *	0 .13 * * *	0 .17 * * *
		(0.01)	(0.01)	(0.01)	(0.01)
	Education I	0.04	-0.08	0.04	-0.03
		(0.03)	(0.03)	(0.03)	(0.04)
	Education II	0.03	0.06 *	0.08	0.06
		(0.02)	(0.02)	(0.03)	(0.04)
	Male	-0.03	-0.02	-0.03	-0.02
		(0.02)	(0.02)	(0.03)	(0.04)
	Urban	0.06	0.04	0.4	0.04
		(0.02)	(0.02)	(0.03)	(0.04)
	Married	0 .28 * * *	0 .36 * * *	0 .23 * * *	0 .31 * * *
		(0.02)	(0.02)	(0.02)	(0.04)
	Extroversion	0.15 * * *	0.15 * * *	0.14 * * *	0.14 * * *
		(0.01)	(0.01)	(0.01)	(0.02)
	Agreeability	0.02	0.03	0.00	0.04
		(0.01)	(0.01)	(0.01)	(0.02)
	Conscien.	0.12 * * *	0.12 * * *	0.14 * * *	0.14 * * *
		(0.01)	(0.01)	(0.01)	(0.02)
	Openness	0.03	0.00	0.01	0.02
		(0.01)	(0.01)	(0.01)	(0.02)
	Time Trend	-0.00 * * *	-0.02 * * *	-0.01 * * *	-0.01 * * *
		(0.00)	(0.01)	(0.01)	(0.01)
	Rand. Effects ✓	✓	✓	✓
	N (obs.)	11665	10495	11665	10495
	N (ind.)	4406	4192	4406	4192
	R2	0.57	0.59	0.56	0.59

Table 5 .

 5 D.3: Robustness checks: Additional measures of SWB(3) 

		Important	Change
		Consistent Non-consi. Consistent Non-consi.
	Age	-0.89	-2.50 * *	-4 .08 * * *	-6 .50 * * *
		(0.61)	(0.77)	(0.63)	(0.76)
	Age 2	0.79	2.14 * *	4 .00 * * *	6 .45 * * *
		(0.62)	(0.78)	(0.64)	(0.78)
	Income	0.06 * * *	0.09 * * *	0.06 * * *	0.09 * * *
		(0.02)	(0.01)	(0.01)	(0.01)
	Education I	0.02	-0.05	-0.03	-0.09
		(0.03)	(0.04)	(0.03)	(0.04)
	Education II	0.12 * * *	0.14 *	0.08 * *	0.14
		(0.02)	(0.03)	(0.03)	(0.03)
	Male	-0.05 *	-0.02	-0.08 * * *	-0.08 * * *
		(0.02)	(0.03)	(0.02)	(0.03)
	Urban	0.07 * *	0.03	0.04	0.00
		(0.02)	(0.03)	(0.02)	(0.03)
	Married	0 .34 * * *	0 .43 * * *	0.30 * * *	0.32 * * *
		(0.02)	(0.03)	(0.02)	(0.03)
	Extroversion	0.12 * * *	0.13 * * *	0.14 * * *	0.13 * * *
		(0.01)	(0.01)	(0.01)	(0.01)
	Agreeability	0.03 * *	0.04 * * *	0.00	0.00
		(0.01)	(0.01)	(0.01)	(0.01)
	Conscien.	0.11 * * *	0.11 * * *	0.07 * * *	0.09 * * *
		(0.01)	(0.01)	(0.01)	(0.01)
	Openness	0.05 * * *	0.02	0.01	0.00
		(0.01)	(0.01)	(0.01)	(0.01)
	Time Trend	-0.00	0.00	-0.00	-0.00
		(0.00)	(0.00)	(0.00)	(0.00)
	Rand. Effects ✓	✓	✓	✓
	N (obs.)	11665	10495	9275	8134
	N (ind.)	4406	4192	3502	3287
	R2	0.56	0.57	0.60	0.59

Table 5 .

 5 E.2: Robustness checks: OLS-probit on happiness

		Model IV	Model V
		Consistent Non-consi. Consistent Non-consi.
	Age	-2 .98 * * *	-7 .95 * * *	-3.86 * * *	-8.72 * * *
		(0.60)	(0.73)	(0.61)	(1.12)
	Age 2	3 .10 * * *	8 * * *	4.28 * * *	9.16 * * *
		(0.61)	(0.76)	(0.63)	(0.01)
	Income	-	-	0.12 * * *	0.21 * * *
				(0.01)	(0.01)
	Education I	0.00	-0.08	0.04	-0.10
		(0.03)	(0.01)	(0.01)	(0.01)
	Education II	0.07	0.13 *	0.05	0.14
		(0.03)	(0.01)	(0.01)	(0.01)
	Male	-0.01	-0.08	-0.03	-0.06
		(0.02)	(0.01)	(0.01)	(0.01)
	Urban	0.08	0.04	0.13	0.09
		(0.02)	(0.01)	(0.01)	(0.01)
	Married	0.28 * * *	0.32 * * *	0.39 * * *	0.49 * * *
		(0.02)	(0.01)	(0.01)	(0.01)
	Extroversion	0.16 * * *	0.16 * * *	0.22 * * *	0.22 * * *
		(0.01)	(0.02)	(0.02)	(0.02)
	Agreeability	0.03	0.02	0.02	0.04
		(0.01)	(0.02)	(0.02)	(0.02)
	Conscien.	0.13 * * *	0.12 * * *	0.19 * * *	0.17 * * *
		(0.01)	(0.02)	(0.02)	(0.02)
	Openness	0.02	0.00	0.02	0.02
		(0.01)	(0.02)	(0.02)	(0.02)
	Time Trend	-0.01 * * *	-0.02 * * *	-0.01 * * *	-0.02 * * *
		(0.00)	(0.01)	(0.01)	(0.01)
	Rand. Effects ✓	✓	✓	✓
	N (obs.)	12729	11266	11502	10324
	N (ind.)	4747	4466	4384	4156
	R2	0.63	0.61	0.63	0.61

Table 5 .

 5 E.3: Robustness checks: OLS-probit on Life Satisfaction

		Model IV	Model V
		Consistent Non-consi. Consistent Non-consi.
	Age	-3.44 * * *	-7.95 * * *	-3.86 * * *	-8.72 * * *
		(0.61)	(0.74)	(0.63)	(0.76)
	Age 2	3.55 * * *	8 * * *	4.28 * * *	9.16 * * *
		(0.62)	(0.77)	(0.64)	(0.78)
	Income	-	-	0.12 * * *	0.21 * * *
				(0.01)	(0.01)
	Education I	0.03	-0.08	0.04	-0.10
		(0.03)	(0.03)	(0.03)	(0.04)
	Education II	0.06	0.13 *	0.05	0.14
		(0.02)	(0.03)	(0.02)	(0.03)
	Male	-0.00	-0.08	-0.03	-0.06
		(0.02)	(0.03)	(0.02)	(0.03)
	Urban	0.09	0.04	0.13	0.09
		(0.02)	(0.03)	(0.02)	(0.03)
	Married	0 .35 * * *	0 .34 * * *	0.30 * * *	0.33 * * *
		(0.02)	(0.03)	(0.02)	(0.03)
	Extroversion	0.16 * * *	0.16 * * *	0.15 * * *	0.15 * * *
		(0.01)	(0.01)	(0.01)	(0.01)
	Agreeability	0.01	0.02	0.02	0.04
		(0.01)	(0.01)	(0.01)	(0.01)
	Conscien.	0.14 * * *	0.14 * * *	0.13 * * *	0.13 * * *
		(0.01)	(0.01)	(0.01)	(0.01)
	Openness	0.02	0.00	0.02	0.02
		(0.01)	(0.01)	(0.01)	(0.01)
	Time Trend	-0.01 * * *	-0.02 * * *	-0.01 * * *	-0.02 * * *
		(0.00)	(0.01)	(0.01)	(0.01)
	Rand. Effects ✓	✓	✓	✓
	N (obs.)	12798	11315	11565	10369
	N (ind.)	4754	4471	4391	4163
	R2	0.62	0.61	0.62	0.61

Table 6 .

 6 

		4.1: Descriptive statistics	
		Proportion by variable Mean by variable (HS data)
	Variables	HS data EMS data	Bagrut	Av. Grade
	Gender				
	Female	0.51	0.50	0.56	81.31
	Male	0.49	0.50	0.48	79.89
	Father's schooling years				
	Inferior to 12	0.32	0.21	0.34	78.59
	Exactly 12	0.33	0.40	0.50	79.46
	Between 13 and 15	0.17	0.19	0.65	81.28
	16 or more	0.18	0.2	0.76	83.28
	Mother's schooling years				
	Inferior to 12	0.28	0.16	0.32	78.50
	Exactly 12	0.35	0.44	0.50	79.39
	Between 13 and 15	0.20	0.21	0.65	81.48
	16 or more	0.16	0.20	0.76	83.27
	Number of siblings				
	None	0.26	0.27	0.56	81.05
	One	0.36	0.38	0.56	80.82
	Two or more	0.38	0.35	0.46	80.16
	Ethnicity or nationality				
	Israel	0.42	0.54	0.55	80.89
	Ethiopia	0.00	0.01	0.17	78.15
	Asia/Africa (exc. Ethiopia)	0.26	0.17	0.43	79.20
	Former Soviet Union (FSU)	0.16	0.17	0.50	80.86
	America/Europe (exc. FSU)	0.15	0.12	0.64	81.70
	Recent Immigrant	0.06	0.01	0.37	81.54
	Average	-	-	0.50	80.67
	Number of obs.	381 269	417 594	381 269	199 007

Table 6 .

 6 This table shows the distribution of the self-reported variables in the questionnaire dataset used in the paper. The "time dedicated to

	4.2: Variables of interest (elementary and middle school data)	
	Variables	Min. Median Max. Standard deviation	N
	Time dedicated to homework	0	10	20	4.76	404 947
	Understands requirements	1	5	6	1.07	414 233
	Involved in many fights	1	1	6	1.28	412 229
	Scared of violent kids	1	1	6	1.30	412 595
	Feels unfairly treated	1	3	6	1.68	412 440
	Feels supported at school	1	5	6	1.53	412 630
	Generally feels good at school	1	5	6	1.25	413 542
	Note:					

homework" is comprised between 0 and 20, and corresponds to the sum of the self-reported time dedicated to English, Hebrew (or Arabic), science and mathematics, each comprised between 0 and 5. The other variables correspond to Likert scales with, as a numeric value, 1 for strong disagreement, 2 for disagreement, 3 for moderate disagreement, 4 for moderate agreement, 5 for agreement and 6 for strong agreement. N corresponds to the number of answers. The exact wording of the questions is reported in the text.

Table 6 .

 6 6.1: Results from the baseline model : This table shows the coefficients of the probit and regression models, with the Bagrut and the average grade as dependent variables, and the mother's rank in the cohort and father's rank in the cohort as exogenous variables. The significance levels are:

	Exo. Variables	Bagrut	Ave. Grade
	Father's Rank	0.21 * * * (0.04)		0.38 (0.28)	
	Mother's Rank		0.10 * * * (0.04)		0.33 (0.28)
	Inverse Mills Ratio			-0.09 (0.07)	-0.09 (0.07)
	Model	Probit	Probit	OLS	OLS
	N	379 038 379 038 199 007 199 007
	Cohort Fixed Effect	✓	✓	✓	✓
	Individual Covariates	✓	✓	✓	✓
	Pseudo-R2	0.20	0.20		
	R2			0.19	0.19

Note* * * : p < 0.01, * * : p < 0.05, * : p < 0.1.

Table 6 .

 6 6.2: Results on the gender heterogeneity : This table shows the coefficients of the probit model with the qualification for university as dependent variable. The significance levels are:

	Exo. Variables	Model 1 Model 2 Model 3 Model 4
	Father's Rank (Cohort)	0.20 * * * (0.04)	0.19 * * * (0.04)		0.19 * * * (0.06)
	Mother's Rank (Cohort)	0.02 (0.03)		0.08 * (0.04)	0.01 (0.06)
	(Father's Rank (Coh.) -0.5) × Female		0.05 (0.03)		0.03 (0.07)
	(Mother's Rank (Coh.) -0.5)× Female			0.05 (0.04)	0.01 (0.07)
	(Father's Rank (Gen.) -0.5)× Female		-0.10 * * (0.02)	-0.05 * * (0.02)	-0.08 (0.07)
	(Mother's Rank (Gen.) -0.5)× Female		0.10 * * (0.04)	0.05 (0.04)	0.08 (0.07)
	Female	0.26 * * * (0.00)	0.26 * * * (0.00)	0.26 * * * (0.00)	0.26 * * * (0.00)
	Model	Probit	Probit	Probit	Probit
	N	379 038 379 038 379 038 379 038
	Cohort Fixed Effect	✓	✓	✓	✓
	Individual Covariates	✓	✓	✓	✓
	Pseudo-R2	0.21	0.21	0.21	0.21

Note* * * : p < 0.01, * * : p < 0.05, * : p < 0.1.

Table 6 .

 6 6.3: Non parametric effect of the rank and of the level of education

		Model 1		Model 2	
	Fixed-effect for	Father's Rank Father's level of Parents' level of Father's Rank
	each deciles		of educ.	of educ.	
		(β k δ )	(β k,4 λ )	(β k,k λ )	(β k δ )
	10th decile	-0.11 * * * (0.02)	-0.14 * * * (0.08)	-0.26 * * * (0.02)	-0.09 * * * (0.02)
	9th decile	-0.02 (0.02)	-0.15 * * * (0.07)	-0.30 * * * (0.02)	-0.02 (0.02)
	8th decile	-0.00 (0.01)	-0.05 * * * (0.05)	-0.20 * * * (0.02)	-0.00 (0.01)
	7th decile	-0.02 (0.01)			-0.01 (0.01)
	6th decile	0.02 (0.01)			0.01 (0.01)
	4th decile	0.02 (0.01)	0.21 * * * (0.04)	0.28 * * * (0.03)	0.01 (0.01)
	3rd decile	0.06 * * * (0.01)	0.27 * * * (0.04)	0.50 * * * (0.02)	0.06 * * * (0.01)
	2sd decile	0.08 * * * (0.01)	0.32 * * * (0.06)	0.58 * * * (0.02)	0.07 * * * (0.02)
	1st decile	0.10 * * * (0.02)	0.35 * * * (0.03)	0.66 * * * (0.02)	0.09 * * * (0.02)
	Model	Probit		Probit	
	N	379 038		379 038	
	Cohort Fixed Effect	✓		✓	
	Individual Covariates	✓		✓	
	Pseudo-R2	0.21		0.21	

Table 6 .

 6 6.4: Results from the questionnaire data Dependent variable Father's Rank coef. Mother's Rank coef.

	Homework	0.59 * * * (0.13)	0.37 * * * (0.14)
	Well-being	0.10 * * * (0.04)	0.13 * * * (0.04)
	Requirements	0.02 (0.04)	0.12 * * * (0.04)
	Fights	-0.03 (0.04)	-0.08 * * (0.04)
	Scared	-0.12 * * * (0.04)	-0.15 * * * (0.04)
	Injustice	-0.04 (0.04)	-0.14 * * * (0.02)
	Supported	0.12 * * * (0.04)	0.11 * * * (0.04)

  g(Mother Educ i , Father Educ i , School quality j ) + µ j + ϵ i . (6.13)y * ij =x ′ i β + f r (Rank i ) + f p (Father Educ i , Mother Educ i )+ f s (Parent Educ i , Median Parent Educ j ) + µ j + ϵ i .

	(6.14)

Table 6 .

 6 6.5: Summary of the robustness checks Robustness check Bagrut Homework Father's Rank Mother's Rank Father's Rank Mother's Rank

	Median imputation	0.22 * * *	0.11 * * *	0.39 * * *	0.04
		(0.04)	(0.04)	(0.11)	(0.11)
	Initial imputation	0.18 * * *	0.08 * *	0.30 * * *	0.07
		(0.04)	(0.04)	(0.11)	(0.11)
	Variable cohort effect	0.30 * * *	0.27 * * *	0.53 * * *	0.35 * *
		(0.05)	(0.05)	(0.15)	(0.17)
	Placebo test	-0.02 (0.04)	-0.01 (0.04)	0.03 (0.11)	0.02 (0.11)
	Lexicographic orders	MaxMin	MinMax	MaxMin	MinMax
		0.13 * * *	0.11 * * *	0.53 * * *	0.38 * * *
		(0.03)	(0.03)	(0.11)	(0.11)
		Scared at School	Well-being
		Father's Rank Mother's Rank Father's Rank Mother's Rank
	Median imputation	-0.04 (0.03)	-0.08 * * (0.04)	0.06 * * (0.03)	0.07 * * (0.03)
	Initial imputation	-0.10 * * * (0.03)	-0.10 * * * (0.03)	0.03 (0.03)	0.08 * * (0.03)
	Variable cohort effect	-0.12 * * * (0.04)	-0.15 * * * (0.04)	0.10 * * (0.04)	0.12 * * * (0.04)
	Placebo test	0.02 (0.04)	0.03 (0.04)	0.01 -0.02	-0.01 -0.01
	Lexicographic orders	MaxMin	MinMax	MaxMin	MinMax
		-0.11 * * * (0.03)	-0.12 * * * (0.03)	0.11 * * * (0.03)	0.12 * * * (0.03)

Le poids de ces croyances pouvant être limit é dans le cas d'une distribution a priori non-informative, comme le prior de Jeffreys.

Un exemple de ce type peut être trouv é dansGilboa (2013). Supposons une variable al éatoire X telle que X ∼ U (θ -0.5; θ + 0.5) et supposons que l'on ait deux tirages de X, x 1 et x 2 . L'on peut facilement v érifier que l'intervalle [min(x 1 , x 2 ); max(x 1 , x 2 )] est un intervalle de confiance à 50%. Si l'on obtient comme tirage x 1 = 0.001 et x 2 = -0.001, l'intervalle de confiance à 50% de θ est [-0.001; 0.001] alors que la probabilit é a posteriori que θ soit dans cet intervalle est bien inf érieure à 50 %. De m ême, pour un tirage X 1 = 0 et X 2 = 0.6, l'intervalle de confiance à 50% de θ est maintenant de [0; 0.6]. Or, la probabilit é que θ soit sur l'intervalle [0; 0.6] est pourtant égale à 1. Il n'y a bien s ûr pas de paradoxe à proprement parler, puisque l'intervalle de confiance est d éfini a priori, sans observation. Cependant, cet exemple montre bien l'inconfort qu'il y a à d éfinir a priori un intervalle de confiance, plut ôt qu'un intervalle de valeurs cr édibles sur des croyances a posteriori.

Voir par exemple[START_REF] Goodman | A dirty dozen: twelve p-value misconceptions[END_REF], parmi beaucoup d'autres auteurs, sur la mauvaise compr éhension de la p-value, y compris dans un grand nombre de manuels et d'articles de recherche.

Nous ne voulons pas n écessairement devenir excessivement technique dans le cadre de cette introduction, mais les estimations Bay ésiennes utilisent typiquement des Markov Chains Monte Carlo, qui, th éoriquement, donnent un échantillon convergeant vers la distribution post érieure et, en pratique, posent g én éralement moins de probl èmes de convergence que les algorithmes à descente de gradient utilis és pour le maximum de vraisemblance.

 5 Heureusement, cette situation est assez th éorique, et pour un nombre suffisant de donn ées, la distribution post érieure d'un param ètre converge vers une loi normale, avec une égalit é du mode, de la moyenne et de la m édiane.

Ou plus exactement de l'antenne de Cachan du CREST, avant la restructuration op ér ée au sein de l'universit é Paris-Saclay en 2019.

La formule est cit ée, entre autre, dans Predictibly Irrational[START_REF] Ariely | Predictably irrational[END_REF].

Ici, nous élargissons la classe à la cohorte, nous rapprochant donc également du cadrede Elsner et Isphoring (2017).

Prominent studies include[START_REF] Hey | Investigating generalizations of expected utility theory using experimental data[END_REF],[START_REF] Camerer | Violations of the betweenness axiom and nonlinearity in probability[END_REF],[START_REF] Stott | Cumulative prospect theory's functional menagerie[END_REF],Harrison and Rutstr öm (2007), and Post et al.,(2008). At least two reasons explain this evolution in the literature. First, decision models have become numerous and flexible enough to rationalize many regularities, and this criterion has tended to be less and less discriminant. For instance, most non-expected utility theories proposed since[START_REF] Kahneman | Prospect theory: An analysis of decision under risk[END_REF] explain the Allais paradox. Meanwhile, improvement in the calculation capacity has made model estimation and evaluation easier during the last two decades.

See Nilsson et al. (2011), who demonstrate that regularization methods, by penalizing parameters far from the median estimates of the population, generally give better predictive performances than traditional approaches.

For instance, HO consider only four outcomes: £0, £10, £20, and £30.

In Equation 2.1, fpost.(θ|x) is proportional and not necessarily equal to P (x|θ)f prior (θ), since the integration of P (x|θ)f prior (θ) on the parameters space Θ is also not necessarily equal to 1.

In this paper, the terms "Prospect Theory" refer to the model initially called Cumulative Prospect Theory (Tverky and[START_REF] Tversky | Advances in prospect theory: Cumulative representation of uncertainty[END_REF], following the terminology from[START_REF] Wakker | Prospect theory: For risk and ambiguity[END_REF]. Let us also note here that[START_REF] Jarnebrant | The silver lining effect: Formal analysis and experiments[END_REF] are technically the first authors to introduce a Bayesian framework in decision theory. However, their work significantly departs from the rest of the literature, since they apply Bayesian statistics to the elicitation of a probit model, and not directly to a structural model of decision under risk.

Nevertheless, we plan also to use the more classical maximum likelihood approach as a robustness check for the final version of the paper, which is still, at this stage, a work in progress.

[START_REF] Baillon | Searching for the reference point[END_REF] also interpret the consistency rate in a similar way.

To our best knowledge, the only manner to obtain an accuracy rate higher than the consistency rate would be to find systematic patterns of randomization from the participants (e.g., Agranov and Ortoleva, 2017), a question that is beyond the scope of this paper.

Having only outcomes framed as gains here, we can also argue, such as inBalcombe and Fraeser (2015), that we equivalently study the Cumulative Prospect Theory in the gain domain.

The more general form u(x) = x 1-ρ 1-ρ is not relevant here because one of the possible outcomes in this experiment was 0, which could give an infinite negative utility in the case where ρ > 1.

The tremble parameter ω possesses two different interpretations. First, its psychological interpretation could be the following: in addition to their ability to discriminate the best choice, which is captured by ξ, the subjects can also make another kind of mistake when they sometimes randomly click on an option. The second interpretation is statistical: the addition of a tremble parameter is generally recommended in Bayesian analysis to make the estimates more robust when the sample corresponds to a small number of dichotomous variables (see, for instance, the discussion regarding on the robust logistic regression model, in the reference textbook byKruschke, 2015, p. 621). As demonstrated in the robustness section and in the appendices, the addition of a tremble parameter tends to improve the predictions of the models.

e.g.[START_REF] Loomes | A microeconometric test of alternative stochastic theories of risky choice[END_REF],[START_REF] Blavatskyy | A model of probabilistic choice satisfying first-order stochastic dominance[END_REF], and Wilcox (2011).

e.g. Hey et al. (2010) and Kothiyal et al. (2014).

e.g.[START_REF] Arfer | The predictive accuracy of intertemporal-choice models[END_REF] and[START_REF] Blavatskyy | Estimating representations of time preferences and models of probabilistic intertemporal choice on experimental data[END_REF].

In an already seminal paper on this issue,[START_REF] Varian | Big data: New tricks for econometrics[END_REF] writes, "My standard advice to graduate students these days is go to the computer science department and take a class in machine learning" (p. 3). More recently, Camerer (2018) also highlights that the impact of machine learning should be more potent in behavioral economics than anywhere else in economics. Machine learning allows economists to handle high-dimensional data more easily, and as Camerer (2018) says, behavioral economics precisely tends to deal with a more significant number of relevant factors than the other sub-fields of economics.

Let us clarify the relationship of our approach with machine learning. We do not pretend to have a machine learning approach for this issue. We have simply chosen to import its practices to treat a question for which this field is especially advanced. As Varian (2014) states, "Machine learning is concerned primarily with prediction" (p.4).

By imbalanced data, we mean, in the context of binary choices, a situation where an option is chosen with a higher frequency than the other. The fact that random guesses can produce high accuracy rates on imbalanced data is sometimes called the "accuracy paradox." A typical example of this problem can be given by a model always predicting the most frequent decision in the dataset. If the data are imbalanced (e.g., if the individuals make the same choice 90% of the time) the accuracy rate of this model will also be high, while its predictive performance is, by definition, null.

Note here, we are limited by the computational cost of our models. It is clear that a "K-folds" approach, where the dataset is divided into K different tests used alternatively, would have been more rigorous.

We define the risky option as the option with the highest variance.

Individual MCC are not presented here because this indicator could not be computed for a significant part of the subjects.

The confidence interval at 95% of each predictive performance measure is introduced in Appendix A for more readability. The confidence interval of each of these indicators is narrow, with a precision around 0.04.

Note that the median of the individual Cohen's kappas is even equal to 0 if we assume a universal probability function in the non-parametric case.

If five choices were repeated in the experimental protocol, these choices were not randomized. This explains the possibility for the accuracy rate to be somewhat above the consistency rate. However, these five choices were not especially easier nor more difficult than the others, so the consistency rate can still be considered as a good proxy for the maximal accuracy rate one can achieve on this database.

If we can observe from the out-of-sample log-likelihood that the non-parametric method is outperformed by the parametric models, the results are not qualitatively different, as it can be seen with the predictive performance indicators above. Thus, our non-parametric method constitutes

Bayesian hypothesis testing is different in its construction from the tests performed in frequentist statistics, and indirectly penalizes complex models. As a consequence, the probability of the constrained model being the true model against the unconstrained model can be greater than 0.5 or even close to 1 if that constraint is not associated with a decrease in the goodness-of-fit.

Note that, in this case, we adopt a probit model with a tremble parameter, instead of a logit model, following the specification used by[START_REF] Wilcox | stochastically more risk averse:'a contextual theory of stochastic discrete choice under risk[END_REF].

Considering the function provided by[START_REF] Prelec | The probability weighting function[END_REF] to describe the PWF as a possible utility function is relevant here since both the outcomes and the utility were normalized between 0 and 1.

For an example of such an approach on large survey data, see Chapter IV and Jagelka, 2020

As already said in the Introduction, this note was written with Valentin Baudin, and has been published in Economics Letters.

More precisely, this parameter is obtained by a minimization of the Euclidean distance between the parametric curve and the non-parametric curve.

On the various definitions given to the term "populist," see Vittori (2017).

Quoted in Rieger et al. (2014, p. 2).

All the propositions and declarations quoted here are drawn from Vossen (2016).

See the results of the general elections in Appendix A.

As Vossen (2016, p. xi) noted, "Wilders seems to have split the Netherlands into two camps. Such a highly polarized debate leaves little room for nuance."

Moreover, it also seems unlikely that participants refuse to answer all the questions to avoid non responses in the case of Geert Wilders because Geert Wilders is not evaluated at first in the questionnaire, but only near the end.

More precisely, the questionnaire states, "If you are not familiar with a political figure, you can indicate this using the button I don't know".

Gillen et al. (2019) demonstrated that several past results in experimental economics appear to be pure statistical artifacts when using an approach robust to measurement errors. Among other results, Gillen et al. (2019) show for instance how the aversion of women to competition, as found by[START_REF] Niederle | Do women shy away from competition? do men compete too much?[END_REF], can be attributed to gender differences in risk attitudes.

An adaptation of[START_REF] Blavatskyy | A model of probabilistic choice satisfying first-order stochastic dominance[END_REF] could also be implemented for the two risky decisions. However, an adaptation of this model to ambiguity decisions is not straightforward, and we have preferred to keep a similar noise structure between risk and ambiguity decisions.

Although the same can be said about 10, this one is not widespread in the database, so the potential censorship at the top of the distribution

Possible alternatives not considered in this paper include the mean and mode of the posterior distribution (also called maximum a posteriori, or MAP).

Meanwhile, and according to our estimates, the standard deviation of the latent variable y * is about 5. Thus, a third way to interpret our results would be to say that an increase of the risk aversion coefficient by one standard deviation translates into an increase by 0.14 standard deviation of the censored latent attitude toward Geert Wilders.

Note that, on this point, our results contrast with Nowakowski (2021).

When we apply this approach to our main specifications in the previous sections, our results are only marginally different and still strongly significant (see Appendix D). note also that the difference between the two intercepts is significant in the case of ambiguity attitudes, with significantly more ambiguity aversion for the incentivized subjects. In the context of risk attitude however, the difference is not significant, but the incentivized subjects tend also to be more risk averse than the other group.

A strong argument for the exogeneity of personality traits, in their relationship with political preferences, is the relatively strong association found between genes and political preferences. This has been argued, for instance, by[START_REF] Kandler | Left or right? sources of political orientation: the roles of genetic factors, cultural transmission, assortative mating, and personality[END_REF], according to whom a substantial part of the variance in political preferences can be explained by genes, and the most likely channel of transmission would be personality traits. Because genes are, by definition, exogenous, this relationship could not exist without an exogenous relationship between traits and political attitudes.

Prominent examples include the World Economic German Socio-Economic Panel, the European Social Survey, the Afrobarometer, and finally the Longitudinal Internet Studies for the Social Sciences panel which we will extensively describe below.

See Schwarz and Strack, 1999, for a review of those early findings.

See https://www.lissdata.nl/about-panel.

We more precisely apply the following rule to form the budgetary coefficient depending on the size of the household: 1 for a one-person household, 1.5 for 2 persons, 1.8 for 3, 2.1 for 4, and so on, up to a budgetary coefficient of 3.3.

Note that having asked simultaneously questions concerning life satisfaction and happiness might encourage the respondents to see those as two different notions, a distinction otherwise ignored, as demonstrated in[START_REF] Schwarz | Assimilation and contrast effects in part-whole question sequences: A conversational logic analysis[END_REF]. However, this risk seems moderate since the two outcomes are highly correlated here (r = 0.87), which was not the case in[START_REF] Schwarz | Assimilation and contrast effects in part-whole question sequences: A conversational logic analysis[END_REF].

For a criticism of the use of qualitative scales for assessing the determinants of SWB, see Bond and Lang (2019), already quoted above. Note that Bond and Lang (2019) claim their criticism extends to numeric scales with integers. However, Kaiser and Oswald (2022) recently demonstrated that "humans somehow manage to choose their numerical answers in a systematic way as though they sense within themselvesand can communicate-a reliable numerical scale for their feelings," confirming thus the relevance of our main specification.

The complete questionnaire is available on the LISS website.

Note that the used of fixed effects would not have been suitable in this context, as most respondents participated to about 2 or 3 waves, and sometimes only 1.

The five different quantiles were formed by taking the results from a hierarchical Bayesian approach. Indeed, the calculation of five different quantiles based on the individual means of the consistency indicator would imply a large number of individual with only one response in the highest and the lowest quantiles of consistency. This difficulty can be solved with a hierarchical Bayesian approach, which shrinks the parameters of the individuals for whom we have little information toward the median value of the parameters.

In comparison, Perez-Truglia (2020) shows that the introduction of a website making it possible to know the income of any person in Norway in the 2000s has increased the sensitivity of SWB to income by about 20%. The increase in the sensitivity to income observed here is therefore not marginal.

This latter suggestion is further supported by the theory of the "two selves" developed in psychology by[START_REF] Kahneman | Living, and thinking about it: Two perspectives on life[END_REF].

We use the probit model, named "Model III," in Table5.2.4, to compute our propensity scores.

Thus, the first signal corresponds to a sort of cognitive reflex shared by all the respondents. Moreover, our theoretical results remain unchanged if we use the less restrictive assumption of a level of heterogeneity far less important in σ 2 than in σ 1 .

More broadly, this approach is consistent with the dual-system theory (e.g.,[START_REF] Epstein | Integration of the cognitive and the psychodynamic unconscious[END_REF][START_REF] Kahneman | Attribute substitution in intuitive judgment. Models of a man: Essays in memory of Herbert A[END_REF]).

Moreover, λ = 1 can be chosen only for σ 2 2 = 0, which is impossible in our framework.

We see here a possible sketch for a test of the reliability of a determinant of SWB, as independence from the cognitive style of the respondents seems to be a necessary condition for stating the existence of a true causal effect.

Regarding self-reported indicators, the existence of logical inferences from the respondent might cause other statistical issues that were beyond the scope of this paper. If the self-reported variable is, this time, used as an explanatory variable, individuals may form an inference about their response by using what is considered a dependent variable. In this case, the external validity of self-reported variables becomes trivial, and the results obtained with this framework contain obvious endogeneity biases. This point can be crucial in measuring risk aversion or trust, as they are often used as explanatory variables. However, we did not develop this point further in this paper, as happiness is generally used as a dependent and not as an explanatory variable in the literature.

These results are not in contradiction with the presence of a "big fish, little pound effect"; the net impact of the treatment may, for instance, include the improvement of the relative feedback given to the students, which may compensate the negative impacts in terms of perceived self-efficacy.

The value of λ corresponds to the value generally commonly accepted for loss aversion since the seminal paper by[START_REF] Tversky | Advances in prospect theory: Cumulative representation of uncertainty[END_REF].

Growth and Effectiveness Measures for Schools, or Meizav in Hebrew.

In Figures 6.4.4 (a) and 6.4.4 (b) we use a variable that we have called, for lack of a better term, "simulated ranks." When several observations share the same number of schooling years, the ordinal rank can take several possible values inside an interval. Rather than taking the middle of this interval, as with our "rank variable" we randomly assign a value inside this range to each observation. This operation was made to make the previous graphs more readable, because the number of schooling years is a discrete variable; therefore, we would have a substantial number of missing values in the matrix otherwise (in particular in lines).

Note that the pseudo-R2 does not have the same qualitative interpretation as the R-square, and is often seen as a more "severe" criterion. The proximity of the R-square and the pseudo-R2 in our models does not imply an equivalence in their goodness-of-fit with the data.

Note we use the interaction term gender × (rank -0.5) and not gender × rank such that the coefficient of the gender variable remains stable across specification-see Table6.6.2.

We divide the education levels into eight different categories, and not into ten deciles, because one third of the sample shares the same number of schooling years (that is the number of schooling years required to complete high school). Therefore, we drop the fourth and the sixth decile in the models. Except for the fourth level of education, each category roughly includes 10% of the sample.

A similar argument is made by[START_REF] Murphy | Top of the class: The importance of ordinal rank[END_REF] in the discussion of the causal interpretation of the same statistical model but at a "student-level."

A similar approach can be found in Yu, 2020, already cited, in the analysis of the rank of the students at a high-school level.
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Chapter 4

The populist gamble: Preferences under uncertainty and attitude toward right-wing populism Abstract: Although it is commonly acknowledged that political decisions always generate uncertain outcomes, no previous work has attempted to link revealed uncertainty preferences to political attitudes. We test this relationship on a large-scale Dutch panel, providing evidence that risk aversion is negatively and significantly associated with the self-stated adherence to right-wing populism. According to our estimates, risk aversion is a predictor of right-wing populism which is as significant as education or income, two of the most quoted determinants of a populist attitude.

The rich set of variables in our data enables us to check the robustness of our results by including a wide range of possible confounding factors, such as personality traits or ambiguity attitude. On a more methodological side, this paper is the first to demonstrate the interest of Bayesian statistics on large-scale survey data in the field of decision under risk and uncertainty.

Introduction

Even though populism has been a fundamental topic in social sciences for decades (e.g., [START_REF] Riker | Liberalism against populism: the theory of social choice confronts the theory of populism[END_REF]McGuigan, 2002), the rise of a new generation of populist leaders in regions as different as Brazil and Hungary has led to a proliferation of studies on this issue (e.g., De la Torre, 2014, [START_REF] Kaltwasser | The Oxford handbook of populism[END_REF]. Although the word populism is commonly considered complex to define because of its negative connotation, political scientists agree to label the term populist as a type of discourse pitting the people (generally perceived as virtuous) against a homogeneous

The elicitation of preferences under uncertainty

Preferences under uncertainty in the LISS panel

The pool of subjects from the LISS panel has been solicited several times to study decisions under uncertainty. Here, we focus on the data from Dimmock, Kouwenberg and Wakker (2016), or DKW from now, which are used in [START_REF] Baillon | Measuring ambiguity attitude:(extended) multiplier preferences for the american and the dutch population[END_REF]. The most significant contribution made by DKW was to introduce a new measure of ambiguity aversion called "probability matching" and to demonstrate how ambiguity aversion relates to stock market participation. Thus, the large-scale study by DKW include decisions that are both under risk and ambiguity. In total, the participants had five different choices to make in this experiment-two under risk and three under ambiguity.

The risky decisions in the DKW dataset consist of the elicitation of two lotteries' certainty equivalents. The certainty equivalent (CE) is the sure amount of money that the subject sees as equally desirable as the lottery. In the context of an expected utility model and of a lottery that gives x 1 with a probability p and x 2 otherwise, the CE is given by the equation

with u(•) as the utility function and W the initial endowment.

The first lottery gives 1,000 euros with a probability 0.5 and 0 otherwise, and the second gives 18,000 euros with the same probability and 0 otherwise. The risky choices, contrary to the decisions under ambiguity that we will study below, are not incentivized. DMK justified this choice because "for small prizes risk preferences are close to risk neutral, with deviations mostly due to noise and biases rather than to genuine risk attitude" (Online Appendix, p. 4).

Therefore, because significant actual monetary rewards were non-realistic to implement, especially on a large-scale study, they preferred to include significant hypothetical prizes rather than low real monetary rewards.

The certainty equivalents are determined by several adaptive binary choices. 8 The ambiguity task, though, is slightly more complex and requires further explanation. 8 By adaptive binary choices, we mean the iterative process in which the certainty equivalent is elicited by varying the value of the sure option in binary choices depending on past responses. This definition is easier to grasp with an example. Suppose an individual has a certainty equivalent of 300 for a lottery L. The experimentalist asks the subject if she prefers the lottery L to a sure amount of 500. Because 500 is greater than 300, the individual chooses the sure option. Then, the experimentalist asks the subject if she prefers the lottery or a sure option of 250. Now, the subject prefers the lottery. Then, the experimentalist knows that the CE is between 250 and 500 and may reduce this interval by asking if the subject prefers the lottery or a sure amount of 350. After a few iterations of this process, the subject either states that she is indifferent between the two options or the interval is so narrow that a mean of the higher and lower bounds is a good proxy for the true certainty equivalent. The distribution of the certainty equivalents eventually obtained are described in Appendix E. 

Appendices to Chapter IV

4.A Electoral results from 2010

4.F Graphics: Distribution of experimental decisions

4.G Simulations

Each of the following simulation proceeds as follows:

• Step 1: we generate the uncertainty preferences of individuals from a normal distribution, such that V ar(log r) = 0.76, V ar(log δ) = 1.57 and Cor(log r, log δ) = 0.23.

• Step 2:

We generate the latent grade on Geert Wilders (y * in the main paper) with N (2log r, 3.74). We then assimilate negative values to 0, obtaining patterns close to the one of Figure 4.3.1.

• Step 3: We simulate then decisions under uncertainty. We first set the universal s parameter to 0.7, the noise parameter of the risky decisions at 2.15 and the noise parameter of the ambiguity decisions at 1.87, the estimates found in our Bayesian analysis.

• Step 4: We then estimate the "Model 2" as in the main paper (meaning that, for simplicity, we do not simulate additional covariates).

We then simulated ten different sets with 1000 different respondents, as in the main dataset used in this study.

The median parameters associated with risk aversion and with ambiguity aversion in the grade concerning Geert Wilders are reported in Table (4.G.1), with standard errors reported in bracket.

Appendices to Chapter V

5.A Proofs

5.A.1 Proof of Proposition 5.4.1

If the DM has no prior information (or, equivalently, a Jeffrey's prior), then the posterior beliefs of the DM is given by the density of the two signals such that

We first analyze the numerator using the definition of a normal distribution:

2

))

we rewrite the previous equation as:

b(y) can also be rewritten as:

or, after simple algebraic manipulation:

As a sum of two random variables normally distributed of expected value 0, u ′′ is normally distributed and of expected value 0. We can now compute its variance.

And thus, we have demonstrated (1). To demonstrate (2), we can just rewrite the previous equation as

using the definition of λ supposed earlier.

5.A.2 Proof of Proposition 5.4.2

We write the objective function as:

Then, the first derivative is given by: 2 is decreasing in e. Thus, if

The first order condition is given: Note: For the values in bold (resp. italic), the differences between the two groups are significant at 1% (resp., 5 %). For all the variables: * * * : p < 0.001, * * : p < 0.01 and * : p < 0.05. The robust standard errors of the coefficients are reported in brackets.

5.E OLS-probit model

agents to their relative position seems ubiquitous and could be henceforth brought to an intergenerational level.

A stylized reference-dependent effort provision model

The purpose of this section is to show how the parents' rank among peers could affect the performance of a child through a reference-dependent behavior.

In the first assumption (Hypothesis 6.3.1) we suppose a very common model of reference-dependent preferences with a "classical" or material part and a "psychological" or "reference-dependent" part. The first part that corresponds to the utility of education, minus the cost (e.g., in terms of effort) spent to realize it. The second part corresponds to the utility, or the disutility, of a gain, or of a loss, in comparison with the reference point of the decision-maker.

Hypothesis 6.3.1. We suppose that for an education level e, the student benefits from a direct utility given by the function u(e) and suffers from cost given by the function c(e). The overall utility of the education level also depends on the reference point e r , such that U (e, e r ) = (1κ)u(e) + κµ(u(e)u(e r ))c(e). (6.1)

In this equation, κ corresponds to the weight given to the reference-dependent part of the model compared with the direct utility of education (u(e)). µ(•) is a function that gives the psychological gain or loss associated with a

difference between the level of education chosen e (expressed in terms of direct utility, with u(e)) and the reference point (also expressed in terms of direct utility, with u(e r )).

In this framework, u(e) can be a purely material utility function-higher schooling performance generating higher incomes in the long run-or can incorporate some elements of more intrinsic motivation. Note that the model we 

with λ > 1.

Thus, when s ′ (e -i ) is higher than the reference rank, the condition to have a high performance is relaxed and, for a constant vector e -i , the optimal education level chosen by the student is weakly increasing in r 0 .

(ii) There exists at least one equilibrium in pure strategy, or equivalently there exists at least one s * ∈ [0, 1] such that we verify the equation

with s * the share of high-performing students at the equilibrium.

To obtain a graphical representation of the model, we fix the parameters such that κ = 0.5, λ = 2.2 and we suppose u h = 10, u l = 5, and c l = 3. c i is assumed to be drawn from a uniform distribution of parameters 5 and 15.

We then generate a latent variable drawn from another uniform distribution, from which we derive an initial rank r 0 . 2

First, we simulate a cohort of one million students to study the limit case of this model when N is large. We observe that the function 1 probability for a student in our simulations of having a high performance given a reference rank r 0 . As we can see, the probability is clearly increasing, from 30% for a student with a r 0 close to 0 to 67% when r 0 is close to 1.

With this model, we can revisit some of the interpretations of the rank effects found in the literature. In their paper, Murphy and Weinhardt (2020) do not extensively discuss the existence of reference-dependent preferences in this context and explain the rank effect they find in terms of relative feedback: the rank gives to the student a piece of information about her ability and, thus, on the return of her investment in education. Then, the student that enjoys a high relative position would put additional effort into her studies because she thinks it constitutes a profitable investment.

However, past ranks, such as the rank in primary school, might also positively impact the r 0 parameter of our model, and as a result, the educational outcomes of the student. Thus, our approach provides a more unified framework for explaining various types of rank effects found in the literature than the model proposed by Murphy and Weinhardt (2020). Indeed, the parent's role in the cohort, that we demonstrate in this paper, is difficult to understand in terms of relative feedback. In contrast, both the "student-level" and the "intergenerational" rank effects are predicted by the existence of reference-dependent preferences.

Finally, the two main predictions from this model that we will test in this paper are as follows. First, we will verify that the relative position of the students' parents in their cohort affects their educational outcomes. Second, consistently with the prediction of our model that students are willing to accept a higher cost in their investment high relative position in the school cohort increases by 17% the probability that his child will qualify for university at the end of high school, and the effect is the same both for male and female students. We also provide evidence that a higher relative position of the parents at school is associated with less fear of being victimized by other pupils at school, an increase in well-being, and with more time dedicated to studying at home. Consequently, these results

shed new light on the mechanisms of social reproduction and its determinants at an early age.

If we are cautious about the implications for this work at this stage, our findings underline the existence of challenges for policy-makers in education. In particular, our "intergenerational big fish, little pound effect" is likely to reduce the positive outcomes for disadvantaged children of going to high-quality schools and could constitute an important pitfall of programs promoting social diversity. As pointed out in other papers on the rank effects in education, there could exist a trade-off between the overall quality of peers and the relative position among those peers. A similar trade-off could be found here; if children from lower backgrounds could benefit from enrolling in a school with students from an upper-background-and thus, on average, with a higher level of education-this effect could be counterbalanced by the negative "intergenerational rank effect" experienced by the students. However, the manner in which the policy-maker could overcome the negative effects developed in this work remains an open question.

Appendix to Chapter VI 6.A Proof of Proposition 6.3.1.

(i) The player i chooses to play e h if it maximizes its utility given the strategy profil of the other players. The impact of the other players' strategies is entirely driven by a change in the reference point. Thus, there are two different cases to consider : the reference point is either low (e l ) or high (e h ).

First, if the reference point is e l then, the DM chooses e h if and only if :

or equivalently :

Second, if the reference point is e h then, the DM chooses e h if and only if :

or equivalently ;

.

Thus, given the definition, of the determination of the reference point, we obtain as a best response function :

e h if (u hu l > c ic l and s ′ (e -i ) ≥ 1r 0 ) or (u hu l > ci-c l 1+κ(λ-1) and s ′ (e -i ) > 1r 0 ) e l otherwise (6.16) As u hu l > c ic l =⇒ (u hu l > ci-c l 1+κ(λ-1) given that κ > 0 and λ > 1, the previous equation can be rewritten 209 as:

(u hu l > ci-c l 1+κ(λ-1) and s ′ (e -i ) > 1r 0 ) e l otherwise (6.17