Patrice Guillotreau 
  
respectivement Professeur Rodica Loisel 
  
Maître De 
  
Professeur François Facchini 
  
Ismaeel, Kévin Théo 
  
  
  
  
  
  
  
  
  
Tout d'abord Lionel Richefort, Maître de Conférences à l'Université de Nantes, qui m'a ouvert les portes de l'économie. Puis

Keywords: Gender Inequalities, Decomposition Methodology, International Trade, Risk Aversion

Titre: Essais sur les in égalit és de genre Mots cl és: Études sur le genre, In égalit és de genre, D écomposition (math ématiques), Commerce international, Prise de risque R ésum é:

Cette th èse propose une analyse des diff érences de genre. Le chapitre 1 sugg ère une extension de la m éthode de d écomposition RIF afin de prendre en compte les biais de s élection. L'extension est utilis ée pour estimer l' écart de salaire genr é franc ¸ais à chaque quantile de la distribution. Je montre que l' écart de salaire genr é est plus élev é tout le long de la distribution lorsque la s élection en temps-plein est prise en compte. La situation professionnelle est la variable principale qui affecte l' écart à travers la structure de salaire. Le chapitre 2 examine l'aversion au risque de bin ômes de candidats dans une émission de jeu. Consider é comme un facteur responsable des in égalit és de genre, nous ne trouvons pas de diff érence entre les bin ômes f éminin et les autres. Cependant, nous montrons que les bin ômes jouant au jeu en ligne pendant le Covid-19 sont plus averse au risque. Les r ésultats apportent la preuve d'une pression sociale via les spectateurs qui encouragent les candidats plus averses au risque comme les femmes à prendre des d écisions plus risqu ées. Le chapitre 3 évalue l'impact des partenaires commerciaux sur les in égalit és de genre nationales. Nous adaptons un mod èle spatiale au commerce international et d écomposons les flux commerciaux en biens technologiques. Nos r ésultats impliquent qu'une égalit é des genres plus élev ée à l' étranger se diffuse via l'import de biens de moyenne/haute technologie et de biens min éraux en une égalit és des genres nationale plus élev ée. Cette conclusion sugg ère qu'une r évolution technologique est à l'oeuvre en impactant l'automatisation des femmes dans les entreprises, les foyers et les gouvernements.

Chapter 1

Introduction 1.1 Introduction G én érale en Franc ¸ais

Dans beaucoup de pays, les femmes ont en moyenne moins d'emplois, moins de salaires élevés et d'emplois à temps plein quand elles travaillent, et moins d'expérience et de niveau d'éducation que les hommes. Ces différences se traduisent en un phénomène connue de la littérature dans lequel les femmes gagnent moins que leurs homologues masculins: l'écart de salaire genré. Selon l'OCDE, la médiane du salaire brut annual féminin est 12.5% plus bas que celui des hommes en 2019 parmi les pays de l'OCDE 1 . Les inégalités dans le marché du travail sont un domaine de préoccupation depuis 1957. L'article 157 du traité de fonctionnement de l'Union européenne avance le principe de "Salaire égal à travail égal". Jusqu'ici, les questions de genre, telles que les inégalités, sont concernées par cette obligation légal.

Mais plus récemment, les inégalités de genre sont devenus un sujet d'intérêt à part entière considérant sa persistence et son ampleur. Par exemple, les Nations unies ont fixé comme objectif la réduction des inégalités de genre d'ici 2030. Bien que l'explication avancée par les médias, les ONGS, les groupes de plaidoyer et les gouvernements est celle des droits des femmes, les scientifiques admettent d'autres facteurs explicatifs. Les économistes considèrent le talent comme étant également distribué parmi les hommes et les femmes. Aussi, empêcher les femmes d'atteindre leurs potentiels en tant que travailleuses productives entra 1ne un coût économique certain pour les pays. Si les femmes gagnaient autant que les hommes, le gain en capital humain pourrait atteindre 160 000 milliards de dollars pour plus de 95% de la population mondiale.

Plusieurs facteurs sont présentés dans la littérature afin de mieux comprendre les inégalités de genre. D'abord, la discrimination basée sur les préférences ou les statistiques peut na 1tre dans des secteurs ou des emplois fortement genrés. Ensuite, l'accumulation du capital humain peut renforcer ces secteurs ou emplois fortement genrés via des parcours scolaires différents entre hommes et femmes. L'expérience cumulée peut aussi accro 1tre les différences de genre puisque les femmes ont des carrières moins linéaires que celles des hommes, i.e. interruptions de carrières et travail en temps partiel à cause des congés maternité, de l'éducation des enfants ou des tâches ménagères. Depuis le début des années 2000, les traits psychologiques sont de plus en plus examinés par les chercheurs pour expliquer les préférences genrées concernant les choix d'emploi et les opportunités de carrière. Ainsi, les femmes sont plus averses au risque, elles sont plus inhibés par la compétition et elles négocient moins bien que les hommes.

Cette thèse propose une analyse des inégalités de genre. Dans un premier temps, je suggère une méthode d'estimation afin d'obtenir une meilleure mesure des inégalités réelles entre hommes et femmes sur le marché du travail. Puis j'examine l'aversion au risque qui est considéré comme un trait comportemental clef dans les inégalités de genre via une expérience naturelle. Enfin, je montre l'effet du commerce international sur les inégalités de genre domestiques.

Jusqu'à présent, les économistes ont utilisé les méthodes de décomposition afin d'estimer l'écart de salaire genré et d'isoler le poids de chaque covariable. Auparavant, la décomposition traditionnelle d'Oaxaca-Blinder basée sur les OLS a été largement appliquée pour la simplicité de sa mise en oeuvre [START_REF] Oaxaca | Estimation of union/nonunion wage differentials within occupational/regional subgroups[END_REF]Blinder, 1973). Une telle décomposition permet de dêmeler les effets de composition à ceux de la structure de salaire à la moyenne. Plus récemment, les économistes ont développé des méthodes de décomposition prenant en compte la distribution des salaires. Celles ci fournissent une image plus détaillée des méchanismes en oeuvre. Les tenants et aboutissants des inégalités de genre peuvent être totalement différents entre les dirigeants et les ouvriers. En conséquence, les décompositions au delà de la moyenne sont plus intéressant d'un point de vue politique puisqu'elles permettent de cibler une population spécifique. Les méthodes de décompositions ont été dévelopé récemment. Pour les plus récentes, il n'existe aucune solution formelle afin de prendre en compte les biais de sélection observés sur le marché du travail entre hommes et femmes (see Bertrand, 2017;[START_REF] Albrecht | Counterfactual distributions with sample selection adjustments: Econometric theory and an application to the Netherlands[END_REF]. Le premier chapitre de cette thèse aborde ce problème en suggérant une extension d'une méthodologie de décomposition. J'applique ladite extension aux salaire français des hommes et femmes afin d'estimer l'écart de salaire genré le long de la distribu-tion des salaires. Je propose l'adaptation de l'approche de Reimers [START_REF] Reimers | Labor market discrimination against Hispanic and black men[END_REF] pour prendre en compte l'effet de sélection moyen de l'emploi à temps plein à chaque quantile de la décomposition. L'extension de la décomposition me permet de décomposer les effets de l'experience, l'ancienneté, le niveau d'études, l'emploi, le statut syndical, les orginies ethniques, le secteur et le lieu du travail en structure de salaire et en caractéristiques. Je trouve que la structure de salaire, considérée comme la discrimination, est le moteur principal de l'écart de salaire genré le long de la distribution. Cependant, Altonji et al., 1999 documentent que la structure de salaire capture les effets de la discrimination autant que les différences de sexe en matière de préférences. Par exemple, Babcock et al., 2021 et Leibbrandt et al., 2015 montrent que les femmes négocient moins bien que les hommes. [START_REF] Bonin | Cross-sectional earnings risk and occupational sorting: The role of risk attitudes[END_REF] trouvent aussi que les travailleurs les plus averses au risque tendent à travailler dans des emplois avec des revenus plus stables qui paient moins. De tels résultats sont conforment avec les économistes comportementaux documentant que les femmes sont plus averses au risque que les hommes et tendent à fuir la compétition [START_REF] Eckel | Men, Women and Risk Aversion: Experimental Evidence[END_REF]Croson et al., 2009b;[START_REF] Niederle | Do women shy away from competition? Do men compete too much?[END_REF].

En tant que facteur clef des inégalités de genre, le second chapitre examine l'aversion au risque dans une expérience naturelle à partir d'une émission populaire de jeu. Le "Jeu des 1000 euros" est enregistré dans plusieurs villes françaises et diffusé quelques jours plus tard. Dans ce jeu, les binômes de candidats répondent à des questions de culture générale en trois manches afin de gagner une somme d'argent. Plus ils jouent, plus les questions sont difficiles et plus la somme d'argent à gagner augmente. Entre chaque manche, les candidats ayant réussis la manche précédente peuvent choisir de continuer à jouer la manche suivante en renonçant à leurs gains ou quitter le jeu avec leurs gains. Nous concentrons notre analyse sur la manche final où les enjeux sont plus élevés: le Super Banco. D'abord, nous étudions les différences entre les binômes féminins et les autres, i.e. binômes masculins et mixtes.

Alors que la littérature montre que les femmes sont plus averses au risque que les hommes, nous ne trouvons aucune différence de genre dans la décision de jouer le Super. Ensuite, nous exploitons un changement exogène du jeu qui se déroule en ligne pendant la pandémie du Covid-19. Les résultats montrent que les binômes des émissions en ligne décident moins souvent de jouer le Super que ceux des émissions en face-à-face. Ici, nous pensons que les interactions des émissions en face-à-face peuvent jouer un rôle. D'une part, les candidats qui prennent plus de risques peuvent influencer leurs partenaires plus averses au risque à jouer le Super. D'autre part, les spectateurs poussent les candidats à jouer le Super en criant "Su-per!, Su-per!". En conséquences, la pression sociale agit dans les émissions en face-à-face en encourageant les binômes averses au risque à jouer le Super. Etant donné que les femmes sont plus averses au risque que les hommes, ce mécanisme social peut expliquer pourquoi nous ne trouvons pas de différence entre les binômes féminins et les autres. De plus, nous montrons que les binômes masculins performent mieux que les autres au Super, ce qui est conforme avec les résultats de la littérature sur les réponses aux pressions psychologiques.

Les questions liées au genre étant une priorité économique, les gouvernements étudient les politiques les plus efficaces en matière d'autonomisation des femmes. L'intégration mondiale actuelle encourage les décideurs politiques à devenir plus soucieux des politiques commerciales. La littérature sur le commerce documente l'effet du commerce international sur le niveau de scolarité ou les compétences professionnelles. Cependant, des travaux plus récents étudient comment les questions liées au genre sont affectées par la globalisation. Les auteurs exploitent un choc commercial tel qu'un épisode de libéralisation afin d'examiner sont effet sur les inégalités de genre. A notre connaissance, le chapitre 3 est le premier papier empirique à étudier le role des partenaires commerciaux sur les inégalités de genre: est-ce que les tendances de genre dans un pays sont influencées par les partenaires commerciaux du pays? Afin de répondre à cette question, nous adaptons un modèle spatial au commerce international en prenant en compte la notion économique de distance entre les pays. Nous considérons l'influence comme étant pondérée par l'importance du partenaire commercial, ce qui signifie qu'un partenaire majeur a un effet plus important qu'un partenaire mineur.

En accord avec la notion de changement technologique, nous décomposons les flux commerciaux en biens technologiques. Une telle décomposition permet d'obtenir des résultats plus détaillés que les précédents travaux. En utilisant des données de panel au niveau des pays sur 123 pays entre 1994 et 2013, nous montrons que l'import de biens de moyenne/haute technologie et de biens minéraux joue un rôle dans la diffusion des normes genrées des partenaires commerciaux jusqu'au pays observé. Nous trouvons aussi qu'un phénomène plus large que le seul changement technologique observé dans la littérature est à l'oeuvre. En plus de la modernisation technologique dans les entreprises, une révolution technologique s'opère dans les foyers et les industries militaires civiles.

Les résultats de cette thèse ont des implications politiques majeures. Le premier indique que prendre en compte la selection dans l'estimation d'une décomposition genrée modifie les résultalts. Ceci implique la définition de politiques genrées plus appropriées afin de réduire l'écart de salaire entre hommes et femmes. Le second chapitre montre que l'un des moteur clef de inégalités de genre, ici l'aversion au risque, peut être contrebalancé par la pression sociale. Le dernier chapitre fournit l'évidence que les partenaires commerciaux affectent les différences de genre dans un pays, ce qui offre de nouvelles perspectives dans la définition des politiques commerciales.

General Introduction

In many countries, women have on average less high-paid jobs, full-time jobs, labour force participation, experience or educational attainment than men. These differences translate into a well-known phenomenon where women earn less than their male counterparts; the gender wage gap. According to the OECD, the median of women gross annual earnings is 12.5% lower than that of men in 2019 in OECD countries 2 . Inequalities in labour outcomes have been an area of concern since 1957. Article 157 from the Treaty of Functioning of the European Union states the principle of "Equal pay for equal work". Gender issues, as inequalities, were concerned so far by this legal obligation. More recently, gender inequalities alone became a topic of interest considering its persistence and its size. The United Nations set the target of reducing gender inequalities within the Sustainable Development Goals (SDGs) by 2030. Even if the main explanation offered by media, NGOs, advocacy groups and governments is about women's rights, scientists assume other reasons. For economists, talent is equally distributed among men and women. Then, preventing women from reaching their full potential as productive workers entails a large economic cost for countries. If women would earn as much as men, the gain in human capital wealth due to gender equality would amount to $160.2 trillion for more than 95 percent of the world's population [START_REF] Wodon | Unrealized potential: the high cost of gender inequality in earnings[END_REF].

Several factors are discussed by economists in order to better understand gender inequalities. First, taste-based or statistical discrimination that can arise in some strongly-gendered oriented occupations or sectors. Second, human capital accumulation that can strengthen 2 Data refers to full-time employees these strongly-gendered oriented occupations by different educational attainments between women and men. Accumulated experience can also widen gender differences since women have less linear careers, i.e. career interruptions and part-time work because of maternity leaves, child-rearing and household tasks. Since the early 2000s, psychological traits have been increasingly documented by the literature for explaining gender preferences regarding occupational choice and career opportunities. Hence, women have more risk averse behaviors, they are inhibited by competition and they fail to negotiate as efficiently as men.

This thesis provides an analysis of gender inequalities. First I suggest an estimation methodology to obtain a better measurement of real gender inequalities in the labour market.

Then I examine risk aversion considered as a key behavioral trait for gender inequalities in a natural experiment. Finally, I document the effect of international trade on gender inequalities within a country.

To date, economists have been using decomposition methodologies in order to estimate the gender wage gap and to isolate the weight of each covariate. To begin, the traditional Oaxaca-Blinder decomposition based on OLS was widely applied for the simplicity of its implementation [START_REF] Oaxaca | Estimation of union/nonunion wage differentials within occupational/regional subgroups[END_REF]Blinder, 1973). Such a decomposition allows the disentangling of composition effects from wage structure effects at the mean. Most recently, economists have developed decomposition methodologies along the wage distribution for providing a more detailed picture of the mechanisms at work. The whys and wherefores of gender inequalities can be totally different between executive positions and worker positions. Accordingly, decompositions beyond the mean are more interesting from a political point of view since policies may target a specific population. Decomposition methodologies have been developed during the recent years. For the most recent ones, no formal solutions exist so far for taking into account the selection bias observed in the labor market (see Bertrand, 2017;[START_REF] Albrecht | Counterfactual distributions with sample selection adjustments: Econometric theory and an application to the Netherlands[END_REF]. The first chapter of this thesis addresses this issue by suggesting an extension of a decomposition methodology. I apply the decomposition on French male and female wages to estimate the gender wage gap along the wage distribution. I propose the adjustment of the Reimers approach [START_REF] Reimers | Labor market discrimination against Hispanic and black men[END_REF] in order to account for the average selection effect of full-time employment at each quantile of the decomposition. The extension of the decomposition allows me to disaggregate the effects of experience, tenure, education, occupation, unionism, ethnic background, industry and workplace into wage structure and composition parts. I find that wage structure, considered as discrimination, is the key driver of the gender wage gap along the distribution. However, [START_REF] Altonji | Race and gender in the labor market[END_REF] document that the wage structure captures the effect of discrimination as well as unobserved group differences in taste. For instance, [START_REF] Babcock | Women don't ask: Negotiation and the gender divide[END_REF][START_REF] Leibbrandt | Do women avoid salary negotiations? Evidence from a large-scale natural field experiment[END_REF] find that women fail to negotiate as effectively as men. Bonin et al., 2007 also show that more risk averse workers sort themselves into occupations with more stable earnings which pay less.

Such findings align with behavioral economists arguing that women are more risk averse than men and tend to shy away from competition [START_REF] Eckel | Men, Women and Risk Aversion: Experimental Evidence[END_REF]Croson et al., 2009a;[START_REF] Niederle | Do women shy away from competition? Do men compete too much?[END_REF].

As a key factor of gender inequality, the second chapter examines risk-taking behavior in a natural experiment from a popular game show. The "1000 euros game" is recorded in many French towns and broadcast a few days later. In this game, pairs of candidates answer trivia questions within three rounds in order to earn prize money. The more they play, the more difficult the questions are, the more they win. Between each round, successful candidates can choose to keep on playing for a bigger prize by renouncing to their gains or to leave the game with these gains. We focus our analysis on the final round, namely the Super Banco, where stakes are higher. First, we study gender differences between female pairs and other pairs, i.e. male pairs and mixed pairs. While the literature documents that women are more risk averse than men, we find no gender difference in the decision to play the Super Banco. Second, we exploit an exogenous change of the game which takes place online due to the Covid-19. Results show that pairs from online games decide less often to enter the Super Banco than those from offline games. Here, we think that interactions from offline games may play a role. One the one hand, candidates who take more risks can influence their more risk-averse partners to play the Super Banco. One the other hand, the audience pushes candidates to keep on playing by yelling "Su-per!, Su-per!". Accordingly, social pressure matters for offline games by encouraging the risk-averse pairs to enter the SB. Considering women as more risk averse than men, such a social mechanism may explain why we do not find any difference between female pairs and others. In addition to risky decision-making, we also show that male pairs perform better in the Super Banco which is consistent with gendered responses to psychological pressure. Online perform better?

With gender issues as an economic priority, governments are considering best policies for female empowerment. The global integration at work encourages policymakers to become more interested in trade policies. The trade literature documents the effect of trade on education or skills. However, more recent works study how gender issues are affected by globalization. Basically, authors exploit a trade shock such as a liberalization episode for examining gender inequalities. To the best of our knowledge, chapter 3 is the first empirical paper to investigate the role of trading partners on gender inequality: are gender trends within a country influenced by its trading partners? To answer that question, we adapt a spatial model to international trade by taking the economic notion of distance into account.

We consider the influence being weighted by the importance of the trading partner, meaning that a major trading partner has a bigger effect on the country than a minor one. To better document the effect of technological change, we then disaggregated trade into technologylevel products. Such a disaggregation of technology-level products enable more detailed results than before. Using a panel of country-level data on 123 countries over the period 1997-2013, we show that the import of medium-tech products, high-tech and mineral-fuel products play a role in the diffusion of gender norms from trading partners to the country of observation. We also find that a more important technological change is at work than that observed in the literature. In addition to a technological upgrading within firms, a technological revolution occurs at home and in military equipment.

Results from this thesis have major policy implications. The first chapter indicates that accounting for selectivity within a gender decomposition estimation alters results which involves more appropriate gender policies in order to reduce the wage gap. The second chapter shows that one of the key factor of gender differences, namely risk aversion, may be offset by social pressure. The last one, then, finds that trading partners affect gender differences in a country which provide new insights regarding trade policies.

Chapter 2

Accounting for Selection Bias in RIF Decomposition

Introduction

Despite many advances in gender equality over time, men still earn more than women in the labor market. This gender wage gap has been widely estimated in the literature considering its persistence [START_REF] Blau | The gender earnings gap: learning from international comparisons[END_REF](Blau et al., , 2017(Blau et al., , 2006(Blau et al., , 2003)). To better understand this gender differential, economists have used decomposition methodologies in order to identify covariates' contribution. The traditional Oaxaca-Blinder decomposition is widely applied for the simplicity of its implementation since estimated via OLS [START_REF] Oaxaca | Estimation of union/nonunion wage differentials within occupational/regional subgroups[END_REF]Blinder, 1973).

However decompositions at the mean provide a limited picture of the impact of covariates on the dependent variable. Recent articles have focused their decompositions along the wage distribution [START_REF] Machado | Counterfactual decomposition of changes in wage distributions using quantile regression[END_REF][START_REF] Melly | Decomposition of differences in distribution using quantile regression[END_REF][START_REF] Chernozhukov | Inference on counterfactual distributions[END_REF]. Quantile analyses then shed light on widespread phenomenons that drive the gender wage gap such as glass ceilings and sticky floors effects 1 . Such decomposition methodologies have political implications in terms of discriminatory policies. It may be socially desirable for the government to implement gender policy for reducing gender differences at some parts of the wage distribution even if it has a tiny effect on average gender differences. In their article, Firpo, N. Fortin, et al., 2007 have developed the recentered influence functions (RIF) decomposition which is based on unconditional quantile regression (UQR). For now RIF decomposition I am very grateful to Fernando Rios-Avila for his guidance and suggestion (Rios-Avila, 2020), Marc-Arthur Diaye for his detailed comments and data provision. I also acknowledge my supervisor Jos é De Sousa for his constant support as well as helpful comments by Anthony Strittmatter, Matthieu Crozet, Thomas Breda and seminar participants at the University of Paris Saclay and University of Nantes.

1 According to ILO's report for women in business and management, the glass ceiling is the situation where women are underrepresented in higher-level management positions while the sticky floor is represented by women starting facing barriers at a lower management level.

does not provide a formal solution to female self-selection into the labor market participation (Bertrand, 2017) or the full-time work [START_REF] Albrecht | Counterfactual distributions with sample selection adjustments: Econometric theory and an application to the Netherlands[END_REF].

In this paper, I apply a RIF decomposition (Firpo, N. Fortin, et al., 2007) along the wage distribution on the French gender wage gap from full-time workers. The decomposition methodology allows me to identify the effects of individual characteristics and firms features, including experience, tenure, education, occupation, unionism, ethnic background, industry and workplace. Each effect is disaggregated into wage structure and composition parts, both being considered as discrimination and productivity respectively. I then propose the adjustement of the Reimers approach [START_REF] Reimers | Labor market discrimination against Hispanic and black men[END_REF] in order to account for the average selection effect of full-time employment at each quantile of the decomposition.

The RIF methodology presents several advantages in comparison with other decomposition methodologies as discussed in N. [START_REF] Fortin | Decomposition methods in economics[END_REF] First, RIF decomposition is applied to quantile providing the impact of covariates on the entire wage distribution. Widespread phenomenons of vertical segregation in high-income countries2 are also easily identifiable like glass ceiling and sticky floors. Second, the model is based on unconditional quantiles regressions allowing coefficients to be interpreted as the effect of changing the mean value of covariates on the unconditional quantile. Third, estimations are obtained via OLS which enables an implementation as simple as the one in Oaxaca-Blinder3 ; i.e. a detailed pathindependency decomposition.

In order to effectively decompose the gender wage gap, a reweighting procedure is required for estimating an accurate counterfactual 4 . As a prerequisite, all values of covariates must be observed among men and women. The reweighting procedure is a non-parametric approach which does not impose any functional form on the conditional expected wage function 5 . In addition, unobservables should be equally distributed across men and women for identifying a treatment effect related to gender. However, the literature documents that women suffer from self-selection when entering the labor market or working full-time. One can include a proxy for the selection process in the wage equation but that violates the prerequisite of overlapping values among groups since selection processes are different for men and women.

No econometric issue exists so far for taking into account the selection bias when using the reweighting procedure. On the one hand, [START_REF] Pacheco | Empirical evidence of the gender pay gap in New Zealand[END_REF]Töpfer, 2017 include the inverse mills ratio (IMR) or its approximation as selection process without using the reweighting procedure. On the other hand, [START_REF] Atencio | Gender gap in pay in the Russian Federation: twenty years later, still a concern[END_REF]Grad2n, 2018 use a reweighting procedure without considering the selection bias. While the first authors estimate a inaccurate counterfactual, the latter misestimate the real gender wage gap. I then suggest the adjustment of the Reimers approach to estimate the observed gender wage gap corrected for the average selection effect [START_REF] Reimers | Labor market discrimination against Hispanic and black men[END_REF]. The interest of the Reimers approach lies in the ability to allow the use of a reweighting procedure with a selectivity control.

I find that living with a partner and having children affect differently men and women in their decision to work full-time. Being in couple increases the probability to work full-time for men while having children decreases the probability for women. Such findings show a persistence of the male-breadwinner and mother-caretaker model. Accordingly, accounting for full-time selection increases the gender wage gap along the distribution. The Reimers approach highlights an underestimation of the wage structure that is the main driver of the gender wage gap's increase between the two methodologies. On the contrary, the composition part becomes negative on the left-hand side of the distribution meaning that gender differences in characteristics reverse the gap in favor of women. Moreover, results provide evidence of a higher gender wage gap at the top of the wage distribution, which is consistent with glass ceilings phenomenons. Occupational status, follows by experience, workplace, industry and education, is the main characteristic affecting the gender wage gap in composition or wage structure along the wage distribution. The composition reports that female workers, employees and intermediate have higher-paid jobs than men at the bottom while male employees, intermediates and executives have higher-paid jobs at the top. Men have higher-paid jobs in manufacturing sectors with a stronger effect at the median. Women have also less experience than men and the difference increases along the distribution. Then, women graduated from university and those working in Paris have higher-paid jobs than their male counterparts. For its part, the wage structure reports that male tenure is better rewarded than female tenure at the bottom, as well as men with vocational degrees. Male employees are better paid than female ones on the left-hand side of the distribution while the reverse is true for female intermediate along the entire distribution. Moreover, when men working in rural areas are better paid, this also applies to women working in Paris.

The rest of the paper is organized as follows. Section 2 present the extension of the RIF decomposition for controlling unobservables responsible for selection. Section 3 provides an empirical application of the methodology to the French gender wage gap. Section 4 concludes.

Empirical Strategy

The O-B decomposition developed by [START_REF] Oaxaca | Estimation of union/nonunion wage differentials within occupational/regional subgroups[END_REF][START_REF] Blinder | Distribution effects and the aggregate consumption function[END_REF] is a widely used methodology for examining wage inequalities such as those for gender. Concerning its computation, key to O-B decomposition success is the simplicity of its implementation since the methodology is estimated via OLS and allows a decomposition at the mean. Most recently, new methodologies have been increasingly developed for statistics beyond the mean6 . Such methodologies like quantile analysis provide a more detailed picture of the impact of covariates on wage by taking into account the wage distribution. For example, some of them use conditional quantile regressions [START_REF] Machado | Counterfactual decomposition of changes in wage distributions using quantile regression[END_REF][START_REF] Melly | Decomposition of differences in distribution using quantile regression[END_REF][START_REF] Buchinsky | The dynamics of changes in the female wage distribution in the USA: a quantile regression approach[END_REF] which give effects of covariates on the targeted subsample. Others decompose the gender wage gap by only disentangle covariates from coefficients without distinguishing each covariates effects (DiNardo et al., n.d.).

In this paper, I use the RIF decomposition introduced by Firpo, N. [START_REF] Firpo | Decomposing wage distributions using recentered influence function regressions[END_REF] an extension of the traditional O-B decomposition because applicable to statistics beyond the mean. The advantages of the RIF decomposition are two compared to others methodologies mentioned above. Firsty, the RIF decomposition is based on RIF regressions which are estimated by using OLS. These latter give a linear approximation of wage functions which are considered to be non-linear ones since the Mincer wage functions [START_REF] Mincer | Investment in human capital and personal income distribution[END_REF], Mincer, 1974). In fact, the RIF decomposition is as easy to implement as O-B decomposition and provides a detailed examination of each covariate's contribution from a path independency method. Secondly, the RIF tool allows the unconditional interpretation of coefficients beyond the mean. This provides a very interesting interpretation for policy analysis by examining the statistics of interest, i.e. For the government, it may be socially desirable to implement gender policy for reducing gender differences at specific positions along the wage distribution even if it has a tiny effect on average gender differences (see D'haultfoeuille et al., 2014). In the case at hand, I decompose the gender wage gap of french employees along the wage distributions via quantiles which allows me to identify vertical segregation phenomenons at some part of the wage distribution, i.e. glass ceiling and glass walls.

RIF Regressions

By linearization of quantile, RIF regressions allow the decomposition of the gender wage gap along the wage distribution into each covariate. RIF regressions estimate the unconditional quantile partial effect (UQPE) of covariates X via OLS on the statistics v of an outcome variable Y . In the case of quantile, the statistics is the tauth quantile Q τ and the regression is called the unconditional quantile regression (UQR). Firpo, Fortin et Lemieux (Firpo, N. M. Fortin, et al., 2009) 

RIF (Y ; Q τ ) = Q τ + IF (Y, Q τ ) = Q τ + τ -1{Y ≤ Q τ } f Y (Q τ ) , (2.1)
where 1 is an indicator function equal to one if Y ≤ Q τ is true, zero otherwise. In addition,

f Y (Q τ )
is the kernel density of the tauth quantile. Using the law of iterated expectation (LIE) in the RIF framework allows the estimation of UQR. The LIE expressed a linear equation in the following form:

E(Y ) = E(Y |X) = E(X)β, (2.2) 
but the IF property allows the RIF expected value to be equal to the statistics of interest, here the tauth quantile.

If E[IF (Y, Q τ )] = 0 then E[RIF (Y ; Q τ )] = Q τ (Y ). Finally, when
the LIE is coupled with the IF property, coefficients β can be interpreted as the effect of increasing the mean value of X at the unconditional quantile Q τ :

Y Qτ = E[RIF (Y ; Q τ )] = E[E(RIF (Y ; Q τ )|X)] = E[X]β τ . (2.3)

reweighting Strategy

Basically, the gender wage gap is computed by subtracting the women wage to the men one at the tauth quantile:

Ŷ Qτ m -Ŷ Qτ w = X m β τ m -X w β τ w , (2.4) 
however, the aim of decomposition methods is to measure the part of the gender wage gap attributed to a difference in covariates, X, and the part attributed to a difference in coefficients, β. A counterfactual based on a real-life scenario is required to isolate the two parts mentioned above, i.e. women earn less than their male counterpart. Thus, this counterfac-

tual tries to answer the following question: What would be the density of wages for women if they had the average male characteristics? According to the O-B decomposition, male characteristics are used for estimating the counterfactual which is Y Qτ c = X m β w,τ . This parametric estimation imposes an assumption of linearity about the functional form of the conditional expected outcome function, E(Y ). However, the mincer equation [START_REF] Mincer | Investment in human capital and personal income distribution[END_REF], Mincer, 1974) shows that the functional form of wage is non-linear. That is why decomposition of the gender wage gap based on parametric estimation are likely to be misleading with an inaccurate estimates of the counterfactual over several parts of the wage distribution (see [START_REF] Barsky | Accounting for the black-white wealth gap: a nonparametric approach[END_REF] for more explanations) Firpo, N. M. [START_REF] Firpo | Unconditional quantile regressions[END_REF] suggest to use a non-parametric approach DiNardo et al., n.d. for estimating the counterfactual. In order to construct the counterfactual, a reweighting factor ψ is applied to each variable k from observation i for adjusting the distribution of women characteristics to men ones:

ψ(X k ) = P r(i = w|X) 1 -P r(i = w|X) . 1 -P r(i = w) P r(i = w) , (2.5) 
where P r(i = w|X) which is the probability for the individual of being a women given X is estimated with a simple logit. This reweighting procedure only imposes an assumption about the relationship between both distributions but not about their functional forms. This methodology yields consistent estimate of the two decomposition parts constructed from the counterfactual. Given the reweighting procedure, the counterfactual should be as close as possible to the theoretical counterfactual from Oaxaca-Blinder:

Y Qτ c = X m β τ w ≡ Y Qτ c = X c β τ c , (2.6)
where c is the notation for counterfactual

RIF Decomposition

The decomposition uses the counterfactual for dividing the gender wage gap into two parts, i.e. the composition effect and the wage structure effect 7 . While the composition effect explains the gender wage gap by a difference in characteristics X given the same wage structure β, the wage structure effect explains the gender wage gap by a difference in the wage structure β given the same characteristics X. By using the counterfactual previously defined (X c β τ c ) and after mathematical simplifications 8 , the gender wage gap equation takes the following form:

Ŷ Qτ m -Ŷ Qτ w = K k=0 X mk ( βτmk -βτck) W age Structure Ef f ect + K k=0 (X ck -X wk ) βτwk Composition Ef f ect , (2.7) 
finally, after taking into account the specification error due to linearity estimation of nonlinear functions and the re-weighted error that capture the difference between the theoretical counterfactual and the estimated one 9 , the gender wage gap equation becomes:

Ŷ Qτ m -Ŷ Qτ w = K k=0 X mk ( βτmk -βτck ) W age Structure Ef f ect + K k=0 (X mk -X ck ) βτck Reweighting Error + K k=0 (X ck -X wk ) βτwk Composition Ef f ect + K k=0 X ck ( βτck -βτwk ) Specif ication Error . (2.8)
For identification of a treatment effect related to membership in a group, the overlapping support and the ignorability assumptions are required. The overlapping support states that no value of covariates is only observed among one group. Consequently, some gender-oriented 7 Basically, coefficients represent how characteristics X are rewarded on the labour market 8 Here, mathematical simplifications are possible by considering the counterfactual being equal to Xmβτw which is the O-B theoretical counterfactual, i.e. the density of wages for women if they had the average male characteristics. The expression (Xcβτc + Xcβτc) which is a zero sum term is added to the gender wage gap equation (2.4) 9 The two error terms capture differences arising between results from the basic O-B model and those from the RIF decomposition variables like occupation10 can violate this assumption. For its part, the ignorability states that the distribution of unobservables is the same across groups. However, the literature highlights a female selection process regarding the labour market in terms of participation and full-time employment. Thus, skip these selection processes yield bias estimations of the real gender wage gap. While the re-weighted error in (2.16) allows to control for the overlapping support 11 , there is currently no unobservables control within the RIF reweighted framework.

Measurement of Unobservables

The literature shows that women suffer from self-selection in terms of participation [START_REF] Heckman | Sample selection bias as a specification error[END_REF]) and full-time employment [START_REF] Albrecht | Counterfactual distributions with sample selection adjustments: Econometric theory and an application to the Netherlands[END_REF] when facing the labor market.

Part-time work is also known to be one of the main explanations for the gender wage gap (see OECD, 2017). Samples of female employees, then, are biased upward because composed by women with greatest market opportunities. Bertrand, 2017 explains this self-selection by

showing that women demand more flexibility or shorter hours worked at work because of household and childcare. In fact, failure to take into account these biases yields a misleading estimation of the real gender wage gap.

Given the violation of the ignorability assumption (see subsection RIF decomposition 2.2.3), the identification of the treatment effect related to membership in a group becomes inaccurate. The RIF methodology was recently developed and solutions to the econometric issues considering the selectivity bias do not exist so far. While the Heckman selection model [START_REF] Heckman | Sample selection bias as a specification error[END_REF] follows the normality assumption for correcting the mean, the exact distribution of the RIF is unkowned for now. Thus, it is impossible to find what would the selectivity-corrected unconditional quantile be for the full sample in comparison with the selected sample12 . Some authors, though, control for the role of unobservable in the gender wage gap by including the inverse mills ratio in their wage equation (see Töpfer, 2017;[START_REF] Pacheco | Empirical evidence of the gender pay gap in New Zealand[END_REF].

ibid. apply the Heckman procedure [START_REF] Heckman | Sample selection bias as a specification error[END_REF] by computing and including the inverse mills ratio as an explanatory variable in the basic wage equation. Töpfer, 2017 also estimates an approximation of the inverse mills ratio with semi-parametric method and includes the approximation plus the approximation squared in the wage equation for capturing the non-normality of the selection process. In order to measure the impact of unobservables within a reweighted procedure, I use a the heckman two step selection correction for estimating the inverse mills ratio. Then I adjust the Reimers approach [START_REF] Reimers | Labor market discrimination against Hispanic and black men[END_REF]) within quantile-specific RIF framework13 . Firstly, I apply a basic Heckman two-step selection correction to the wage equation whose the inital form is the following:

Y Qτ i =    X i β τ + u τ if I i = 1 unobserved if I i = 0 . (2.9)
Then, a selection equation for the probability of being observed in the wage equation is estimated with a probit:

I i = Z i γ + ϵ i , (2.10) 
from there, the wage equation becomes: .11) Assuming the joint normal distribution of error, the conditional expectation of the error term, E(u τ |ϵ = 1 -Z i γ) becomes the inverse mills ratio:

E(Y Qτ |I = 1) = Xβ τ + E(u τ |ϵ = 1 -Z i γ). ( 2 
E(Y Qτ |I = 1) = Xβ τ + E(u τ |ϵ = 1 -Z i γ) = Xβ τ + ρλ, (2.12) 
where the inverse mills ratio is λ = ϕ(I i ) Φ(I i ) , i.e. ϕ and Φ are the density and distribution functions for the standard normal respectively and ρ is the correlation between the residuals in the wage and selection equation. Then, these individuals probabilities are included as covariates in the wage equation:

Y Qτ mi = β τ X mi + ρ τ λ mi Y Qτ wi = β τ X wi + ρ τ λ wi . ( 2 

.13)

In order to properly estimate the selectivity bias, at least one variable must appear in the selection equation but not in the wage one 14 . According to the addition of the inverse mills ratio, the gender wage gap may be decomposed as follows:

Ŷ Qτ m -Ŷ Qτ w = K k=0 X mk ( βτmk -βτck ) W age Structure Ef f ect + K k=0 (X mk -X ck ) βτck Reweighting Error + K k=0 (X ck -X wk ) βτwk Composition Ef f ect + K k=0 X ck ( βτck -βτwk ) Specif ication Error + ρ τ λ mi -ρ τ λ wi Selection Ef f ect . (2.14)
Appendix2.5.3 provides asymptotic properties of estimators to make sure that coefficients are consistent and asymptotically normal distributed. However, using the Heckman two-step methodology has a major drawback in the case of RIF decomposition. Assuming that women and men face different selection processes, their expected values of the inverse mills ratio may also be different. This differential violates the required common support assumption for identifying the treatment effect. Authors address this technical issue in two different ways: some do not control for a selectivity bias when using RIF 15 while others include selection correction in RIF without using a re-weighted strategy 16 . Both approaches are misleading because of the selectivity bias in the RIF re-weighted framework or the inaccurate counterfactual in a selecivity-corrected RIF framework. For measuring such bias within a re-weighted RIF framework, I adjust the Reimers approach 17 (ibid.) which is focused on the observed wages controlling for unobservables. The approach consists of removing the inverse mills ratio from the right-hand side of the wage equation via a simple subtraction:

Ỹ Qτ mi = Y Qτ mi -ρ τ λ mi = β τ X mi Ỹ Qτ wi = Y Qτ wi -ρ τ λ wi = β τ X wi . (2.15)
Accordingly, Reimers approach within a re-weighted RIF framework allows the common support to be estimated. Since recently, the literature has examined behavioral traits such as risk aversion and competition's taste for explaining the gender wage gap [START_REF] Marianne | New perspectives on gender[END_REF].

The adjustment of the Reimers approach turns out to be a relevant use since it isolates the 14 The exclusion restriction allows to diminish collinearity between the selection equation and the initial equation 15 See Firpo, N. Fortin, et al., 2007; Atencio et al., 2015 and Grad2n, 2018 16 To the best of my knowledge, only two articles control for selection effect: T öpfer, 2017 and Pacheco et al., 2017 17 Reimers is the first one to apply this approach to the OB decomposition at the mean. The result gives the offered wage correcting for the selectivity bias. In the case of quantile, the Reimers approach does not correct for the selectivity bias since the selection process is computed at the mean (Heckman selection model) rather than at the quantile at interest. The result gives a measure of the average selection effect at each quantile.

behavioral effect at the entry into the labour market18 . Following the adjustment of the approach, the gender wage gap is expressed as the gender observed wage gap controlled for unobservables: avoiding differences in the number of hours worked, the study presented uses the log of gross hourly wage as dependent variable in order to capture differences in intensive margin. It is calculated by dividing the annual wage from the total number of hours worked in a year.

Ỹ Qτ m -Ỹ Qτ w = K k=0 X mk ( βτmk -βτck ) W age Structure Ef f ect + K k=0 (X mk -X ck ) βτck Reweighting Error + K k=0 (X ck -X wk ) βτwk Composition Ef f ect + K k=0 X ck ( βτck -βτwk )
In addition, an experience variable was created by counting the number of years after the last diploma obtained corrected for the average maternity leave per child. On the contrary, paternity leave is little spray and use (see [START_REF] Govillot | Apr ès une naissance, un homme sur neuf r éduit ou cesse temporairement son activit é contre une femme sur deux[END_REF] and also excluded from the male experience calculation. Table4.1 reports means and differences for the main analysis. First of all, men have on average higher wages (Log Hourly Wage), more experience (Experience) and more seniority Tenure than women. Concerning the educational attainment (Education), men have more vocational education while women are more graduated from baccalaureate and university degrees. For its part, the occupational status (Occupation) shows that women are concentrated in occupations with moderate wage when men are observed in low-wage occupations and high-wage occupations, i.e. employee/intermediate for women and worker/executive for men. The table also reveals that men are on average more unionists and supporter (Unionism) than women who are more non-unionist. The sample shows no statistical difference in (Ethnic Background). Men, however, work more in the manufacturing and building sectors than women (Industry) who are more represented in the service sector. Finally, while women work on average more in Paris than men (Workplace), the reverse occurs for the workplace in urban area where men work on average more. No difference concerning the work in rural area is highlighted. A complete list of variables used can be found in Appendix with categories and definitions (Table4.10 and Table4.11).

Measurement of Unobservables for Full-time Decision

The set of covariates Z in the selection equation(2.9) is composed by three unique variables which are excluded from the wage equation, X: Age, Dependent ≤ 3 and Couple. The last two variables are assumed to have no direct impact on the wage level but on the decision to work full-time20 (see Subsection 2.3.3). The literature shows that women demand more flexibility at work because they remain the dominant providers of child-rearing, particularly for young children (Bertrand, 2017); i.e. Dependent ≤ 3. Thus, the decision to work fulltime can change after child-rearing and the Age captures this decision evolution (Töpfer, 2017). Moreover, the labor division within the household is more likely to incite women to devote their time to this task, particularly when married (Bertrand, 2017). Considering the absence of the marital status in the survey, I use the Couple life as a proxy. In addition, wage equation variables are added as controls such as occupational status, ethnic background and number of dependent (counted in experience calculation via maternity leaves). Table4. of men. However, the sample studied does not show any difference in age between part and full-time men and women (Age). Women working part-time have on average more young children than those working full-time (Dependent ≤ 3). This difference is not statistically significant for men. Interestingly, men working full-time live on average more with a partner while the reverse occurs for women (Couple Life), i.e. those working part-time live more as a couple. In addition, men working full-time have more children than those working part-time and women have more children when working part-time (Dependent)22 . Concerning occupational status, women and men working full-time are on average more workers, intermediates and executives and those working part-time are more employees (Occupation). Finally, there is still no difference for ethnic background (Ethnic Background). 4) women working full-time. The two last columns report the difference in means between men/women part-time and men/women full-time, i.e. difference between columns ( 3) and ( 1) and difference between columns ( 4) and (2). *, ** and *** indicate significance at the 5%, 1% and 0.1% levels respectively.

After calculating the inverse mills ratio along the distribution, Table4.7 shows that selection effects are different from men to women. Men face a negative selection which means that those with highest wage offers are not observed in full-time. The leading explanation advanced by [START_REF] Miller | Male-Female Wage Differentials in Australia: A Reassessment[END_REF] is the evidence of a longer-term view of the male labour commitment. Here, men working part-time are slightly younger than those working full-time.

It may implies that young men start their career by working part-time and then gradually work full-time. For their part, women face a negative selection from the 5th to the 15th quantile and then a positive selection from the 20th. That is, women with highest wage offers are not observed in full-time below the 15th quantile, while only those with highest wage offers are observed above the 15th quantile. The underlying mechanism may be that the reservation wage of women with the highest wage offers is too high for encouraging them to work full-time under the 15th quantile. On the contrary, above the 15th quantile, the reservation wage of women is also high enough to deter those with the lowest wage offers to work full-time.

Following the mother-caretaker model, there exist a negative relationship correlation between child-care and labour force participation23 . From there, the analysis may be extended to part-time job for allowing women to take care of child-rearing while working. Descriptive statistics as well as unobservables show a persistence of the male-breadwinner and mothercaretaker functions. Considering the difference between unobservables below the 15th quantile and their opposite effects above the 15th quantile, the control for full-time selection should increase the gender wage gap.

RIF Decomposition Results

The Gender Wage Gap

Figure2. show decomposition results along the wage distribution while Tables4.9-Table4.12 report detailed results at the 10th, 50th and 90th quantiles. For estimating the logit model related to the reweighting factor, I use interaction terms between building sector included in Industry and all other categorical variables. As discussed in Firpo, N. [START_REF] Firpo | Decomposing wage distributions using recentered influence function regressions[END_REF], bootstrapped standard errors with 100 repetitions are used as an alternative to asymptotic and robust standard errors given the difficulty of estimating such errors within RIF framework. In addition, Reimers RIF regressions are normalized for resolving the invariance problem related to the choice of the reference group when dummy are used. Decomposition results are also the outcome of averaging all possible estimates with permuting reference groups [START_REF] Yun | Normalized equation and decomposition analysis: computation and inference[END_REF]. Figure2.1 shows the gender wage gap along the wage distribution from observed and Reimers wages. First, the two methodologies show a strong increase of gender wage gaps from the 75th quantile with a peak at the end of the distribution.

This result suggests evidence of more pronounced vertical segregation phenomenons such as glass ceiling or wall glass. Second, accounting for full-time selection significantly increases the gender wage gap along the wage distribution. According to Tables4.9-Table4.12, the observed gender wage gap amounts to 0.082, 0.0147 and 0.211 along the distribution when it reaches 0.176, 0.244 and 0.306 after controlling for full-time selection. Table4.6 indicates the growth rate expressed as a percentage between observed gender wages gaps and Reimers gender wages gaps at each quantiles. The strongest differences are located at the bottom of the distribution with growth rates exceeding 100% for the first three quantiles. Notes: This table reports the gender wage gap at each quantile under observation before and after the measurement of full-time selection. Columns (1) shows the gender wage gap for observed wages, column (2) shows the gender wage gap for observed wages controlled for full-time selection and column (3) shows the increase from observed wages to observed wages controlled for selectivity as a percentage. Figure2.2 decomposes the gender wages gap in composition and wage structure parts. These parts vary widely when adjusting for full-time decision. The composition is overestimated without full-time selection, in particular on the left-hand side of the distribution where it reduces the gender wage gap after full-time selection control, i.e. 0.050, 0.035 and 0.093 for observed wages against -0.035, -0.024 and 0.088 for Reimers wages. The composition's change is driven by Occupation categories which declined the most. A such result means that controlling for full-time selection reduces the difference in occupation and even reverse it, i.e. on the left-hand side of the distribution, women have higher paid jobs as worker, employee and intermediate. Although Executive category decreases, men still have higher paid executive jobs. In addition to Occupation, other covariates are statistically significant for explaining the gender wage gap. Men have more experience and more higher paid jobs in manufacturing or service sectors which widen the gap. On the contrary, women having more university degrees and working more in Paris reverse the gender wage gap in their favor.

Composition Part

Wage Structure Part

On the contrary to the composition effect, the wage structure reported in Figure2.2 is underestimated on the left-hand side of the distribution without full-time selection, i.e. 0.032, 0.112 and 0.118 for observed wages against 0.211, 0.268 and 0.218 for Reimers wages. Apart from the constant which mainly captures this change, the wage structure is also affected by Occupation, Ethnic Background and Diploma. Employee category becomes positive on the left-hand side of the distribution meaning that male employees are better paid than female ones after accounting for full-time selection. However, worker, intermediate and individuals from native parents switch in negative at the bottom, which means that female worker, female intermediate and women from native parents are better paid than their male counterpart with full-time selection effect. Although Workplace values are stable between the two methodologies, they remain statistically significant for explaining the gender wage gap at the top regardless of selection effect. Men working in rural or urban area are better paid while the reverse occurs for workers in Paris. The same applied to Tenure at the bottom where male tenure is better rewarded than female one. However, it remains non-monotonic and different from zero at the bottom and the top of the distribution. Tables4.10 shows a statistically significant specification error at the bottom which aligns with Figure2.3. At the 10th quantile, the specification error from Reimers wages is smaller than the one from observed wages but it accounts for a larger part of the composition effect. Such results indicate that a more flexible model should be used for better capturing the composition part. However, some degree of misspecification is also unavoidable given the linear approximation of wages RIF functions. I also consider specification errors to be acceptable along the wage distribution regarding their small contribution to overall composition parts. Concerning re-weighted errors, accounting for unobservables has no significant effect since the counterfactual is well-calculated in Reimers wages. Nevertheless, re-weighted errors are larger in observed wages which is illustrated by a statistically significance at the median. Taking into account full-time selection, then, improves the quality of the counterfactual for identifying covariates effects.

Accuracy of Reimers RIF Decomposition

Concluding Remarks

This paper suggests an extension of the RIF decomposition Firpo, N. Fortin, et al., 2007 for taking into account the average selection effect along the distribution. The Reimers approach Reimers, 1983 allows the use of a reweighting procedure for properly estimate a counterfactual when accounting for selectivity bias.

Using matched employer-employee data from 2006, I apply the extension for estimating the gender wage gap in the French labor market along the wage distribution. To do so, I adjust the Reimers approach to RIF wages to obtain unconditional partial effects of wages controlled for full-time selection. I then apply a detailed decomposition for identifying drivers of the gender wage gap at specific quantiles, i.e 10th, 50th and 90th respectively. I show that being in couple increases the probability to work full-time for men while having children decreases the same probability for women. The persistence of the malebreadwinner and mother-caretaker model aligns with evidence of higher gender wages gaps when accounting for full-time selection. The extension reports that the wage structure part is the first driver of gender disparities meaning that the basic methodology largely underestimated it. Occupational status, experience, workplace, industry and education are the main covariates affecting the gap.

However, the extension should be interpreted as an approximation of the selection effect.

One must remember that the methodology proposed captures the average selection effect at each quantile of the distribution. The real selection bias located at the quantiles may be different. Even if no formal solutions exist so far, the Reimers approach offers an intuitive computation for taking selection bias into consideration in decomposition methodologies.

Lastly, it may be socially desirable for the government to implement gender policy for reducing gender differences at some parts of the wage distribution even if it has a tiny effect on average gender differences. Such a methodology then have political implications in terms of discriminatory policies. 

Appendices -Chapter 2 2.5.1 Variables Definition

ŶQτ = X βτ + ρτ λ(Z γ) + ûτ (2.17)
Where βτ is a vector of estimated coefficients at quantile τ for a vector of X variables.

Then, ρ is a vector of estimated coefficients at quantile τ for the IMR, λ, computed on a vector of Z variables and ûτ is the vector of residuals at quantile τ . Assuming that the IMR totally captures the selection bias, estimators from RIF-OLS model in (eq.) are consistent and unbiased. In their article, Firpo et al.(2009a) define estimators vector of covariates with dimension K × 1 as:

βτ ( Qτ ) = ξ( Qτ ) f Y ( Qτ ) (2.18)
where f Y ( Qτ ) is the Rosenblatt's kernel density estimator for the density of Y at Q τ :

f Y ( Qτ ) = 1 N N i=1 1 h .K Y i -Qτ h (2.19)
with a rate restriction on the bandwidth h = h(N ). In addition, for any Q in Y , there is:

ξ( Qτ ) = Ω-1 X 1 N N i=1 X ′ i (q τ + 1{Y i > Qτ } -(1 -τ )) (2.20)
where

ΩX = 1 N X i=1 X ′ i X i and qτ = Qτ f Y ( Qτ ) -1 (2.

21)

Since I include the IMR as an explanatory variable in the equation, it estimators vector are also defined as follow:

ρτ ( Qτ ) = π( Qτ ) fY ( Qτ ) (2.22) with π( Qτ ) = Ω-1 λ 1 N N i=1 λ i (zγ)(q τ + 1Y i > Qτ -(1 -τ )) (2.23) and Ωλ = 1 N N i=1 λ i (zγ) ′ λ i (zγ) (2.24)
under the assumption that E[u(Q τ | X] = 0 which means that the asymptotic bias term is equal to zero, the unconditional quantile partial effect (U QP E (τ ) ) is then equal to βτ composed by β τ (Q τ ) and ρ τ (Q τ ). From there:

√ N h. U QP E (τ )OLS -U QP E (τ ) D -→ N (0, V OLS (Q τ , K)) (2.25)
with U QP E (τ )OLS representing the covariates vector βτ composed by βτ ( Qτ ) and ρτ ( Qτ ).

The asymptotic variance can also be written as:

V OLS (Q τ , K) = lim h↓0 1 f 2 Y (Q τ ) βτ β′ τ E[(f Y (Q τ )) 2 ] + 1 f 2 Y (Q τ ) V ar[ √ h Ω- X 1 Xu(Q τ ) + βτ (q τ + 1{Y > Q τ } -(1 -τ ))] (2.26) with Ω X = 1 N X i=1 Xi Xi ′ and u(Q τ ) = q τ + 1{Y > Q τ -(1 -τ ) -Xi ξ(Q τ ) (2.27) and ξ(Q τ ) composed by ξ(Q τ ) and π(Q τ ).
Finally the Rosenblatt's kernel density estimator, f Y ( Qτ ), has an asymptotic squared bias that goes faster to zero than the variance with VOLS ( Qτ , h, K) as an estimator for the asymptotic variance

V OLS (Q τ , K). Assuming that previous assumptions hold, p lim h↓0 VOLS ( Qτ , h, K) = V OLS (Q τ , K) Chapter 3
Zoom or Room? Context Making Decision in a Team Game Show

Introduction

This paper studies team risk-taking behavior by exploiting an exogenous change in the social context of a popular game show that went online during the Covid-19 pandemic. Created in 1958, the "1000 euros game" is the oldest radio game show in France. 1 Traditionally recorded before a live audience, the game went online during the pandemic, allowing us to examine the risky decisions of pairs of contestants performing the same task (correctly answering trivia questions) in online and offline contexts. In particular, pairs of contestants that qualify for the final round, called the Super Banco, must decide to answer a trivia question for a 1,000

Euro prize. However, in doing so, they forego their 500 Euro prize, earned in the qualifying rounds. Do participation and performance in the final round differ in online and offline contexts?

Selection in games is always a concern. Candidates are highly selected, with respect to both who applies to be on the show and who is chosen to be on the show. We have investigated how contestants are selected by the production team. Initially, candidates are screened on their ability to correctly answer trivia questions supplemented, if necessary, by a draw to break a tie. Offline, the selection is made on site before the recording of the programs themselves. Online, candidates submit a pre-registration form with a list of This work has been co-authored with Jos é De Sousa. We thank Grazia Cecere, Guillaume Hollard, David Masclet, Muriel Niederle, Helena Perrone, Alix Rouille, Benoit Schmutz, as well as various seminar and conference participants for fruitful discussions and comments. We are also grateful to Capucine Ferre, Thierry Gameiro-Martins, Covadonga Machicado, and Laurine Pividal for excellent research assistance. 1 The game, called "Jeu des 1000 euros", is broadcast by France Inter, which is a major French public radio channel and part of Radio France, a French public service radio broadcaster. We follow here a tradition that employs TV game shows for the study of decision making in risky choices (see e.g., [START_REF] Antonovics | The Effects of Gender Interactions in the Lab and in the Field[END_REF][START_REF] Gertner | Game Shows and Economic Behavior: Risk-Taking on 'Card Sharks[END_REF][START_REF] Metrick | A Natural Experiment in 'Jeopardy![END_REF][START_REF] Post | Deal or No Deal? Decision Making under Risk in a Large-Payoff Game Show[END_REF].

questions to be answered. Because selected offline and online candidates may differ, much of our analysis focuses on the pairs of contestants who survive to the final round. For them, we have better measures of their underlying ability because they answer more questions than those eliminated in earlier rounds. Regardless of the social context of the game, the expertise required to survive the qualifying rounds makes them highly comparable qualified subjects.

Moreover, it is worth noting that online and offline contestants are not anonymous and that the show is very popular, with 1.5 million daily listeners and viewers. 2 Therefore, online and offline survivors are not only skilled, they also seem not to care about playing, being seen and heard by millions. Even if differences may remain, 3 the online and offline survivor pairs may thus have more things in common than differences.

Consistent with the hypothesis that online and offline survivor pairs are comparable, we find no significant differences in their number of correct answers in the qualifying rounds.

This first result suggests that online cheating does not seem to be a widespread problem in this game, although the production team is concerned about it. 4If online and offline pairs do not differ in the qualifying rounds, the decision to enter the Super Banco (SB) is highly context specific. Absent the Covid-19 pandemic, the game is recorded in person in a room where the live audience encourages the contestants by chanting "su-per, su-per!", while the pair weighs their risky decision to participate in the SB. In this offline context, a large proportion of the survivor pairs, 82 percent, go for the SB question.

During the Covid-19 pandemic, from November 2020 to May 2021, the game is recorded online. 5 The audience cheers the contestants with the same slogan "su-per, su-per!" but virtually through a soundtrack. Surprisingly, in the online context, only 60 percent of the survivor pairs decide to enter the SB.

This difference could simply be explained by the health and economic context related to Covid-19. The in-person shows were resumed from May 31, 2021 to July 2, 2021 (our last collected show), which allow us to compare offline shows in and out of the Covid-19 period in Appendix Table 3.8. The results show, holding other things constant, that the odds for an online pair to enter the final SB round is 0.22 times the odds of an offline pair. In contrast, the odds for an offline pair are not significantly different in and out of Covid-19. Overall, this test confirms that online pairs behave differently towards risk than offline pairs. The social context of the game dramatically influences risky decisions. However, the SB decision also depends on contestants' own assessment of their future chances, which, itself, depends on their confidence. Conditioning on in-game confidence measures in the qualifying rounds, such as the number of errors,6 explains part of the unconditional 22 percentage point difference. One would therefore expect to see a difference in earnings if only the best and and most-confident online survivor pairs self-select to enter the SB. However, if we observe a difference it is rather the opposite: 52% of the online pairs succeed at the SB against 55% offline.7 A plausible explanation of these intriguing results is as follows. As games enthusiasts, contestants self-select to participate. They are also selected through the qualifying rounds.

All the survivor pairs reaching the final round and considering entering the SB are therefore well qualified to answer the final trivia question. Even if the SB question is judged as relatively difficult, the percentage of pairs answering correctly exceeds 50%.8 Nevertheless, the selection process to reach the final round is not linear and is risky due to the randomness of selective trivia questions. Some errors are inconsequential. They do not reduce the chances of advancing to the SB, but can undermine the candidates' confidence. This may lead some qualified online pairs to take no chances and to leave money on the table by not participating in the Super Banco. On the other hand, the in-person interactions could act as a social pressure by encouraging the undecided and potentially risk-averse pairs to enter the SB. In the radio show, the in-person live audience is pressing for the game to continue.

Face-to-face contacts between the contestants, even if minimal at the time of the SB decision, may also matter, especially if one of the contestants would prefer to continue the game.9 

These in-person interactions could be for the own good of the contestants. The probability of success at Super Banco is indeed greater than tossing a coin.

We also test the relevance of an alternative hypothesis, namely that the global pandemic, by radically affecting sanitary and economic conditions, have increased the risk aversion of contestants. Under this hypothesis, our results could be attributable not to the difference in social contexts but to the pandemic itself. We present a simple test, based on the fact that some shows went offline during the pandemic, to ensure that this concern does not affect our results. We find that online pairs have a significantly lower likelihood of entering the SB compared to offline pairs outside and during the Covid-19 period.

Our results suggest a role for social interactions, which may be more effective offline than online, in risk-making situations. Economists and psychologists have long been aware that decision makers tend to place greater weight on the economic losses that could result from their decisions than on the potential equivalent gains [START_REF] Kahneman | Prospect Theory: An Analysis of Decision under Risk[END_REF][START_REF] Rabin | Anomalies: Risk Aversion[END_REF]. Social interactions may improve decisions back in the direction of true probabilities.

The online versus offline difference in risk-taking may have some consequences given a broader trend towards more online work arrangements [START_REF] Agrawal | Digitization and the Contract Labor Market: A Research Agenda[END_REF]. For instance, [START_REF] Dingel | How Many Jobs Can Be Done at Home?[END_REF] estimate that 37% of jobs in the U.S. could be done entirely from home. Therefore, the impact of risk-making on teamwork is a dimension that firms have to consider when deciding on their remote work policies. Studies on team work before [START_REF] Battiston | Face-to-Face Communication in Organizations[END_REF][START_REF] Dutcher | The Effects of Telecommuting on Productivity: An Experimental Examination. The Role of Dull and Creative Tasks[END_REF][START_REF] Meulen | No Teleworker is an Island: The Impact of Temporal and Spatial Separation along with Media Use on Knowledge Sharing Networks[END_REF] or during Covid-19 pandemic (DeFilippis et al., 2020;[START_REF] Yang | The Effects of Remote Work on Collaboration among Information Workers[END_REF], examine the effects of working from home on teamwork productivity without considering the potential impact on risk decision.

Our results also complement papers investigating the role of social pressure in peer effects [START_REF] Falk | Clean Evidence on Peer Effects[END_REF][START_REF] Mas | Peers at work[END_REF] 10 or in sport via the crowd [START_REF] Bryson | Causal Effects of an Absent Crowd on Performances and Refereeing Decisions during Covid-19[END_REF][START_REF] Endrich | Home-bias in Referee Decisions: Evidence from 'Ghost Matches' during the Covid19-pandemic[END_REF][START_REF] Garicano | Favoritism under Social Pressure[END_REF][START_REF] Scoppa | Social Pressure in the Stadiums: Do Agents Change Behavior without Crowd Support?[END_REF]. 11We also examine the risky choices of contestants by gender. To preview our main findings, we find that the gender differences on participation and performance are in line with the literature on game shows. Women are much less represented than men [START_REF] Booth | Girls' and Boys' Performance in Competitions: What We Can Learn from a Korean Quiz Show[END_REF][START_REF] Dolder | Gender and Willingness to Compete for High Stakes[END_REF][START_REF] He | Gender Jeopardy in Financial Risk Taking[END_REF][START_REF] Jetter | Gender in Jeopardy!: The Role of Opponent Gender in High-Stakes Competition[END_REF]. Accordingly, 45% of pairs are male, 51% are mixed and only 4% are female. Male pairs perform better than mixed and female pairs in the Super Banco compared to the qualifying rounds, which is consistent with gendered behavioral responses to psychological pressure [START_REF] Booth | Girls' and Boys' Performance in Competitions: What We Can Learn from a Korean Quiz Show[END_REF]. The only notable difference with the literature is on the decision to entry in the different rounds of the game. It is well documented that men and women respond differently to risk [START_REF] Marianne | New perspectives on gender[END_REF]Croson et al., 2009a;[START_REF] Eckel | Men, Women and Risk Aversion: Experimental Evidence[END_REF]. However, we find that female and mixed pairs are not more risk averse than male pairs. From the difference between the offline and online results, we may conjecture that the in-person audience encourages women to enter the final round of the game. However, we cannot rule out the fact that non-risk aversion is a result of the decision being made as a team and not individually. Nevertheless, experimental results suggest that the average group is more risk averse than the average individual in high-risk situation [START_REF] Shupp | Risk Preference Differentials of Small Groups and Individuals[END_REF]. These results reinforce the role of social pressure in encouraging women to enter the Super Banco.

The remainder of the paper is organized as follows. Section 3.2 discusses the data and the context of the game. Section 3.3 presents and comments on the empirical results focusing primarily on survivor contestants. Finally, section 3.4 concludes.

Data and Context of the Game

The data used in this paper were taken from the "1000 euros game" broadcast between June 2011 and July 2021. There are 1,571 total games made by 3,142 different subjects.

Created in 1958, this game is the oldest French radio quiz show that is still aired.12 Absent Covid-19, the show travels throughout the year over the France territory and is recorded, then broadcast a few days later. 71.5 percent of the shows were recorded in an urban area, 22.5 percent in a rural area and 6 percent were online. Our off-Covid-19 period goes from June 20, 2011 to March 12, 2020. Then, due to the lockdown, the game was halted from march 13, 2020 to November 27, 2020, while the online shows ran from November 30, 2020 to May 28, 2021. Finally, the in-person shows were resumed from May 31, 2021 to July 2, 2021 (our last collected show).

On this show, two candidates form a team to answer trivia questions about humanities, social sciences and nature by over a series of three rounds.13 

The Three Rounds of the Game

The Pre-Banco Round: 6 Questions for e150

In the first round, called the pre-Banco round, the team or pair draws six questions to answer. Questions are sent in by listeners and the production ranks them by difficulty. The total prize money is an increasing function of the number of questions that are answered correctly and their difficulty: 15 euros for the first three, 30 for the next two and 45 for the last one. 14The candidates are allowed multiple attempts to answer each question for up to 30 seconds.

Each question not answered correctly during the 30-second window is asked again, as a second chance, but then only one answer is allowed within 15 seconds. At the end of this round, there are three possibilities:

1. If the pair answers less than five questions correctly, the game ends and contestants keep their earnings. Table 3.1 indicates that 20% of the pairs answer to less than five questions (including their second chance).

2. If the pair answers correctly to five questions (40% of the cases), they can leave with their earnings or try to answer a "draft" question that is made easier because three possible choices are provided (it is the only question that is not posed by the audience).

If they fail to answer correctly to the draft question, the game ends and the candidates keep their earnings. However, if they answer correctly, they are forced to enter the next round of the game (the Banco).

3. If the pair answers correctly to all six questions (40.5% of the cases), they can decide to leave with their earnings (150e) or enter the next round. At the time of decision, the audience or the soundtrack yell "ban-co, ban-co!" to encourage the candidates.

1,213 out of 1,571 pairs (77.2%) have answered correctly to 6 questions or to 5 questions plus the draft one. The total number of errors (roughly 10 on average, see bottom panel of Table 3.1) and the number of retake questions (i.e., second chances offered and the "draft" question) (roughly 1.6 on average), will allow us to control for the in-game confidence of candidates in the subsequent rounds. 2) if they answer 5 questions plus a "draft" question correctly. If they answer 4 or fewer questions correctly, the game ends and they keep their earnings. The number of retake questions includes second chances and the draft question. Candidates have 1 minute to answer the Banco or the Super Banco.

The Banco Round: 1 Question for e500.

As displayed in Table 3.1, all of the 1,213 qualified pairs, regardless of the online or offline context, decided to go for the second round. This round consists of one question that is considered relatively more difficult than those asked in the first round. Each pair is only allowed one attempt but with a minute to respond. Candidates can consult each other. 15 If the response is correct, which is the case for 72% of the teams, the price to be shared is 500 euros. If the response is incorrect, the pair loses all their earnings and leaves with a small present such as a book.

The Super Banco Round: 1 Question for e1000.

Overall, 80% of the teams that succeed in the Banco try the Super Banco question for a 1000 euro prize. However, as previously mentioned, the share of pairs entering the Super Banco depends on the context. When the game is recorded in person, the audience encourages the teams by chanting "su-per, su-per!" and 82% of the teams enter the Super Banco.

When the game is recorded online, interactions are virtual, the audience is a soundtrack, and only 60 percent of the teams decide to try the Super Banco question.

The Super Banco works as the Banco, but the question is raffled from among the toughest questions from the listeners. This difficulty may explain that 55% of the teams succeed in answering correctly to the Super-Banco question versus 72% in the Banco. Another explanation could be related to what psychologists call "choking under pressure" [START_REF] Baumeister | Choking under Pressure: Self-consciousness and Paradoxical Effects of Incentives on Skillful Performance[END_REF], such that high rewards can, in some cases, result in a decline in performance [START_REF] Ariely | Large Stakes and Big Mistakes[END_REF][START_REF] Dohmen | Do Professionals Choke under Pressure?[END_REF]. In case of success, the pair receives 1,000 euros. In case of failure, the pair loses all their e500 prize and leaves with a small present. Entering the Super Banco thus gives a better chance than flipping a coin but involves the risk of losing previous gains.

The Candidates

The candidates are highly selected, both with respect to who applies to be on the show and who is chosen to be on the show. We only know that candidates are screened before the show on their ability to correctly answer trivia questions. As often revealed in an introductory talk or in other conversations during the show, candidates are passionate about the 1000 euro game. From these conversations, we also able to construct some demographics that are reported in Table 3.2. Half of candidates are employed and most are males (70.5%).

Therefore, in line with the literature on game shows, women are much less represented than men [START_REF] Booth | Girls' and Boys' Performance in Competitions: What We Can Learn from a Korean Quiz Show[END_REF][START_REF] Dolder | Gender and Willingness to Compete for High Stakes[END_REF][START_REF] He | Gender Jeopardy in Financial Risk Taking[END_REF][START_REF] Jetter | Gender in Jeopardy!: The Role of Opponent Gender in High-Stakes Competition[END_REF]. 

Online versus Offline Shows

Our main interest is in comparing the offline with the online pairs. A limitation of this comparison is that online pairs are always mixed in terms of gender. For this reason, in Table 3.3, we break down the three rounds of the show into different types of pairs. Interestingly, the online and offline mixed pairs are on average very similar (column 3 vs column 4). We find no statistical difference in the number of correct responses, or performance in the Banco or the Super Banco. The only remarkable difference relates to the entry into the Super Banco, which is about 22 percentage points (p.p.) lower. We also document some differences in measures of in-game confidence of candidates qualified for the SB (column 3 vs column 4).

For instance, on average, online pairs retake 1.6 questions versus 1.2 for offline pairs. They also make 2 more errors than the offline pairs in the pre-Banco round with no difference in correct answers. They are also twice as slow as the offline pairs in the Banco.

Empirical Results

We compare the performance and participation of offline and online pairs by estimating the following equation:

Y is = α + δOnline s + βX i + η q(is) + ε is , (3.1)
where Y is represents different measures of performance or participation of pair i in a show s.

The variable Online s represents the treatment indicator taking the value one if show s was recorded online, zero offline. Our parameter of interest is δ, which measures the difference in outcomes between shows recorded online or offline. To accommodate the fact that offline shows are recorded in different locations in France, we introduce a region fixed effect with four different categories. 16 We control for pair characteristics X i , such as both contestants are women or men (the benchmark group is of mixed gender), and both contestants are employed or unemployed (the benchmark group is one contestant employed and one unemployed). For the Banco, we control for in-game confidence in the pre-Banco. We check if the number of retake questions and errors made in the first round predict performance in the next round. For the Super Banco, we also control for pre-banco in-game confidence, as well as the reaction time in the Banco. We also include a question category fixed effect, η q(is) , in order to control for the type of questions (arts, history and geography, sport and society, religion and languages) answered in the Banco or the Super Banco. Finally, we allow for an error term ε is , which is clustered at the urban, rural or online level depending on the context of the show.

We begin by briefly commenting on the results of the qualifying rounds before presenting and discussing the Super Banco results. All regressions are run using Ordinary Least Squares (OLS) or Logit estimators (marginal effects; we report odds ratios in Appendix 3.5.1).

The Qualifying Rounds

Results on the qualifying rounds are presented in Table 3.4. The dependent variable, Y is in Equation 3.1, is the euro gains (in logs) from the first round in columns 1 and 2, and the probability to answer correctly to the Banco in columns 3 to 5. Notes: Columns 1 and 2: OLS estimates; the dependent variable is the euro earnings in the first round. Columns 3 and 4: marginal effects from logit regressions, with covariates fixed at their means; the dependent variable is the probability to answer correctly to the Banco question. PB means pre-Banco. a and c indicate significance at the 1% and 10% levels respectively. The standard errors are clustered at the urban/rural/online level.

Round 1 results indicate no significant difference in performance between demographic groups or between online and offline shows. Results on the Banco offer more interesting variation to comment on. For example, online pairs tend to have a greater chance of success in the Banco that ranges from 2.2 to 7.5 p.p. Interestingly, the chance is the highest when we control for in-game confidence based on the number of retake questions and the number of errors in the first round (column 5). Both in-game confidence measures predict a lower chance of success in the Banco. Moreover, gender differences are more pronounced once we control for in-game confidence. Single-sex pairs have a lower chance to perform at the Banco. Moreover, female pairs, when compared to male pairs, have a .13 lower chance (with a p-value<0.01) of succeeding in the Banco. We will discuss this difference in the next section.

The Super Banco Round: An Analysis of the Survivors

Because selected offline and online candidates may differ, we now focus our analysis on the pairs of contestants who survive to the final round. For them, we have better measures of Notes: Marginal effects from logit regressions, with covariates fixed at their means. The dependent variable is the probability to enter the Super Banco in columns 1 to 4, and the probability to answer correctly to the Super Banco question in columns 5 to 8. Columns 4 and 8 report results for interaction terms between in-game confidence measures and online. 'No.' is short for number, 'PB' for pre-Banco and 'B' for Banco. Question categories fixed effects are also included in all columns. a , b and c indicate significance at the 1%, 5% and 10% levels respectively. The standard errors are clustered at the urban/rural/online level.

ability because they answer more questions than those eliminated in earlier rounds. The first four columns of Table 3.5 analyze survivor's probability of entering the Super Banco (SB), and the last four columns study their probability of winning the SB prize of e1000.

Table 3.5 documents that the context of the show influences risky decisions with higher financial stakes. The coefficient on online shows, displayed in column 1, implies that, all other factors being equal, an online pair has a .2 lower chance of entering the SB than an offline pair (the base group). This significant difference is consistent with the descriptive statistics shown in Table 3.3. The addition of pair demographics in column 2 barely affects the difference between online and offline contexts. However, moving to column 3 shows the importance of controlling for in-game confidence measures. The higher the number of retake questions and errors in the Pre-Banco and the longer the response time in the Banco, the lower the likelihood of entering the SB. This implies that the SB decision also depends on contestants' own assessment of future chances, which, itself, depends on confidence. Conditioning on in-game confidence in column 3 fully explains the difference found in the first two columns.

However, column 4 suggests strong nonlinear effects of confidence. This non-linearity is expected due to the significant differences shown in the descriptive statistics between offline and online pairs with respect to in-game confidence (see Table 3.

3). Online pairs qualified

for the SB make more mistakes and are slower. Thus, in column 4, we interact each measure of in-game confidence with the online dummy. The addition of these interactions reduces the difference in the probability of entering the SB only by about 6 p.p. from 19.7 (col. 2) to 13.8 (col. 4).

Figure 3.1 displays the impact of the non-linearities regarding each measure of confidence.

For example, the online pair's probability of entering the SB decreases more with the number of errors made during the qualifying rounds than the offline pair's probability (Panel A). At low error counts, online and offline pairs have roughly the same predicted probability of entering the SB, but for the average number of errors (10), the online predicted probability is significantly lower. This is not true if we ignore the interaction, as shown in the Appendix figure 3.2 where the predicted probabilities are rather similar for any number of errors. The same pattern holds if we focus on the number of retakes questions (panel B) or the reaction time (panel C): not accounting for non-linearities biases the predicted probabilities of online pairs entering the SB upwards.17 

The last four columns of Table 3.5 focus on the performance in the Super Banco. The simple logit regression in column 5 displays a small negative impact of online shows on the probability of succeeding in the SB (a 3.5 p.p. difference). However, when additionally controlling for pair demographics (column 6) or in-game confidence (columns 7 and 8), the difference between online and offline show on performance becomes statistically insignificant.

This result is somewhat surprising given that one would expect to observe a positive difference if only the best and most-confident online pairs self-select to participate in the SB. 18A way to rationalize the difference between online and offline shows on performance and participation is to invoke the role of social pressure. In-person interactions, and in particular the role of the audience, may have encouraged some risk-averse offline pairs to enter the Super Banco. Because of the audience's cheering, they may also regret their decision less if they lose. By contrast, not enough online survivor pairs enter the Super Banco. They leave money Notes: Probabilities predicted from Logit regression in column 4 of Table 3.5. Vertical bars represent 95% confidence intervals. Online and offline pairs are compared with respect to in-game confidence measures. For clarity, values greater than 3 for the number of retake questions were reassigned to 3, and values greater than 21 for the number of errors were reassigned to 21, without changing the main message. See Table 3.1 for descriptive statistics.

on the table and the reason could be a lack of confidence.

We also test the relevance of an alternative hypothesis, namely that the global pandemic has changed our perception of risk. The pandemic, by drastically affecting health and economic conditions, may have increased the risk aversion of contestants. Under this hypothesis, our results could be attributed not to the difference in social contexts but to the pandemic itself. We present a simple test to ensure that this concern does not affect our results. We benefit from the fact that not all shows went online during the pandemic. The in-person shows were resumed from May 31, 2021 to July 2, 2021 (our last collected show), which allow us to compare offline shows in and out of the Covid-19 period in Appendix Table 3.8.

The results show, holding other things constant, that the odds for an online pair to enter the final SB round is 0.22 times the odds of an offline pair. In contrast, the odds for an offline pair are not significantly different in and out of Covid-19. Overall, this test confirms that online pairs behave differently towards risk than offline pairs.

We also examine the risky choices of contestants by gender. Male pairs perform better than female pairs in the Banco (Table 3.4) and in the Super Banco (Table 3.5). This result is consistent with gendered behavioral responses to psychological pressure [START_REF] Booth | Girls' and Boys' Performance in Competitions: What We Can Learn from a Korean Quiz Show[END_REF].

The only notable difference is on the decision to entry in the different rounds of the game. It is well documented that men and women respond differently to risk [START_REF] Marianne | New perspectives on gender[END_REF]Croson et al., 2009a;[START_REF] Eckel | Men, Women and Risk Aversion: Experimental Evidence[END_REF]. However, we find that female (and mixed) pairs are not more risk averse than male pairs. From the difference between offline and online results, we may conjecture that the in-person interaction and the physical audience may encourage women to enter the final round of the game. However, we cannot rule out the fact that non-risk aversion is a result of the decision being made as a team and not individually.

Nevertheless, experimental results suggest that the average group is more risk averse than the average individual in high-risk situation [START_REF] Shupp | Risk Preference Differentials of Small Groups and Individuals[END_REF]. By contrast, these results reinforce the role of social pressure in encouraging women to enter the Super Banco.

Conclusion

Putting our results together, we first document that on average online and offline pairs are observationally equivalent. If anything, the share of online pairs qualified to the Super Banco is slightly higher than the share of offline pairs. However, on average, we find that online pairs enter less in the Super Banco, the final round of the game with the highest financial stakes. This implies that on average online pairs earn less than offline pairs. These differences do not disappear if we take into account the in-game confidence measures constructed in the qualifying rounds.

A way to rationalize these results is to invoke the role of social pressure. In-person interactions, including the role of the audience, may have encouraged some risk-averse offline pairs to enter the Super Banco. Because of the audience's cheering, they may also regret their decision less if they lose. By contrast, not enough online pairs seem to enter the Super Banco. They leave money on the table and the reason could be a lack of confidence.

Our results on the online versus offline difference in risk-taking may have some implications for firms given a broader trend towards more online work arrangements [START_REF] Agrawal | Digitization and the Contract Labor Market: A Research Agenda[END_REF]. Another implication may concern experimental economics. The Web enables experimenters to target a larger number of participants with more diversity and to save time and money [START_REF] Horton | The Online Laboratory: Conducting Experiments in a Real Labor Market[END_REF][START_REF] Reips | The Web Experiment Method: Advantages, Disadvantages, and Solutions[END_REF]. Well-known lab experiments have also be replicated on the Web (see [START_REF] Birnbaum | Decision Making in the Lab and on the Web[END_REF][START_REF] Horton | The Online Laboratory: Conducting Experiments in a Real Labor Market[END_REF]. However, using Covid-19 as a natural experiment, we find that differences in social environments can lead to differences in risk-taking behaviors. In particular, the role of social pressure may induce different outcomes in online and offline experiments.

3.5 Appendices -Chapter 3 Notes: Odds ratios from logit regressions. The dependent variable is the probability to enter the Super Banco in columns 1 to 4, and the probability to answer correctly to the Super Banco question in columns 5 to 8. 'No.' is short for number, 'PB' for pre-Banco and 'B' for Banco. Question categories fixed effects are also included in all columns. a , b and c indicate significance at the 1%, 5% and 10% levels respectively. The standard errors are clustered at the urban/rural/online level. .6
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Pr(Entering Super Banco) Notes: Probabilities predicted from Logit regression in column 3 of Table 3.5. Vertical bars represent 95% confidence intervals. Online and offline pairs are compared with respect to in-game confidence measures. For clarity, values greater than 3 for the number of retake questions were reassigned to 3, and values greater than 21 for the number of errors were reassigned to 21, without changing the main message. See Table 3.1 for descriptive statistics. Notes: Odds ratios from logit regressions. The dependent variable is the probability to enter the Super Banco in columns 1 to 3, and the probability to answer correctly to the Super Banco question in columns 4 to 6. "Outside Covid period" is the benchmark for Online Covid and Offline Covid variables. We do not introduce regional fixed effects, which are collinear with the decomposition of offline shows into Covid and non-Covid periods. 'No.' is short for number, 'PB' for pre-Banco and 'B' for Banco. Question categories fixed effects are also included in all columns. a , b and c indicate significance at the 1%, 5% and 10% levels respectively. The standard errors are clustered at the urban/rural/online level. Notes: Marginal effects for mixed pairs from logit regressions, with covariates fixed at their means. The dependent variable is the probability to enter the Super Banco in columns 1 to 3, and the probability to answer correctly to the Super Banco question in columns 4 to 6. Columns 3 and 6 report results for interaction terms between in-game confidence measures and online. 'No.' is short for number, 'PB' for pre-Banco and 'B' for Banco. Question categories fixed effects are also included in all columns. a , b and c indicate significance at the 1%, 5% and 10% levels respectively. The standard errors are clustered at the urban/rural/online level. Notes: Marginal effects from logit regressions, with covariates fixed at their means. The dependent variable is the probability to enter the Super Banco in columns 1 to 3, and the probability to answer correctly to the Super Banco question in columns 4 to 6. Columns 3 and 6 report results for interaction terms between in-game confidence measures and online. The sample is reduced to 917 observations corresponding to online period. 'No.' is short for number, 'PB' for pre-Banco and 'B' for Banco. Question categories fixed effects are also included in all columns. a , b and c indicate significance at the 1%, 5% and 10% levels respectively. The standard errors are clustered at the urban/rural/online level. Notes: Marginal effects from logit regressions, with covariates fixed at their means. The dependent variable is the probability to enter the Super Banco in columns 1 to 4, and the probability to answer correctly to the Super Banco question in columns 5 to 8. Columns 4 and 8 report results for interaction terms between in-game confidence measures and online. 'No.' is short for number, 'PB' for pre-Banco and 'B' for Banco.. Question categories fixed effects are also included in all columns. a , b and c indicate significance at the 1%, 5% and 10% levels respectively. The standard errors are clustered at the urban/rural/online level.

Alternative Hypothesis: Offline Pairs during the Covid-19

Robustness Checks

Chapter 4

Importing Gender Equality: A Technological Revolution Effect

Introduction

In many countries, women have on average less high-paid jobs, full-time jobs, labour force participation, experience or educational attainment than men. Such gender differences entail large economic worldwide costs reaching 160.2 trillion USD as it prevents women from developing their full potential as productive workers [START_REF] Wodon | Unrealized potential: the high cost of gender inequality in earnings[END_REF]. As global integration continues, there has been increasing interest in the impact of globalization on gender issues.

Existing studies examine the effect of a trade shock on gender inequalities, e.g. a trade liberalization episode. However and to the best of our knowledge, none of them document if gender inequalities are affected by trade actors.

This paper addresses that issue by examining if gender inequalities from a country are influenced by its trading partners. We adjust a spatial model normally used for identifying a spatial effect between geographically close units, and adapt it to trade by considering the economic notion of distance. Our approach consists of disaggregating trade into 3 levels from bilateral and import-export to technology-level products in order to identify a technology channel in line with [START_REF] Juhn | Men, women, and machines: How trade impacts gender inequality[END_REF]. However, the technology-level products allow a more detailed analysis of the impact of technology traded on gender inequality. We then have constructed for each country spatial trade variables of gender inequalities by trade level which are weighted according to the importance of its trading partners, i.e. a major On the other hand, trade can positively affect gender inequalities through an increase in competition and technological upgrading. During the period from 1977[START_REF] Oaxaca | On discrimination and the decomposition of wage differentials[END_REF][START_REF] Black | Importing equality? The impact of globalization on gender discrimination[END_REF] show that increased competition resulting from international trade in US manufacturing industries led to a reduction in gender inequalities, i.e. the gender wage gap decreases and the female labor force participation increases. [START_REF] Ederington | Where the Girls Are: Trade and labor market segregation in Colombia[END_REF] who examine Colombian plant-level data from 1977 to 1991, provide similar evidence about competition since women are more employed following a trade liberalization episode. For their part, [START_REF] Juhn | Men, women, and machines: How trade impacts gender inequality[END_REF] argue that in the 1990's, NAFTA increased employment of Mexican women in blue-collar tasks following a technological upgrading within new exporting firms.

Our study falls within the ibid. approach by considering gender inequality spillovers through technology. We provide evidence that the technological upgrading within firms is at hand when a country trades with a more gender-equal partner. The relative female productivity increases as jobs become less physically demanding with access to imported office/industry machines and agricultural machines Pieters, 2015. However, the range of products included in technology-level categories allow us to consider a larger technology effect. First, importation of advanced technology products modifies the female opportunity cost of time for having children. One the one hand, access to surgical/medical equipment, medicine and contraceptive methods allows women to control their fertility in order to study or work [START_REF] Goldin | Career and Marriage in the Age of the Pill[END_REF]. One the other hand the rise of household appliances such as vacuum cleaners, washing machines, dryers and refrigerators save time on household tasks [START_REF] Greenwood | Engines of liberation[END_REF]. Women who remain the first providers of such tasks can therefore reallocate their time to study or work. Second, governments spend money on military technology imports by acquiring electronic systems, holographic sights and laser rangefinders among others which require high investments in public R&D with spillover effects on private R&D. That, in turn, encourages technology upgrading in the private sector [START_REF] Moretti | The intellectual spoils of war? defense r&d, productivity and international spillovers[END_REF].

All these technological mechanisms depend directly on the development level of the country. Our findings show that this spillover effect is driven by medium-tech products in upper middle income countries and by high-tech products when considering both upper and upper middle income countries. In advanced economies, these effects should be less pronounced because there is less scope for firms, households and governments to improve their technology level. However, the period under observation reveals an abundance of technological progress, e.g. creation of computers. Then, gender inequality is affected by technology imports from more gender-equal countries. We present this phenomenon as the technological revolution.

The rest of the paper is organized as follows. Section 2 describes the trade mechanisms on gender inequality from the literature. Section 3 presents data. Section 4 provides empirical evidence of the cross-country transmission channel with explanations about the potential mechanisms at hand. Finally, section 5 presents some concluding remarks.

Trade Mechanisms on Gender Inequality

The literature identifies several main channels by which trade liberalization can affect gender inequalities: discrimination, comparative advantage, capital intensity and technological revolution [START_REF] Pieters | Trade liberalization and gender inequality: Can free-trade policies help to reduce gender inequalities in employment and wages?[END_REF].

The effect of discrimination on gender inequality was developed by Becker and then adapted to the international trade framework. Becker first defined discrimination as a difference in treatment between two individuals with identical observable productive characteristics. Discrimination is related to employers taste on observable non-productive char-acteristics such as gender. His model shows that discrimination disappears in presence of competition since it is costly for employers. In the case of gender disparities, some employers prefer to hire men over women despite equal productivity between both. Women will then accept lower wages and employers who apply discrimination against women deprive themselves of lower costs. Considering that international trade increases competition between firms, non-discriminating firms have a competitive advantage in terms of costs over discriminating ones. As a result, discriminating firms being less competitive will exit the market. Black et al., 2004 test 1991. They provide evidence of less female discrimination on the labor market following an increase in competition. On the contrary to Becker, results show that the effect is more explained by discriminating plants hiring more women rather than driving them out of the market. Firms that faced less cut-throat competition in 1984 will be more inclined to reduce discrimination. [START_REF] Bøler | Globalization: a woman's best friend? Exporters and the gender wage gap[END_REF] explore the relationship between exporting firms and gender discrimination on the labor market. For this purpose, they use wage data between 1996 and 2009 from Norwegian manufacturing employees working full-time. They find that the gender wage gap is smaller within exporting firms which have a higher share of women in the total labor force. These trends are observed before exporting firms enter into foreign markets, meaning that less discriminating firms are more competitive.

More recently, the impact of trade on gender inequalities has been explained through well-known trade theories. In international trade, the Ricardian theory advances that each country has a comparative advantage over others in producing a good at a lower relative opportunity cost. Accordingly, countries are able to engage in profitable trade with its trading partners. Even if advanced economies could produce goods more efficiently, they would benefit from importing from those lagging behind. On the contrary, laggards would benefit from exporting goods in which opportunity costs are lower. In their article, [START_REF] Do | Comparative advantage, international trade, and fertility[END_REF] applied the comparative advantage principle on fertility, advancing that differences in technologies and endowments reflect differences in gender labor force use. First, they developed a theory stating that countries with a comparative advantage in female-intensive goods reveal lower fertility since it is affected by women's opportunity cost of time. Second, they test their model on 79 sectors in 146 countries between the 1960s and the 2000s. Results

show evidence that countries exporting goods that are female-intensive in labor exhibit lower fertility.

In addition, sector reallocation of production factors is also an interesting issue when examining international trade. A trade liberalization episode implies an expansion of the sector in which countries have a comparative advantage. Surprisingly, Sauré et al., 2014 argue that female labor force participation declines and the gender wage gap widens when international trade expands capital-abundant sectors. They developed a model based on Heckscher-Ohlin theory with two production factors associated with a gender, i.e. capital intensive sectors as female-intensive sectors and labor-intensive sectors as male-intensive ones. Female labor and male labor are thus assumed to be distinct production factors.

The underlying mechanism for explaining the result is as follows: the price of female labour rises in a capital-intensive country trading with others because of an increasing demand. The production expands in capital-intensive sectors and contracts in other sectors. A reallocation of factors occurs toward the expanding sector with male labor moving to capital-intensive sectors. The male labor being only composed by labor, its entry into capital-abundant sectors dilutes the capital intensity, resulting in a female productivity decline. Accordingly, the gender wage gap increases while the female labor force participation falls. Authors test their theory using bilateral data between the US and Mexico for over the period 1990-2007.

They provide evidence of their theory on the female labor force participation rate. Gaddis et al., 2017 also examine the effect of trade liberalization on gender reallocation between sectors.

Using data from Brazil between 1991 and 2000, they find that tariff cuts reduce labor force participation and employment rate of men and women. Micro regions more affected by the trade shock show a faster reduction of gender differences driven by the declining labor force participation and employment rate of men. The sectors of goods and services traded internationally, composed by low-skilled workers, are mainly exposed to these reductions.

In fact, men are more represented in these sectors which require physical strength. Such a finding aligns with the imperfect substitutability of male and female labor developed in Sauré et al., 2014. Furthermore, the literature on trade provides much more evidence on a skill-upgrading phenomenon rather than a factors reallocation one. In their article, Juhn, Ujhelyi, et al., 2014 develop a model where firms choose between using routine physical tasks or computers.

A trade shock represented by a liberalization episode decreases the cost of entering the foreign market. More productive firms are then encouraged to modernize their technologies to be competitive. Then technology replacement affects mainly low-skilled workers for their physical skills are less required. This improves the relative wage and employment of women in blue-collar tasks. Authors test their model on firm-level data from Mexico with the North American Free Trade Agreement (NAFTA) between 1992 and 2001. Results show firstly that tariff cuts increase the number of exporting firms, secondly that the upgrading-technology within exporting firms is driven by newly exporting ones. Lastly, female labor outcomes are improving through the growing share of female labor in blue-collar tasks and the increase of female wages.

In this paper, we adopt the approach of ibid. based on technology in order to identify a channel through which gender inequality may be affected. The data at hand in the following section allow us to isolate the technology-level of traded products.

Data

We combine a number of rich data sources together to build the database for this study. Our base dataset is the CEPII (Centre d' Études Prospectives et d'Informations Internationales) BACI database for trade. Our indicator for gender equality standards is the Gender Inequality Index (GII) from the IMF. We also source our control variables from the World Bank.

Our sample is composed by 123 countries (see Table4.3 in appendix)

Trade Flows

Our trade flow data comes from the BACI dataset which is an international trade database at the product level. The database covers more than 200 countries and provides disaggregated data on bilateral trade flows for more than 5000 products. The dataset is built directly from the data reported to the UN Comtrade by each country. One of the main advantages of the BACI dataset is that it uses a procedure to reconcile the declarations of the exporter and importer and harmonizes information which may have been different in the original data. This approach resolves discrepancies and makes the data more reliable. The procedure involves estimating and removing CIF (cost, insurance and freight) from import values to compute FOB (free on board) import values. The BACI also takes into account the reliability of a country in it's reporting of trade data. Countries which tend to report data that is very different than that of its trade partners, are considered less reliable and granted a lower weight in the calculation of the reconciled trade flow value. Furthermore, products are classified according to the HS (Harmonized System) nomenclature, at the 6-digit level. This is the finest level of disaggregation available which is similar across all countries. Given that our data runs from 1997 to 2013, we use the HS07 revision as it is the most pertinent for that period. Consequently, we convert the HS96 data, which was pre-2007, to HS07 to harmonize the classification across time.

Gender Inequality Index

In order to measure gender inequalities, we use the Gender Inequality Index (GII, 2010) developed by the UNDP. The index groups three dimensions capturing women's disadvantage, i.e. reproductive health, empowerment and labour market. First, reproductive health is based on two indicators which are the maternal mortality ratio and the adolescent fertility ratio. The first one is an indicator of women's status in society by reflecting women conditions during childbirth. The other measures the fertility rate for 15-19 year olds girls for shedding light on their future opportunities, i.e. child rearing when being young may prevent access to higher educational attainment which reduces the scope of professional possibilities.

Second, empowerment captures educational attainment from secondary education as well as the share of female and male seats in parliament. Such a measure reflects women's visibility and leadership in a society via political positions and high educational attainment leading to better positions. Third, labour market measures economic activity through the labor force participation rate. Even if the female labor force participation is not totally accurate because of women's unpaid work, i.e. home and family work, the rate reflects the degree of economic activity between men and women.

Since 2010, the formula for computing the GII has evolved. The latest version is based on five steps (See technical note of UNDP for GII). The first one is treating zeros and extreme values. While the use of the geometric mean is impossible with zero values, maternal mortality ratio is right truncated for simplicity, i.e. countries for which maternal mortality ratios exceed 1,000 report similar conditions and support for maternal health. The second one aggregates the three dimensions by gender using geometric means. Such a transformation makes the GII association-sensitive [START_REF] Seth | A class of association sensitive multidimensional welfare indices[END_REF]. Then the third one aggregates across gender with previous geometric means by the harmonic mean1 . The fourth one calculates the geometric mean of all arithmetic means from indices with both gender. The result is used as a reference standard by aggregating female and male indices with equal weights. The final step compares the harmonic mean (step 3) with the reference standard (step 4) from 0 (no gender inequality across dimensions) to 1 (total gender inequality across dimensions).

Finally, the GII score gives the country's situation in reference to normative ideals, i.e. gender equality [START_REF] Gaye | Measuring key disparities in human development: The gender inequality index[END_REF].

World Bank

The remaining variables used in our estimations are sourced from the World Bank open database. These are the selected control variables used, even if other ones may be relevant2 .

We include measures of trade openness, FDI openness and population. Trade openness here is defined as the sum of exports and imports divided by GDP. The value of exports and imports is provided by the BACI database while the GDP is taken from the World Bank.

Similarly, FDI openness is defined as the FDI inflows divided by GDP. FDI inflows refers to direct investment equity flows, of 10 percent or more of the ordinary shares of voting stock, into the reporting economy. This data is also obtained from the World Bank database which is aggregated from the IMF. All data is annual.

Technology Classification

The literature documents that a technology upgrading channel exists for explaining the effect of trade on gender inequality. In their survey, [START_REF] Juhn | Men, women, and machines: How trade impacts gender inequality[END_REF] advance that import increases competition while export enhanced market opportunities. Firms are then encouraged to upgrade their technologies via trade for becoming more competitive. They show that this effect is mainly driven by exporting firms. This paper examines if a spillover effect of technology upgrading exist via trade. Henceforth, we use the UNCTAD Skill and Technology Classification of products in order to isolate the effect of each level of technology.

The UNCTAD classification is unique in that it accounts for the mix of skill, technology, capital and scale requirements at the final product stage (see [START_REF] Klotz | ITC assessment of the technology level of exports: methodology and analytical issues[END_REF]. Products are grouped into six different categories; high-technology, medium-technology, and lowtechnology, resource-intensive, mineral-fuel and non-fuel commodities. The UNCTAD is especially useful as it allows for both differentiating between technology-intense products and non-tech products, as well as within technology-intense products. High-tech products include optical, measuring and medical instruments, chemical manufactures, plastics and rubber.

Medium-tech products include machinery, mechanical appliances and electrical equipment.

Low-tech products include based metals, vehicle, aircraft and vessels products as well as other transport equipment. Resource-intensive products include textiles, footwear, leather, wood and paper, stone and plaster, precious stone or metal, and miscellaneous manufactured articles. Non-fuel products include vegetable, animal and oil products, prepared foodstuffs, tobacco manufactures, and mineral products. Lastly mineral-fuel products include arms and ammunition and works of art. An exhaustive list of products by technology classification can be found in the appendix. We use the classification in ibid. to match HS sections to the corresponding UNCTAD technology product classification. We consider a section with a majority of products belonging to a specific classification to be entirely categorized under that classification. Table4.4 in appendix details the HS sections under each technological category according to our final classification. Table4.6 in the appendix presents the correlation matrix amongst the technology classification spatial lag variables. Table 4.8 in appendix, for its part, provides a basic summary of descriptive statistics. It should be noted that our panel is balanced, the difference in number of observations for spatial lag variables and all other variables is simply due to the one year lag.

Empirical Application

Spatial Econometrics

The majority of existing literature investigates the effect of trade on gender inequality by considering this effect to be endogenously determined within each country. However, trade induces a globalization process where all countries are connected via trade exchanges and trade agreements. Such a connection between trading partners may play a role in influencing the global trend observed, i.e. a decrease gender inequality. In this study, we examine if a spillover effect of trade mechanisms on gender inequalities exists between trading partners. We use technology-level product categories to deepen our analysis on the technology upgrading channel3 by isolating the effects of each technology. Thus, we adopt a spatial econometrics approach in order to identify a spillover effect of technology upgrading channel between trading partners.

In a globalizing world, economists face difficulties to study economic activity based on a unique area. Since the 1990's, the field of spatial economics, commonly known as new economic geography, has been growing. Economists have developed different spatial approaches from regional economics through urban economics to transportation economics (see [START_REF] Proost | What can be learned from spatial economics?[END_REF] for a survey). Most recently, notions of space are taken into account in other economics fields. The gravity law connecting bilateral trade to GDP and the distance between countries is considered as empirical evidence in the literature [START_REF] Frankel | Does trade cause growth?[END_REF][START_REF] Head | Gravity equations: Workhorse, toolkit, and cookbook[END_REF]. Spatial analyses show the existence of spatial clusters which make cross sectional units dependent on one other. First Anselin, 1988 and[START_REF] Lesage | The theory and practice of spatial econometrics[END_REF] have popularized spatial econometric methods for estimating spillover effects resulting from spatial correlations. The latter can take two forms. The first one is the spatial lag model where a spatial lag of the dependent variable is included as an explanatory variable. In this case, the dependent variable will be partially explained by all dependent variables with which it is connected. The second one is the spatial error model in which spatial correlation between residuals is considered.

While most spatial studies are based on geographic spatial correlations, we decide to adjust the spatial lag model to consider economic notions of space to identify a cross-country spillover effect of gender standards via trade linkages. We first investigate for spatial autocorrelation, i.e. the concept that objects "closer" to each other tend to be more similar, with respect to a specific attribute, than distant ones. The presence of spatial autocorrelation has also been taken to be a sign that further investigation is required to understand the reasons behind such spatial variation [START_REF] Cliff | Spatial processes: models & applications[END_REF]. We use a global Moran's index which provides an "average" picture of the spatial distribution of the GII. Table 4.9 indicates positive spatial autocorrelation in bilateral, import and export trade meaning "nearby" regions tend to exhibit similar values of gender inequality. We then spatially lagged variables for trade exchanges which are included as main explanatory variables in our model. They are lagged by one year since we consider that they could not exert a contemporaneous effect. Even though trading partners are connected among them, we also consider that a major trading partner's influence is greater than a minor trading partner's one. Accordingly, the spatial lagged variable for trade is defined as k W T E ikt-1 GII kt-1 . Where W is the spatial weighting matrix containing all trade weights associated with the share of each trading partner of the country i 's total trade under observation. In this respect, regional trade are taken into account since intensive trade between countries within a regional trade agreement is more weighted than other trade exchanges outside the agreement. The spatial lagged variable then captures the average effect of GII from country i 's trading partners', weighted by trade linkages in term of quantity, on the GII from country i . Even if the trade literature shows evidence that exporting encourages firms to upgrade their technologies, increased competition from imports can also be an incentive for firms to invest in technologies Pieters, 2015.

Trade relationships are then disaggregated in order to identify a specific channel responsible for a spillover effect. Here, the estimation process is divided into three stages with only one spatial trade exchanges variable in order to avoid multicollinearity issues (see Table 4.6 for UNCTAD and Table 4.7 for OECD correlation matrices).

First we run a model with spatial bilateral trade. Then, we do this twice again with spatial imports and spatial exports instead of spatial bilateral trade. Finally we decompose imports and exports by each product category according to UNCTAD and repeat the operation for all spatial product categories (see 4.1).

Finally, the following spatial autoregressive model in equation (4.1) is estimated at each stage of the estimation process. k W T E ikt-1 GII kt-1 successively taking values of spatial lagged bilateral trade, spatial lagged exports, spatial lagged imports and the spatial lagged of each product technology category for exports and imports:

GII i,t = β 1 GII it-1 + β 3 k W T E ikt-1 GII kt-1 + β 4 F DI openness it + β 5 T rade openness it + β 6 lnpopulation it + γ t + α i + ϵ it , (4.1)
where k W T E ikt-1 GII kt-1 is the spatial lagged trade variable for trade exchanges (TE) as explained above, γ t represents country fixed effects, α i time fixed effects and ϵ it as the error term. F DI openness it and T rade openness it are computed by dividing FDI inflows and Trade by the GDP of the country of observation.

Empirical Strategy

Econometric analysis of time and space simultaneously is scarce in the economics literature.

The presence of a dynamic process combined with spatial effects can lead to endogeneity issues such as measurement errors, variable omission and simultaneity relationships. Regarding equation (4.1), spatial lagged variables are not strictly endogenous but predetermined which means that they are potentially correlated to lagged values of the residuals [START_REF] Arellano | Dynamic Panel Data Models II: Lags and Predetermined Variables1[END_REF]. For its part, the autoregressive term is strictly endogenous. Accordingly, OLS estimation becomes inconsistent and biased. The literature suggests a limited number of estimators that can handle space and time in a panel. J Paul [START_REF] Elhorst | Specification and estimation of spatial panel data models[END_REF]Elhorst, , 2005 for the spatial lagged variables. We use system-GMM estimators [START_REF] Arellano | Another look at the instrumental variable estimation of error components models[END_REF][START_REF] Blundell | Initial conditions and moment restrictions in dynamic panel data models[END_REF] for the simplicity of their implementation and their suitability to the GII. The methodology of [START_REF] Ahn | Efficient estimation of models for dynamic panel data[END_REF] adds nonlinear moment conditions to basic linear moment conditions to improve the estimators' efficiency, in particular when the autoregressive coefficient is close to unity, i.e. this is our case with the GII (see ibid.).

System-GMM procedure estimates a system of two equations: a first one is in levels and another is first-differenced to control for individual fixed effects, i.e. country fixed effects.

While lagged first-differences from the first-differenced equation are used as instruments for the level equation, lagged levels from the levels equation are used as instruments for the first-differenced equation. Therefore, instruments of one equation are strongly correlated with explanatory variables from the other but not with its residuals. In the literature, articles estimating a dynamic spatial panel model with endogenous explanatory variables apply system-GMM (see [START_REF] Foucault | Public spending interactions and local politics. Empirical evidence from French municipalities[END_REF][START_REF] Heid | Income and democracy: Evidence from system GMM estimates[END_REF][START_REF] Hong | Location of foreign direct investment in China: a spatial dynamic panel data analysis by country of origin[END_REF][START_REF] Madariaga | FDI in Chinese cities: Spillovers and impact on growth[END_REF]. Our GII equation (4.1) is estimated with non-linear system-GMM estimators but we still used system-GMM with linear moment conditions to control for the required assumption of serially uncorrelated idiosyncratic errors. Panel fixed effects regressions are also used in order to provide robustness estimations. For linear and non-linear system-GMM estimations, we use 10 lagged values of variables as instruments4 for the first difference equation which we collapse following [START_REF] Roodman | A note on the theme of too many instruments[END_REF][START_REF] Kiviet | Reassessment of classic case studies in labor economics with new instrumentfree methods[END_REF] Restriction and collapsing of instruments allows to avoid the weak instrument bias since it is very unlikely that lagged values far in the past are strongly correlated with present value (Roodman, 2007). The equation in level used no lag as it is usually used in the literature: we estimate the level equation instrumented by first difference equation variables. As a common rule of thumb, our number of instruments is lower than our number of groups (country) for solving the problem of overidentification. All our regressions results indicate the absence of serially correlated idiosyncratic errors (AR2)5 as well as the validity of instruments (HS1/HS2)6 

Empirical Results

In this section, we discuss the results obtained from the empirical approach provided in the previous section. Our estimation process is divided into three stages. We start by reporting the spatial effect of trade linkages on gender standards at the bilateral trade level, followed by an analysis of the effect of the export and import channels. We then leverage our sample to study how the spatial effect of trade linkages differs at the product level according to technological classification. The interpretation of results is very important regarding the data context (see subsection 4.3.2). Basically, regression coefficients signs give the direction of the correlation between the explanatory variable and the explained one. However and apart from a few minor exceptions, the global trend of the gender inequality index over the period of observation is decreasing (see [START_REF] Stotsky | Trends in gender equality and women's advancement[END_REF]. This stylized fact suggests that our results can be interpreted only in the sense of reducing gender inequality, i.e. higher gender equality abroad spills over via trade into higher domestic gender equality. In fact, we do not observe more than a half of trading partners of a country with increasing GII. of population in spilling over gender equality. Similarly, we find an effect of FDI openness on GII only in panel fixed effect regressions. The existing literature also does not report evidence of FDI openness exerting any substantial influence on gender equality [START_REF] Neumayer | Globalization and the empowerment of women: an analysis of spatial dependence via trade and foreign direct investment[END_REF][START_REF] Wang | Bringing the State Back In": Explaining Women's Economic Empowerment in an Era of Globalization[END_REF]. We interpret that as a further indicator that relationships within a trade network matter more for the diffusion of gender standards than the degree of openness and population within a country. After illustrating the importance of imports in the technology upgrading channel, we seek to identify if a level of technology drives the results. According to the literature on globalization and gender, the majority of channels by which trade liberalization can reduce gender inequalities depend on particular industries [START_REF] Pieters | Trade liberalization and gender inequality: Can free-trade policies help to reduce gender inequalities in employment and wages?[END_REF]. The CEPII database provides bilateral trade flows at the product level which are identified using the Harmonized System (HS). By controlling for the product category, we can therefore distinguish transmission channels. We use the UNCTAD skill and technology intensity classification to create spatial trade exchange variables by product technology level. This allows us to study the spatial effect of each product technology category: high-tech, medium-tech, low-tech, resource-intensive, mineral fuel and non-fuel products. The following subsections shed light on specific transmission channels which may play a role in the cross-country transmission of gender standards. Such channels are consistent with the GII's composition. The technological upgrading mechanism is based on female labor force participation which is composed in the GII's dimension of economic activity. Moroever, the technology revolution mechanism is related to the economic activity dimension but also to the reproductive health dimension through the adolescent fertility ratio. It is also related to the women empowerment dimension through educational attainment. Accordingly, the GII reflects gender equality as a social norm depending on various gender measures.

Technological Upgrading

The technological upgrading channel operating in industries aligns with our results. The notion of trade stimulating technological upgrading has been previously documented in the literature. Increased import competition can induce firms to invest in technological upgrading in order to better their competitive standing which can improve gender standards [START_REF] Pieters | Trade liberalization and gender inequality: Can free-trade policies help to reduce gender inequalities in employment and wages?[END_REF]. By comparing the content of women's work to that of men in West Germany, [START_REF] Black | Importing equality? The impact of globalization on gender discrimination[END_REF] examine the role of task changes on the gender wage gap. They find that task changes have been more important for women than men over the period 1979-1999.

Such findings are mainly explained by the decline in routine tasks experienced by women.

Authors show that task changes account for 41 percent of the closing gender wage gap. This phenomenon is observed more quickly in occupations in which computers have been increas- In this respect, Table 4.1 reports a strong and positive spatial effect of medium tech product imports in each column. In our linear sytem-GMM estimation, we observe that a one point increase in the imports of medium-tech products from higher GII countries will spillover into an 0.065 increase in the GII for home countries. We find a very similar coefficient of 0.062 in the non-linear system-GMM estimation as well. This robust effect is validated across all three estimations. This technology level category is composed by machinery, mechanical and electrical equipment and data processing equipment (such as computers, phones, etc.). These results are consistent with the technological upgrading effect whereby access to electrical machines and computers increases the relative productivity of women. With better equipment, jobs become less physically demanding allowing for greater female inclusion. Moreover, our findings show that this effect of gender equality standard spillovers are driven by medium-tech products in upper middle income countries and by hightech products when considering both upper and upper middle income countries. The results in Table 4.20 demonstrate this effect with positively significant coefficients across all three estimations. As said in Pieters, 2015, the technology upgrading channel is more suitable to developing countries that import from developed ones. However, the period of observation indicates a global increasing trend in technological innovation. [START_REF] Amil | Evolution of high-technology manufacturing and knowledge-intensive services[END_REF] show that the trend for high-tech is clearly increasing since the mid-1990's with a peak around the year 2000 driven by office machinery, computers, TV, radio and communication equipment and a steady growth of pharmaceuticals7 .

Technology Revolution Effects

Beyond the notion of technological upgrading in industries, our results point towards a deeper effect of technology on gender equality standards. While technological upgrading certainly has an impact on the sector and industry level, our findings suggest that technology may have an impact at the household and government level as well. Hence, a technology revolution channel based on firms, households and governments behaviors may play a role in our results.

Female Opportunity Cost

At the individual level, the literature documents that women face an opportunity cost for having children. [START_REF] Do | Comparative advantage, international trade, and fertility[END_REF] show that countries with a comparative advantage in femaleintensive sectors report lower fertility rate. In fact, the opportunity cost for having children is related to the notion of time since they remain the main provider of child-rearing and household tasks. Women shoulder a much larger load of the house work: they conduct 76 percent of the total amount of care work, triple that of men [START_REF] Bonnet | Women and men in the informal economy: A statistical brief[END_REF].

Furthermore, 25 percent of women in the EU state their care and personal responsibilities as the reason for not partaking in the job market, contrary to only 3 percent of men (Women, 2015). In advanced economies, working women demand for more job flexibility in order to ensure their caretaker functions [START_REF] Bertrand | Coase lecture-the glass ceiling[END_REF]. On the contrary, in laggards economies, the absence of contraceptive methods may force women and girls to stay home to take care of their children [START_REF] Gaye | Measuring key disparities in human development: The gender inequality index[END_REF]. Accordingly, a technology revolution effect in advanced or laggard economies may explain a change in the opportunity cost for having children. On the one hand, availing contraceptive methods can allow young women to study and improve their job opportunities [START_REF] Goldin | Career and Marriage in the Age of the Pill[END_REF]. As a result, with increased access to high-tech products, improvements can be made in the reproductive health of women and indirectly in female educational attainment. One the other hand, the rise of household appliances8 enable a great amount of time savings to be made by improving the efficiency of household tasks. The result is more time for household workers, traditionally women, to partake in other activities.

Our results align with these mechanisms since we find positive spatial effects of medium tech and high tech product imports for panel, linear and non-linear system-GMM regressions. The medium tech products category includes household equipment and the high tech products category includes medical/surgical instruments, medicament and contraceptive methods. Results for the medium tech products category are presented in subsection4.5.2.

Concerning high tech products, our linear system-GMM estimation shows that a one point increase in high tech product imports from countries with higher GIIs increase the GII by 0.046, a similar coefficient of 0.037 is found in the non-linear system-GMM estimation. Panel fixed effect regressions also reports a positive and significant effect of the spatial lag variable of high-tech product imports.

Governmental Actions

At the country level, the literature documents that arms and ammunition may play a role on gender inequality. In fact, the defense expenditure of a country is divided into two components: arms/ammunition and military technology. Considered as high-technology, the latter often requires important investments in R&D departments. Products such as electronic systems, night-vision devices, holographic sights and laser rangefinders are included in high and medium tech products, i.e. optical and photographic equipment, electrical machinery and data processing equipment. Hence, the import of arms and ammunition is correlated with that of military technology from high and medium tech products. In their article, [START_REF] Moretti | The intellectual spoils of war? defense r&d, productivity and international spillovers[END_REF] examine the impact of public defense R&D spending on private R&D spending and productivity. They find that public defense spending leads to an increase in a country's total expenditures on innovation in a given country. Considering imports as being part of expenditure, the spillover effect can apply here. The indirect channel of arms and ammunition imports is also explained as the technology upgrading channel: the private technological change resulting from public defense spending steadily increases the relative productivity of women; i.e. high investments in R&D allows for more suitable technology upgrading throughout the entire economy over the long-term (M. [START_REF] Falk | R&D spending in the high-tech sector and economic growth[END_REF]. As seen in Table 4.1, our system-GMM estimations show that imports of mineral products from countries with higher GIIs increase the domestic GII by 0.019 and 0.020 when increasing by one unit for non-linear and linear system-GMM estimations respectively. Similarly, we find a positive and significant effect for high-tech product imports in the panel-fixed effect estimation. Overall, by allocating resources to high-technology sectors, countries can improve their productivity levels and competitiveness. This helps reduce gender inequalities and improve the GII score across the different dimensions as well.

No Effect

One perhaps surprising result is the insignificant spatial effect of exports on the GII. The literature documents that export stimulates female employments through technology and competition [START_REF] Juhn | Men, women, and machines: How trade impacts gender inequality[END_REF]. However, employment in the export sector may be detrimental to gender equality if poor working conditions and low wages are part of a larger strategy to minimize costs. This is especially pertinent for workers in the informal sector who have no control over working conditions under their subcontracting agreements [START_REF] Carr | Globalization, social exclusion and gender[END_REF]. Despite such unfavorable conditions, women are often forced to accept their only possible paid employment due to family duties or social norms [START_REF] Balakrishnan | The hidden assembly line: Gender dynamics of subcontracted work in a global economy[END_REF].

Moreover, accelerating female employment through exports is not common in agricultural economies as women are crowded out of commercial crops [START_REF] Wold | Supply response in a gender-perspective: the case of structural adjustment in Zambia[END_REF]). Women's care responsibilities also play a role in seizing new opportunities in the export sector. Exporting sectors show that female labor participation in trade related opportunities was dependent upon having another female household member to share the responsibilities with [START_REF] Katz | Gender and trade within the household: Observations from rural Guatemala[END_REF]. Indeed informal work arrangements have increased in the race for more flexibility, disproportionately affecting women. Increased flexibility can also mean greater turnover and job insecurity for women [START_REF] Barrientos | The gender dimensions of the globalization of production[END_REF].

Lastly, we find no significant robust effect for low-tech, resource-intensive and non-fuel product imports. Low-tech products include base metals and transport related equipment which is very male-intensive [START_REF] Pieters | Trade liberalization and gender inequality: Can free-trade policies help to reduce gender inequalities in employment and wages?[END_REF]. Similarly, the resource-intensive products are primarily manufacturing related products which are industries dominated by men, save for textiles. Meanwhile, non-fuel products are mainly agricultural related products which are also male-intensive industries and much less likely to benefit women [START_REF] Wold | Supply response in a gender-perspective: the case of structural adjustment in Zambia[END_REF]. All detailed tables for results are presented in appendix (see in appendix Tables4.13-4.18)

Concluding Remarks

An important political debate is in progress regarding the impact of globalization on gender inequality across the world. While the existing literature provides evidence that trade liberalization affects gender outcomes, this paper shows that trade actors may also play a role in reducing gender inequality.

Using panel data from 1997-2013 across 123 countries, we adopt a spatial model to identify gender norm spillovers between trading partners. Trade relationships are disaggregated by technology-level products since technological upgrading within firms is known to affect gender inequality [START_REF] Juhn | Men, women, and machines: How trade impacts gender inequality[END_REF]. Our results indicate that a spillover phenomenon of gender equality is observed from the imports of high tech, medium tech and mineral products from more gender-equal partners. Such findings are consistent with a technological upgrading phenomenon since imported office/industry and agricultural machines increase the relative productivity of women. Our results show that gender spillovers appear to be driven by medium-tech products in upper middle income countries and by high-tech products when considering both upper and upper middle income countries. However, results suggest that a larger phenomenon is at hand. A technological revolution occurs within households and governments. First, the importation of advanced technologies changes the female opportunity cost for having children. The access to contraceptive methods allows a fertility control in laggard economies while the increasing use of household appliances enables women to reallocate their time outside the home in advanced economies [START_REF] Goldin | Career and Marriage in the Age of the Pill[END_REF][START_REF] Greenwood | Engines of liberation[END_REF]. Women are therefore encouraged to study or work. Second, government spending in military technology requires high investments in public R&D which spill over onto private R&D [START_REF] Moretti | The intellectual spoils of war? defense r&d, productivity and international spillovers[END_REF].

Our results are intuitive and consistent with the observed declining trend of gender inequality around the world [START_REF] Stotsky | Trends in gender equality and women's advancement[END_REF]. This paper shows that the characteristics of trading partners matter for reducing gender inequality within a country. Even though our measure of gender inequality covers all possibilities of observed gender disparities, there is still a need for further research to isolate each component of gender disparity outcomes in order to identify more specific transmission channels at hand. 

Technology Classification

R ésum é en Franc ¸ais

Cette thèse propose une analyse des différences de genre. Le chapitre 1 suggère une extension de la méthode de décomposition RIF afin de prendre en compte les biais de sélection. L'extension est utilisée pour estimer l'écart de salaire genré français à chaque quantile de la distribution. Je montre que l'écart de salaire genré est plus élevé tout le long de la distribution lorsque la sélection en temps-plein est prise en compte. La situation professionnelle est la variable principale qui affecte l'écart à travers la structure de salaire. Le chapitre 2 examine l'aversion au risque de binômes de candidats dans une émission de jeu. Consideré comme un facteur responsable des inégalités de genre, nous ne trouvons pas de différence entre les binômes féminin et les autres. Cependant, nous montrons que les binômes jouant au jeu en ligne pendant le Covid-19 sont plus averse au risque. Les résultats apportent la preuve d'une pression sociale via les spectateurs qui encouragent les candidats plus averses au risque comme les femmes à prendre des décisions plus risquées. Le chapitre 3 évalue l'impact des partenaires commerciaux sur les inégalités de genre nationales. Nous adaptons un modèle spatiale au commerce international et décomposons les flux commerciaux en biens technologiques. Nos résultats impliquent qu'une égalité des genres plus élevée à l'étranger se diffuse via l'import de biens de moyenne/haute technologie et de biens minéraux en une égalités des genres nationale plus élevée. Cette conclusion suggère qu'une révolution technologique est à l'oeuvre en impactant l'automatisation des femmes dans les entreprises, les foyers et les gouvernements.

  use the influence function (IF) which is a robustness tool that measures the influence of an individual observation on the statistics, Q τ , of the variable of interest, Y . By adding the statistics Q τ to the IF, the authors define the recentered influence function (RIF) as

3 and

 3 Table4.4 report means and difference for unobservables responsible for full-time employment 21 . Accordingly, the sample size for this stage increases to 12255 individuals by including part-time employees (see selection eq. 2.10). Table4.3 reports means and differences for the selection analysis. First, the proportion of part-time individuals is substantially different from men to women. When 20.51% of women work part-time, they are only 2.35%
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 3 Figures2.3-2.4 report the overall fitness of models. Accounting for selectivity improves the composition part since the specification error has less effect along the wage distribution.
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  trading partner has a bigger influence than a minor one. Using a panel of country level data from 1997-2013 across 123 countries, results indicate that the import of medium-tech products, high-tech and mineral-fuel products play a significant role in the diffusion of gender standards.The literature reports mixed evidence on the effect of a trade shock on gender inequalities. On the one hand, trade can have negative effects on gender inequalities through a decline of female productivity, a reduction of female labor market opportunities and a decrease of female labor force participation. From 1990 to 2007, Sauré et al., 2014 document that the gender wage gap increases and female labor force participation falls in the US when trade with Mexico expands in female-intensive sectors, i.e. sectors that use female labor intensively. More recently, Keller et al., 2018 argue that Chinese import competition leads to an increase in gender inequality in Denmark over the period from 1999-2009 by reducing labor market opportunities. Hakobyan et al., 2018 also examine the North American Free Trade Agreement (NAFTA) in 1999-2000 and show evidence of the relationship between tariff reductions and the reduced wage growth of married blue-collar women in the US.

  this mechanism developed by Becker in the US by examining the effect of increased competition on discrimination. Considering globalization in the 1980s, authors compare the unexplained part of the gender wage gap computed on full-time workers from concentrated manufacturing industries in 1976 and 1993. With competitive industries used as control, results show that the gender wage gap narrows faster in concentrated manufacturing industries than in competitive ones. Ederington et al., 2009 also examine the Becker theory using trade liberalization which affects firms in Colombia between 1984 and

Furthermore

  , we use the OECD technological classification as well for the purpose of robustness (see Table4.6 in appendix). The classification captures the extent to which an industry uses technology and takes into account the importance of direct and indirect R&D intensity. Direct intensity is measured by weighing each sector with its share in production or value added of all OECD countries. The indirect indicator is obtained from the R&D expenditure in intermediates and capital goods either imported or purchased in the domestic market. The result is a classification into the following: high-tech, medium-high tech, medium-low tech, low tech and other. High-tech products include optical and photographicinstruments. Medium-high tech products include chemical manufactures, machinery, mechanical appliances, electrical equipment, vehicles, vessels, aircrafts, transport equipment and arms and ammunition. Medium-Low tech products include plastics, rubber, stone, cement, glass, ceramics, pearls and base metals. Low tech includes animal products, oils, beverages, tobacco, foodstuffs, wood, textiles, furniture and toys. Lastly, the other products classification includes mineral products, footwear, works of art and antiques. In similar fashion, we follow ibid. to match HS sections to the respective OECD technology classification.
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  developed the ML function by estimating the unconditional loglikelihood of the model in first-difference. Most recently, Yu et al., 2008 propose the quasi-maximum likelihood estimators by maximisation of the concentrated likelihood function of the demeaned model. Then J. Elhorst, 2008 suggested two mixed estimators; the mixed spatial MLE/Spatial Dynamic MLE and the mixed spatial MLE/GMM. Finally, Beenstock et al., 2007 developed a two-step procedure which consists of estimating least-squares dummy variable estimators without the spatial lagged variables and re-estimating the entire model with least-squares dummy variable estimators with estimated values of the dependent variables from the first estimation as instruments

  ingly used. In addition,[START_REF] Bamber | Gender Dynamics and Upgrading in Global Value Chains: The Case of Medical Devices[END_REF] provide insight on how increased technology intensity of products made in a country may affect gender distribution of employment. For this purpose, they analyze Costa Rica and the Dominican Republican in the medical devices manufacturing global value chain from 2004-2011 and 2006-2016 respectively. Results show that the medical devices manufacturing global value chain offers women opportunities to work in the high-tech sector in professional and technical positions.

  

2.3 Empirical Application: The French GWG of the private sector in 2006 2.3.1 Data Description

  

	. (2.16)
	Specif ication Error
	The empirical application of the decomposition methodology is based on the "Organisational
	Change and Computerization" survey (OCC) related to the french private sector. This survey
	is published in 2006 as a republishing version of the 1996 one. Jointly conducted by INSEE
	and DARES, the OCC provides broad information on employees' characteristics as well as
	firms' features. By removing observations with missing values on variables of interest, the
	sample is composed by 11293 individuals of which 7461 are men and 3832 are women. For

  The covariates use for the gender wage gap estimation are Experience,

	Tenure, Educational attainment, Occupational status, Unionism and Ethnic background for
	employees characteristics and Industry and Workplace for firms features. Except Experience
	and Tenure, all covariates are categorical 19 .

Table 2 .

 2 

	1: Sample Means by Gender
		(1)	(2)	(3)
		Men Women Difference
	Log Hourly Wage	2.86	2.72	0.13***
	Experience	22.21	20.46	1.75***
	Tenure	8.22	7.85	0.37*
	Education			
	Secondary	0.12	0.13	-0.01
	Vocational	0.43	0.30	0.12***
	Baccalaureate	0.16	0.20	-0.03***
	University	0.29	0.37	-0.08***
	Occupation			
	Worker	0.52	0.24	0.27***
	Employee	0.07	0.36	-0.30***
	Intermediate	0.24	0.28	-0.04***
	Executive	0.17	0.11	0.06***
	Unionism			
	Non-unionist	0.82	0.89	-0.07***
	Supporter	0.06	0.04	0.02***
	Unionist	0.11	0.07	0.04***
	Ethnic Background			
	Native Parents	0.79	0.80	-0.01
	Immigrant Parents	0.21	0.20	0.01
	Industry			
	Manufacturing	0.46	0.35	0.11***
	Building	0.10	0.02	0.08***
	Service	0.44	0.63	-0.19***
	Workplace			
	Rural Area	0.28	0.26	0.01
	Urban Area	0.59	0.54	0.05***
	Paris	0.13	0.20	-0.06***
	Observations	7461	3832	11293
	Notes: This table shows descriptive statistics for two samples:
	(1) men working full-time and (2) women working full-time.
	Column (3) reports the difference in means between columns
	(1) and (2). *, ** and *** indicate significance at the 5%, 1%
	and 0.1% levels respectively.		

Table 2 .

 2 2: Sample Mean for Selection by Gender

		Full-time	Part-time	Differences
		Men Women Men Women	Men	Women
		(1)	(2)	(3)	(4)	(3)-(1)	(4)-(2)
	Age	40.42	39.48	39.35	38.73	-1.07	-0.75
	Dependent > 3	0.83	0.87	0.88	0.81	0.04	-0.05***
	Dependent ≤ 3	0.17	0.13	0.13	0.19	-0.04	0.05***
	Single	0.22	0.26	0.43	0.22	0.22***	-0.05**
	Couple	0.78	0.74	0.57	0.78	-0.22***	0.05**
	Dependent	1.15	0.94	0.78	1.36	-0.37*** 0.42***
	Occupation						
	Worker	0.52	0.24	0.48	0.21	-0.04	-0.03*
	Employee	0.07	0.36	0.28	0.48	0.21***	0.12***
	Intermediate	0.24	0.28	0.14	0.23	-0.10***	-0.05**
	Executive	0.17	0.11	0.11	0.07	-0.06**	-0.04***
	Ethnic Background						
	Native Parents	0.79	0.80	0.67	0.77	-0.12**	-0.03
	Immigrant Parents	0.21	0.20	0.33	0.23	0.12**	0.03
	Observations	7461	3832	176	786	7637	4618

Notes: This table shows means for four samples: (1) men working part-time, (2) women working part-time, (3) men working full-time and (
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	3: Probability to Work Full-time
		(1)	(2)
		Men	Women
	Age	-0.006	0.001
		(0.00)	(0.00)
	Dependent ≤ 3	-0.092	-0.088
		(0.11)	(0.07)
	Couple	0.337***	0.003
		(0.09)	(0.06)
	Dependent	0.064	-0.216***
		(0.04)	(0.02)
	Occupation		
	Employee	-0.623*** -0.275***
		(0.09)	(0.06)
	Intermediate	0.168	0.026
		(0.09)	(0.06)
	Executive	0.091	0.171
		(0.10)	(0.09)
	Ethnic Background		
	Immigrant Parents	-0.229**	-0.064
		(0.07)	(0.05)
	Constant	2.053***	1.291***
		(0.14)	(0.12)
	Observations	7637	4618

Notes: This table shows the effect of selected variable on the probability to work full time for (1) men and (2) women. Dependent variable is the probability to work full-time and probit estimations are used. Standard errors are in parentheses. *, ** and *** indicate significance at the 5%, 1% and 0.1% levels respectively.

Table 2 .

 2 4: IMR Computed for Quantiles

		Men	Women
		(1)	(2)
	5 th	-2.176677 -.0557013
	10 th	-1.6901	-.0147644
	15 th	-1.616987 -.0002127
	20 th	-1.591815 .0098571
	25 th	-1.557227 .0111781
	30 th	-1.547945 .0228282
	35 th	-1.546805 .0610365
	40 th	-1.520839 .0638396
	45 th	-1.490132 .0680894
	50 th	-1.452555 .0767684
	55 th	-1.437853 .1132383
	60 th	-1.270369 .1319833
	65 th	-1.20898	.1392571
	70 th	-1.054764 .1979548
	75 th	-.8728976 .2425287
	80 th	-.8578602 .2446925
	85 th	-.7482073 .2518096
	90 th	-.7097432 .2688485
	95 th	-.5921867 .2731726
	Observations	7637	4618

Notes: This table reports the selection effect at each quantile measured by the inverse mills ratio on the log hourly wage, i.e. Heckman two step selection correction. results are depicted for (1) men and (

2

) women.

Table 2 .

 2 5: Descriptive statistics of the gender wage gap for RIF and Reimers RIF regressions

		Observed Reimers Growth
		(1)	(2)	(3)
	th	.081605	.1756037 115.19%
	th	.0870817	.1765771 102.77%
	th	.0909675	.194083	113.35%
	th	.1008743	.1973723	95.66%
	th	.1081062	.20761	92.04%
	th	.1168033	.2263245	93.76%
	th	.1278234	.2274953	77.98%
	th	.1306366	.2339035	79.05%
	th	.1326433	.2365671	78.35%
	th	.1329525	.2370133	78.27%
	th	.1347572	.2384442	76.94%
	th	.1358899	.2424593	78.42%
	th	.138629	.2437362	75.82%
	th	.1410467	.2448312	73.58%
	th	.1431596	.2454297	71.44%
	th	.1472894	.2499331	69.69%
	th	.1708717	.2708548	58.51%
	th	.2111944	.3055167	44.66%
	th	.2302648	.3330961	44.66%
	Observations	11293		

Table 2 .

 2 6: Variables Definition

	Variable	Description
	Log hourly wage	The logarithm of gross hourly wage in euros
	Experience	Number of years after the last diploma obtained by the individual corrected for the average
		maternity leave per child
	Tenure	Number of years the individual has worked for his or her current employer
	Educational attainment	
	Secondary	One if the highest educational attainment of the individual is secondary school, zero other-
		wise
	Technical	One if the highest educational attainment of the individual is technical training, zero oth-
		erwise
	Workplace	
	Rural area	One if the individual works in a rural municipality (less than 2000 inhabitants), zero other-
		wise
	Urban area	One if the individual works in an urban unit (between 2000 and 1999999 inhabitants), zero
		otherwise
	Paris	One if the individual works in the urban area of Paris, zero otherwise
	Unionism	
	Non-unionist	One if the individual is non-unionized, zero otherwise
	Supporter	One if the individual is a union supporter, zero otherwise
	Unionist	One if the individual is unionized, zero otherwise
	Ethnic background	
	Native parents	One if parents of the individual are native-born, zero otherwise
	Immigrant parents	One if at least one parent of the individual is born abroad, zero otherwise
	Age	Age of the individual in years
	Couple life	One if the individual lives with a partner, zero otherwise
	Dependent	Number of people living at the individual's home
	Dependent ≤ 3	One for individual with at least one dependent young child under three years, zero otherwise

Baccalaureate

One if the highest educational attainment of the individual is baccalaureate, zero otherwise University One if the highest educational attainment of the individual is university, zero otherwise Occupational status Executive One if the individual practises an intellectual profession, a scientific profession, a highly specialized occupation or an executive occupation, zero otherwise Intermediate One if the individual practises an intermediate profession between executive and employee, e.g. technician, supervisor, liberal profession, zero otherwise Employee One if the individual practises as an employee or service personnel, zero otherwise Worker One if the individual practises as a skilled worker, unskilled worker or a farm worker, zero otherwise Industry Manufacturing One if the individual works in the manufacturing sector, zero otherwise Building One if the individual works in the building sector, zero otherwise Service One if the individual works in the service sector, zero otherwise

RIF Decomposition -Tables of Results

  

Table 2 .

 2 7: RIF Decomposition without Selection

	Quantiles	10 th	50 th	90 th
	GWG	0.082***	0.147***	0.211***
		(0.01)	(0.01)	(0.01)
	Composition Effect	0.050***	0.035***	0.093***
		(0.01)	(0.01)	(0.02)
	Pure explained	0.055***	0.039***	0.091***
		(0.01)	(0.01)	(0.01)
	Specif. error	-0.005	-0.004	0.002
		(0.01)	(0.01)	(0.01)
	Pure explained			
	Experience	0.006***	0.011***	0.024***
		(0.00)	(0.00)	(0.00)
	Tenure	0.005***	0.004***	0.001
		(0.00)	(0.00)	(0.00)
	Education			
	Secondary	0.003*	0.003*	0.005**
		(0.00)	(0.00)	(0.00)
	Vocational	0.003*	-0.001	-0.008***
		(0.00)	(0.00)	(0.00)
	Baccalaureate	-0.000	-0.000	-0.000
		(0.00)	(0.00)	(0.00)
	University	-0.005*** -0.007*** -0.018***
		(0.00)	(0.00)	(0.00)
	Occupation			
	Worker	-0.019*** -0.063*** -0.097***
		(0.00)	(0.00)	(0.01)
	Employee	0.038***	0.061***	0.117***
		(0.01)	(0.01)	(0.01)
	Intermediate	-0.003*** -0.003***	0.010***
		(0.00)	(0.00)	(0.00)
	Executive	0.007***	0.020***	0.064***
		(0.00)	(0.00)	(0.01)
	Unionism			
	Non-unionist	0.002*	0.003***	0.003
		(0.00)	(0.00)	(0.00)
	Supporter	-0.000	0.000	-0.001
		(0.00)	(0.00)	(0.00)
	Unionist	0.001**	0.002**	0.004*
		(0.00)	(0.00)	(0.00)
	Ethnic Background			
	Native Parents	-0.000	-0.000	0.000
		(0.00)	(0.00)	(0.00)
	Immigrant Parents	-0.000	-0.000	0.000
		(0.00)	(0.00)	(0.00)
	Industry			
	Manufacturing	0.006***	0.009***	0.006**
		(0.00)	(0.00)	(0.00)
	Building	0.002*	-0.001	-0.003
		(0.00)	(0.00)	(0.00)
	Service	0.015***	0.012***	0.003
		(0.00)	(0.00)	(0.00)
	Workplace			
	Rural Area	-0.001*	-0.001**	-0.002*
		(0.00)	(0.00)	(0.00)
	Urban Area	-0.001*	-0.001***	-0.004**
		(0.00)	(0.00)	(0.00)
	Paris	-0.003*** -0.006*** -0.012***
		(0.00)	(0.00)	(0.00)
	Observations	11293	11293	11293

Notes:

Table shows results from the Reimers RIF decomposition at the 10th, 50th, 90th and 98th quantiles. This part of the table focus on the composition effect. Sample is full-time employees from French private sector. Bootstrap standard errors in parentheses, 100 replications. *, ** and *** indicate significance at the 5%, 1% and 0.1% levels respectively.
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 2 8: RIF Decomposition without Selection

		10 th	50 th	90 th
	GWG	0.082***	0.147***	0.211***
		(0.01)	(0.01)	(0.01)
	Wage structure effect	0.032**	0.112***	0.118***
		(0.01)	(0.01)	(0.02)
	Reweight. error	-0.005	-0.007*	-0.005
		(0.00)	(0.00)	(0.00)
	Pure Unexplained	0.037***	0.119***	0.123***
		(0.01)	(0.01)	(0.02)
	Pure Unexplained			
	Experience	0.037	-0.045	0.081*
		(0.03)	(0.02)	(0.04)
	Tenure	0.026*	0.025	0.019
		(0.01)	(0.01)	(0.02)
	Education			
	Secondary	-0.000	0.006	-0.004
		(0.00)	(0.00)	(0.00)
	Vocational	0.005	0.011*	-0.007
		(0.01)	(0.01)	(0.01)
	Baccalaureate	-0.008	-0.005	-0.000
		(0.01)	(0.00)	(0.01)
	University	0.011	-0.022*	0.023
		(0.01)	(0.01)	(0.01)
	Occupation			
	Worker	0.024***	0.020**	-0.029*
		(0.01)	(0.01)	(0.01)
	Employee	-0.030***	-0.006	-0.030
		(0.01)	(0.01)	(0.02)
	Intermediate	0.001	-0.019*** -0.043***
		(0.00)	(0.01)	(0.01)
	Executive	-0.002	0.000	0.039**
		(0.00)	(0.00)	(0.01)
	Unionism			
	Non-unionist	-0.012	-0.038*	-0.004
		(0.02)	(0.02)	(0.03)
	Supporter	0.000	0.001	-0.003
		(0.00)	(0.00)	(0.00)
	Unionist	0.001	0.000	0.005
		(0.00)	(0.00)	(0.00)
	Ethnic Background			
	Native Parents	0.017	0.023*	-0.007
		(0.01)	(0.01)	(0.02)
	Immigrant Parents	-0.004	-0.006*	0.002
		(0.00)	(0.00)	(0.00)
	Industry			
	Manufacturing	-0.005	-0.012	-0.001
		(0.01)	(0.01)	(0.03)
	Building	0.000	0.001	0.001
		(0.00)	(0.00)	(0.00)
	Service	0.004	-0.028	-0.036
		(0.01)	(0.03)	(0.05)
	Workplace			
	Rural Area	0.003	0.008	0.019**
		(0.00)	(0.00)	(0.01)
	Urban Area	-0.021*	0.006	0.024*
		(0.01)	(0.01)	(0.01)
	Paris	0.005	-0.008	-0.023***
		(0.00)	(0.00)	(0.01)
	Constant	-0.015	0.205***	0.096
		(0.05)	(0.05)	(0.10)
	Observations	11293	11293	11293
	Notes: Table shows results from the Reimers RIF decomposi-
	tion for SMF at the 10th, 50th, 90th and 97th quantiles. This
	second part of the table focus on the wage structure effect. Sam-

ple is full-time employees from French private sector. Bootstrap standard errors in parentheses, 100 replications. *, ** and *** indicate significance at the 5%, 1% and 0.1% levels respectively.

Table 2 .

 2 9: RIF Decomposition with Selection

	Quantiles	10 th	50 th	90 th
	GWG	0.176***	0.244***	0.306***
		(0.00)	(0.01)	(0.01)
	Composition Effect	-0.035***	-0.024**	0.088***
		(0.01)	(0.01)	(0.01)
	Pure explained	-0.022*** -0.027***	0.075***
		(0.01)	(0.01)	(0.01)
	Specif. error	-0.013*	0.003	0.012
		(0.01)	(0.00)	(0.01)
	Pure explained			
	Experience	0.006***	0.011***	0.023***
		(0.00)	(0.00)	(0.00)
	Tenure	0.005***	0.004***	0.001
		(0.00)	(0.00)	(0.00)
	Education			
	Secondary	0.003**	0.003***	0.005**
		(0.00)	(0.00)	(0.00)
	Vocational	0.003*	-0.001	-0.008***
		(0.00)	(0.00)	(0.00)
	Baccalaureate	-0.000	-0.000	-0.000
		(0.00)	(0.00)	(0.00)
	University	-0.005*** -0.008*** -0.018***
		(0.00)	(0.00)	(0.00)
	Occupation			
	Worker	-0.037*** -0.072*** -0.094***
		(0.00)	(0.00)	(0.01)
	Employee	-0.016***	0.008	0.101***
		(0.00)	(0.00)	(0.01)
	Intermediate	-0.001*	-0.001*	0.010***
		(0.00)	(0.00)	(0.00)
	Executive	0.004***	0.016***	0.061***
		(0.00)	(0.00)	(0.01)
	Unionism			
	Non-unionist	0.001**	0.003***	0.002
		(0.00)	(0.00)	(0.00)
	Supporter	-0.000	-0.000	-0.001
		(0.00)	(0.00)	(0.00)
	Unionist	0.001***	0.002***	0.003*
		(0.00)	(0.00)	(0.00)
	Ethnic Background			
	Native Parents	-0.000	-0.000	-0.000
		(0.00)	(0.00)	(0.00)
	Immigrant Parents	-0.000	-0.000	-0.000
		(0.00)	(0.00)	(0.00)
	Industry			
	Manufacturing	0.006***	0.009***	0.005***
		(0.00)	(0.00)	(0.00)
	Building	0.001	-0.002*	-0.003
		(0.00)	(0.00)	(0.00)
	Service	0.013***	0.011***	0.002
		(0.00)	(0.00)	(0.00)
	Workplace			
	Rural Area	-0.001	-0.001*	-0.002*
		(0.00)	(0.00)	(0.00)
	Urban Area	-0.001	-0.002***	-0.003*
		(0.00)	(0.00)	(0.00)
	Paris	-0.003*** -0.007*** -0.011***
		(0.00)	(0.00)	(0.00)
	Observations	11293	11293	11293
	Notes: Table shows results from the Reimers RIF decompo-
	sition at the 10th, 50th and 90th quantiles. This part of the
	table focuses on the composition effect. Sample is full-time
	employees from French private sector. Bootstrap standard
	errors in parentheses, 100 replications. *, ** and *** indicate
	significance at the 5%, 1% and 0.1% levels respectively.
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 2 10: RIF Decomposition with Selection

		10 th	50 th	90 th
	GWG	0.176***	0.244***	0.306***
		(0.00)	(0.01)	(0.01)
	Wage structure effect 0.211***	0.268***	0.218***
		(0.01)	(0.01)	(0.02)
	Reweight. error	-0.003	-0.002	-0.004
		(0.00)	(0.00)	(0.00)
	Pure Unexplained	0.214***	0.270***	0.222***
		(0.01)	(0.01)	(0.02)
	Pure Unexplained			
	Experience	0.022	-0.024	0.065
		(0.03)	(0.02)	(0.04)
	Tenure	0.028**	0.021	0.022
		(0.01)	(0.01)	(0.02)
	Education			
	Secondary	-0.005	0.007	-0.005
		(0.00)	(0.00)	(0.01)
	Vocational	0.012*	0.007	-0.008
		(0.00)	(0.00)	(0.01)
	Baccalaureate	-0.001	-0.007*	0.001
		(0.00)	(0.00)	(0.01)
	University	0.002	-0.015	0.023
		(0.01)	(0.01)	(0.01)
	Occupation			
	Worker	-0.018**	0.011*	-0.009
		(0.01)	(0.01)	(0.01)
	Employee	0.026***	0.049***	0.008
		(0.01)	(0.01)	(0.02)
	Intermediate	-0.006	-0.042***	-0.030**
		(0.00)	(0.00)	(0.01)
	Executive	0.002	-0.003	0.014
		(0.00)	(0.00)	(0.01)
	Unionism			
	Non-unionist	-0.012	-0.031*	0.010
		(0.02)	(0.02)	(0.04)
	Supporter	0.000	0.001	-0.003
		(0.00)	(0.00)	(0.00)
	Unionist	0.001	0.001	0.004
		(0.00)	(0.00)	(0.00)
	Ethnic Background			
	Native Parents	-0.020*	-0.007	-0.021
		(0.01)	(0.01)	(0.02)
	Immigrant Parents	0.005*	0.002	0.005
		(0.00)	(0.00)	(0.00)
	Industry			
	Manufacturing	0.009	-0.001	-0.002
		(0.01)	(0.01)	(0.02)
	Building	-0.001	0.000	0.001
		(0.00)	(0.00)	(0.00)
	Service	0.007	-0.009	-0.036
		(0.01)	(0.02)	(0.04)
	Workplace			
	Rural Area	-0.001	0.004	0.018**
		(0.00)	(0.00)	(0.01)
	Urban Area	-0.012	-0.005	0.025*
		(0.01)	(0.01)	(0.01)
	Paris	0.005	-0.001	-0.023***
		(0.00)	(0.00)	(0.01)
	Constant	0.170***	0.313***	0.162*
		(0.05)	(0.05)	(0.08)
		11293	11293	11293
	Notes: Table shows results from the Reimers RIF decompo-
	sition at the 10th, 50th and 90th quantiles. This part of the
	table focuses on the wage structure effect. Sample is full-time

employees from French private sector. Bootstrap standard errors in parentheses, 100 replications. *, ** and *** indicate significance at the 5%, 1% and 0.1% levels respectively.

2.5.

3 Asymptotic Properties: Parametric RIF-OLS Estimators for Selection Control Following

  the section2.3.3, I use a probit model for estimating the IMR inluded in RIF regressions as an explanatory variable. Proofs for asymptotic properties of the RIF-OLS model and its extension with selection correction are given in[START_REF] Firpo | Unconditional quantile regressions[END_REF] and Töpfer (2017) respectively. The RIF-OLS model controlled for selection bias is:
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 3 1: Descriptive Statistics for All Pairs

		Mean Std. Dev. Min.	Max.
		(1)	(2)	(3)	(4)
	Pre-Banco (PB): 6 Questions for e150		
	Number of Correct Answers:				
	4 or less	0.201	0.40		
	5	0.394	0.49		
	6	0.405	0.49		
	Number of Retake Questions 1.598	1.15	0.00	5.00
	Number of Errors	9.996	4.11	3.00	46.00
	Gains in e	123.02	27.97	30.00 150.00
	Observations	1,571			
	Banco (B): 1 Question for e500			
	Entry Decision	1.000			
	Reaction Time in Seconds	28.450	17.37	0.00	60.00
	Success	0.719	0.45	0.00	1.00
	Observations	1,213			
	Sup-Banco (SB): 1 Question for e1000		
	Entry Decision	0.804	0.40	0.00	1.00
	Success	0.549	0.50	0.00	1.00
	Observations	701			
	Overall Gain in e	308.78	411.80	0.00 1000.00

Notes: Descriptive statistics of all pairs between 2011 and 2021. Col. 1: Mean; Col. 2: Standard deviation; Col. 3: Minimum; Col. 4: Maximum. During the pre-Banco, pairs have 30 seconds to respond correctly to each question. For each question they fail, they are offered a second chance. Candidates may enter the Banco in two cases: (1) if they answer all 6 questions correctly or (

Table 3 .

 3 

		2: Candidate's Characteristics	
		Mean Std. Dev. Min. Max.
		(1)	(2)	(3)	(4)
	Male	0.705	0.46	0.00	1.00
	Occupation:				
	Employed	0.519	0.50	0.00	1.00
	Unemployed	0.457	0.50	0.00	1.00
	Undefined	0.025	0.15	0.00	1.00
	Observations 3142			
	Notes: Descriptive statistics of contestants between 2011
	and 2021. Col. 1: Mean; Col. 2: Standard deviation;
	Col. 3: Minimum; Col. 4: Maximum.		

Table 3 .

 3 3: Descriptive Statistics on Online versus Offline Pairs

			Mean Offline				Mean Online	
	Pairs	MM	FF	FM	Diff.	FM	Diff.
		(1)	(2)	(3)	(2)-(1) (3)-(1)	(4)	(4)-(3)
	Pre-Banco (PB): 6 Questions for 150 e					
	Number of Correct Answers:							
	4 or less	0.204	0.200	0.193	-0.004 -0.012	0.242	-0.050
	5	0.394	0.385	0.397	-0.010	0.002	0.379	-0.018
	6	0.401	0.415	0.411	0.014	0.009	0.379	-0.032
	Gain in e	123.13 122.31 123.60	-0.82	0.47	118.42	-5.17
	Banco (B): 1 Question for e500						
	Entry Decision	1.000	1.000	1.000	0.000	0.000	1.000	-0.000
	Success	0.724	0.604	0.721	-0.120 -0.004	0.743	0.022
	Gain in e	362.13 302.08 360.25 -60.05	-1.88	371.43	11.174
	Sup-Banco (SB): 1 Question for e1000					
	Entry Decision	0.825	0.759	0.814	-0.066 -0.011	0.596	-0.217 a
	Success	0.572	0.500	0.533	-0.072 -0.040	0.516	-0.016
	Gain in e	572.31 500.00 532.51 -72.31 -39.80	516.13	-16.379
	Overall Gain in e	323.12 262.00 301.33 -61.12 -21.79	288.63	-12.70
	Overall Observations	710	65	701			95	
	In-game Confidence Measures of Candidates Qualified for the Super Banco	
	No. of Retake Questions (PB) 1.183	1.103	1.179	-0.079 -0.004	1.577	-0.398 b
	No. of Errors (PB)	8.711	9.000	9.748	0.289	1.037 a	11.827	-2.079 a
	Reaction Time (B)	20.780 21.528 21.459	0.748	0.679	40.006	-18.547 a

Notes: Descriptive statistics between 2011 and 2021 on (1) male teams (MM), (2) female teams (FF), (

3

) mixed in-person teams, (4) mixed online teams. Columns 1 to 4 show average values. The other columns report t-tests of the difference in means between different samples. a and b indicate significance at the 1% and 5% level, respectively. 'No.' is short for number.

Table 3 .

 3 

	4: Performance in Qualifying Rounds		
		First Round: Pre-Banco	Second Round: Banco
	Dependent Variable		Log (Gains)	Probability of Winning e500
		(1)	(2)	(3)	(4)	(5)
	Online	-0.055	-0.091 a	0.025 a -0.023 a	0.035 a
		(0.02)	(0.00)	(0.00)	(0.00)	(0.00)
	Pair Demographics:					
	Both Male		-0.004		0.002	-0.013 a
			(0.00)		(0.00)	(0.00)
	Both Female		-0.021	-0.130 c	-0.154 a
			(0.01)		(0.07)	(0.06)
	Both Employed		-0.024		0.020	0.017
			(0.02)		(0.03)	(0.02)
	Both Unemployed		-0.013		-0.007	-0.003
			(0.01)		(0.02)	(0.01)
	In-game Confidence Measures:					
	No. of Retake Questions (PB)					-0.065 a
						(0.01)
	No. of Errors (PB)					-0.013 a
						(0.00)
	Observations	1,571	1,571	1,213	1,213	1,213
	Fixed Effects					
	Regions (4 Categories)	-	Yes	-	Yes	Yes
	Question Types (4 Categories)	-	-	Yes	Yes	Yes

Table 3 .

 3 5: Entry and Performance in the Super Banco

	Probability of

Table 3

 3 Odds ratios of logit regressions. The dependent variable is the probability to answer correctly to the Banco. PB means pre-Banco. Question categories fixed effects are also included in all columns 3 to 6. a , b and c indicate significance at the 1%, 5% and 10% levels respectively. The standard errors are clustered at the urban/rural/online level.

	.6: Performance in the Banco -Odds Ratios
		Second Round: Banco -Odds Ratios
	Dependent Variable	Probability of Winning e500
		(1)	(2)	(3)
	Online	1.138 a 0.883 a	1.230 a
		(0.02) (0.02)	(0.02)
	Pair Demographics:			
	Both Male		1.008	0.934 a
			(0.01)	(0.02)
	Both Female		0.557 b	0.497 a
			(0.16)	(0.12)
	Both Employed		1.105	1.088
			(0.15)	(0.12)
	Both Unemployed		0.968	0.984
			(0.09)	(0.07)
	In-game Confidence Measures:			
	No. of Retake Questions (PB)			0.720 a
				(0.05)
	No. of Errors (PB)			0.934 a
				(0.01)
	Observations	1,213	1,213	1,213
	Fixed Effects			
	Regions (4 Categories)	-	Yes	Yes
	Question Types (4 Categories)	Yes	Yes	Yes

Notes:

Table 3 .

 3 7: Entry and Performance in the Super Banco -Odds Ratio

	Probability of
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 3 8: Entry and Performance in the Super Banco -Offline In and Out Covid-19

	Odds Ratios		Dependent Variable: Probability of	
			Entering		Winning e1000
		(1)	(2)	(3)	(4)	(5)	(6)
	Online Covid	0.330 a 0.322 a 0.220 a 0.851 a 0.938	1.409
		(0.01) (0.05) (0.05) (0.02) (0.04) (0.69)
	Offline Covid	0.968 0.885 b	0.881 0.684 a 0.649 a 1.253
		(0.04) (0.05) (0.10) (0.03) (0.04) (1.04)
	Pair Demographics:						
	Both Male		1.066	1.014		1.160 1.167 b
			(0.31) (0.28)		(0.11) (0.07)
	Both Female		0.689	0.650		0.883	0.856
			(0.43) (0.40)		(0.20) (0.17)
	Both Employed		1.020	0.972		1.275 a 1.280 a
			(0.20) (0.21)		(0.08) (0.09)
	Both Unemployed		0.784	0.774		1.155	1.139
			(0.18) (0.18)		(0.13) (0.14)
	In-game Confidence Measures:						
	No. of Retake Questions (PB)			0.626 a			0.856
				(0.07)			(0.14)
	Offline Covid × No. of Retake			0.564 a			1.074
				(0.03)			(0.16)
	Online Covid × No. of Retake			1.398 a			0.923
				(0.14)			(0.17)
	No. of Errors (PB)			0.955 b			1.004
				(0.02)			(0.03)
	Offline Covid × No. of Errors			1.163 a			0.966
				(0.04)			(0.05)
	Online Covid × No. of Errors			0.919 a			1.057
				(0.01)			(0.04)
	Reaction Time (B)			0.956 a			1.006 a
				(0.00)			(0.00)
	Offline Covid × Reaction Time			0.946 a			0.976 a
				(0.01)			(0.01)
	Online Covid × Reaction Time			1.047 a			0.976 a
				(0.00)			(0.00)
	Observations	872	872	872	701	701	701

Table 3 .

 3 9: Mixed Pairs' Performance for 1st Round and Banco Marginal effects of Logit regressions. The dependent variable is the euro gains from the 1st round in columns 1 and 2, and the probability to answer correctly to the Banco in columns 3 to 5. PB means pre-Banco. Question categories fixed effects are also included in columns 3 to 6.

		First Round: Pre-Banco	Second Round: Banco
	Dependent Variable		Log (Gains)	Probability of Winning e500
		(1)	(2)	(3)	(4)	(5)
	Online	-0.058	-0.069 a	0.022 a -0.023 b	0.018 a
		(0.02)	(0.00)	(0.00)	(0.01)	(0.00)
	Pair Demographics					
	Both Employed		-0.010		-0.018	-0.016
			(0.04)		(0.03)	(0.03)
	Both Unemployed		-0.012		-0.066 b	-0.063 b
	In-game Confidence Measures:					
	No. of Retake Questions (PB)					-0.068 a
						(0.01)
	No. of Errors (PB)					-0.012 a
						(0.00)
	Observations	796	796	621	621	621
	Fixed Effects					
	Regions (4 Categories)	-	Yes	-	Yes	Yes

Notes: a , b and c indicate significance at the 1%, 5% and 10% levels respectively. The standard errors are clustered at the urban/rural/online level.
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 3 10: Mixed Pairs' Results for Super Banco

	Probability of
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 3 11: Results for Super Banco -Online Period from November 30 to May 28

	Probability of

Table 3 .

 3 12: Results for Super Banco -Only Reaction Time

	Probability of

  This work has been co-authored with Ismaeel Tharwat. The paper won the Cem Ertur Prize at the 19th International Workshop ≪ Spatial Econometrics and Statistics≫ in Nantes. We thank Lionel Richefort, Fabien Candau, Marc-Arthur Diaye and Helena Perrone for helpful comments and suggestions as well as participants from the 19th International Spatial Econometrics & Statistics Workshop and from the Paris Saclay Seminar. Refer to the corresponding section 4.2 for authors contribution.
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	1: Spatial Effect Estimation of Trade	
		(1)	(2)	(3)
		Panel	Sys-GMM GMM-NL
	1st level			
	Spat. bilateral trade t-1	0.022*	0.047**	0.028
		(0.011)	(0.020)	(0.018)
	2nd level			
	Spat. export t-1	0.006	0.003	0.010
		(0.012)	(0.016)	(0.022)
	Spat. import t-1	0.023*	0.040**	0.034**
		(0.012)	(0.017)	(0.014)
	3rd level			
	Spat. high-tech. products t-1	0.029**	0.046**	0.037**
		(0.012)	(0.022)	(0.016)
	Spat. medium-tech products t-1	0.045**	0.065**	0.062**
		(0.018)	(0.027)	(0.031)
	Spat. low-tech products t-1	0.024	0.043	0.041
		(0.020)	(0.040)	(0.027)
	Spat. resource-intensive product t-1 0.042***	0.024	0.018
		(0.015)	(0.027)	(0.040)
	Spat. non-fuel products t-1	0.016	0.028	0.025
		(0.016)	(0.020)	(0.016)
	Spat. mineral-fuel products	0.014*	0.020**	0.019*
		(0.007)	(0.010)	(0.011)
	Country FE	YES	YES	YES
	Time FE	YES	YES	YES
	Standard Errors	Cluster	Cluster	Cluster
	Observations	1968	1968	1968
	Notes: The dependent variable in all estimations is the Gender Inequality Index. Column
	(1) represents panel fixed effects estimation. Columns (2) and (3) show system-GMM
	estimations, linear and non-linear respectively. Time and country fixed effects are included,
	and standard errors are clustered at the country level in parentheses. *, ** and *** indicate
	significance at the 10%, 5% and 1% levels respectively.		
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 4 4: UNCTAD Technology Classification Technology Intensity HS Sections with products Electrical equipment; Parts thereof; Sound recorders and reproducers, television image and sound recorders and reproducers, and parts and accessories of such articles Raw hides and skins, leather, fur skins and articles thereof; Saddlery and harness; Travel goods, handbags and similar containers; Articles of animal gut (other than silk-worm gut) HS Section 9 Wood and articles of wood; Wood charcoal; Cork and articles of cork; Manufactures of straw, of esparto or of other plaiting material; basket ware and wickerwork HS Section 10 Pulp of wood or of other fibrous cellulosic material; recovered (waste and scrap) paper or paperboard; Paper and paperboard and articles thereof HS Section 11 Textiles and textile articles HS Section 12 Footwear, headgear, umbrellas, sun umbrellas, walking-sticks, seat-sticks, whips, ridingcrops and parts thereof; Prepared feather and articles made therewith; Artificial flowers; Articles of human hair HS Section 13 Articles of stone, plaster, cement, asbestos, mica or similar materials; Ceramic products; Glass and glassware HS Section 14 Natural or cultured pearls, precious or semi-precious stones, precious metals, metals clad with precious metal and articles thereof; imitation jewelry; Coin

	High-tech	
	HS Section 6	Products of the chemical or allied industries
	HS Section 7	Plastics and articles thereof; Rubber and articles thereof
	HS Section 18	Optical, photographic, cinematographic, measuring, checking, precision, medi-
		cal or surgical instruments and apparatus; Clocks and watches; Musical instru-
		ments; Parts and accessories thereof
	Medium-tech	
	HS Section 16 Machinery and mechanical appliances; Low-tech
	HS Section 15	Base metals and articles of base metal
	HS Section 17	Vehicles, aircraft, vessels and associated transport equipment

Table 4 .

 4 8: UNCTAD Trade Variables Correlation MatrixNotes: The correlation matrix is computed before creating spatial variables with trade variables. Thus, trade variable included in the matrix are not lagged by one year.

	Variables	1	2	3	4	5	6	7	8	9
	1:Bilateral	1.000								
	2:Imports	0.935	1.000							
		(0.000)								
	3:Exports	0.901	0.762	1.000						
		(0.000) (0.000)							
	4:High tech	0.856	0.868	0.765	1.000					
		(0.000) (0.000) (0.000)						
	5:Medium tech	0.824	0.829	0.744	0.854	1.000				
		(0.000) (0.000) (0.000) (0.000)					
	6:Low tech	0.836	0.871	0.733	0.851	0.861	1.000			
		(0.000) (0.000) (0.000) (0.000) (0.000)				
	7:Res.-Intense	0.862	0.877	0.772	0.896	0.884	0.863	1.000		
		(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)			
	8:Non-fuel	0.906	0.982	0.732	0.804	0.774	0.806	0.822	1.000	
		(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)		
	9:Min.-fuel	0.540	0.553	0.489	0.512	0.547	0.532	0.549	0.541	1.000
		(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)	
	Observations	2091	2091	2091	2091	2091	2091	2091	2091	2091
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 4 9: OECD Trade Variables Correlation MatrixNotes: The correlation matrix is computed before creating spatial variables with trade variables. Thus, trade variable included in the matrix are not lagged by one year.

	Variables	1	2	3	4	5	6	7	8
	1:Bilateral	1.000							
	2:Imports	0.935	1.000						
		(0.000)							
	3:Exports	0.901	0.762	1.000					
		(0.000) (0.000)						
	4:High tech	0.748	0.741	0.692	1.000				
		(0.000) (0.000) (0.000)					
	5:Medium-high tech	0.850	0.873	0.746	0.778	1.000			
		(0.000) (0.000) (0.000) (0.000)				
	6:Medium-low tech	0.866	0.893	0.769	0.785	0.895	1.000		
		(0.000) (0.000) (0.000) (0.000) (0.000)			
	7:Low tech	0.854	0.880	0.762	0.786	0.863	0.890	1.000	
		(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)		
	8:Other	0.888	0.967	0.711	0.665	0.769	0.806	0.784	1.000
		(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)	
	Observations	2091	2091	2091	2091	2091	2091	2091	2091

Table 4 .

 4 12: Spatial Effect Estimation of UNCTAD ImportsNotes: The dependent variable in all estimations is the Gender Inequality Index. Column (1) represents panel fixed effects estimation. Columns (2) and (3) show system-GMM estimations, linear and non-linear respectively. Time and country fixed effects are included, and standard errors are clustered at the country level in parentheses. *, ** and *** indicate significance at the 10%, 5% and 1% levels respectively.

		(1)	(2)	(3)
		Panel	Sys-GMM GMM-NL
	GII t-1	0.793***	0.997***	1.026***
		(0.042)	(0.018)	(0.026)
	Spat. import t-1	0.023*	0.040**	0.034**
		(0.012)	(0.017)	(0.014)
	Bilateral trade/GDP	-0.006	-0.016	0.015
		(0.005)	(0.012)	(0.012)
	FDI/GDP	0.002***	0.063	0.042
		(0.001)	(0.040)	(0.026)
	Lnpopulation	0.000	-0.000	-0.000
		(0.000)	(0.000)	(0.000)
	Country FE	YES	YES	YES
	Time FE	YES	YES	YES
	Standard Errors	Cluster	Cluster	Cluster
	AR2	/	0.2773	/
	H-S1	/	0.7854	0.7948
	H-S2	/	0.3222	0.1386
	Observations	1968	1968	1968

Table 4 .

 4 13: Spatial Effect Estimations of UNCTAD High-Tech Notes: The dependent variable in all estimations is the Gender Inequality Index. Column (1) represents panel fixed effects estimation. Columns (2) and (3) show system-GMM estimations, linear and non-linear respectively. Time and country fixed effects are included, and standard errors are clustered at the country level in parentheses. *, ** and *** indicate significance at the 10%, 5% and 1% levels

	Product Imports		
		(1)	(2)	(3)
		Panel	Sys-GMM GMM-NL
	GII t-1	0.794***	1.039***	0.997***
		(0.043)	(0.084)	(0.047)
	Spat. high-tech. products t-1	0.029**	0.046**	0.037**
		(0.012)	(0.022)	(0.016)
	Bilateral trade/GDP	-0.006	0.009	0.012
		(0.005)	(0.024)	(0.027)
	FDI/GDP	0.002**	0.032	0.008
		(0.001)	(0.048)	(0.041)
	Lnpopulation	0.000	0.000	-0.000
		(0.000)	(0.000)	(0.000)
	Country FE	YES	YES	YES
	Time FE	YES	YES	YES
	Standard Errors	Cluster	Cluster	Cluster
	AR2	/	0.3197	/
	H-S1	/	0.5805	0.8593
	H-S2	/	0.4070	0.2233
	Observations	1968	1968	1968

Table 4 .

 4 14: Spatial Effect Estimation of UNCTAD Medium-Tech Notes: The dependent variable in all estimations is the Gender Inequality Index. Column (1) represents panel fixed effects estimation. Columns (2) and (3) show system-GMM estimations, linear and non-linear respectively. Time and country fixed effects are included, and standard errors are clustered at the country level in parentheses. *, ** and *** indicate significance at the 10%, 5% and 1% levels respectively.

		Product Imports		
		(1)	(2)	(3)
		Panel	Sys-GMM GMM-NL
	GII t-1	0.793***	0.984***	0.979***
		(0.043)	(0.036)	(0.030)
	Spat. medium-tech products t-1 0.045**	0.065**	0.062**
		(0.018)	(0.027)	(0.031)
	Bilateral trade/GDP	-0.006	-0.026	-0.009
		(0.005)	(0.022)	(0.010)
	FDI/GDP	0.002**	0.043	0.015
		(0.001)	(0.036)	(0.021)
	Lnpopulation	0.000	0.000	-0.000
		(0.000)	(0.000)	(0.000)
	Country FE	YES	YES	YES
	Time FE	YES	YES	YES
	Standard Errors	Cluster	Cluster	Cluster
	AR2	/	0.3175	/
	H-S1	/	0.4750	0.5810
	H-S2	/	0.4922	0.4462
	Observations	1968	1968	1968

Table 4 .

 4 15: Spatial Effect Estimation of UNCTAD Low-Tech Notes: The dependent variable in all estimations is the Gender Inequality Index. Column (1) represents panel fixed effects estimation. Columns (2) and (3) show system-GMM estimations, linear and non-linear respectively. Time and country fixed effects are included, and standard errors are clustered at the country level in parentheses. *, ** and *** indicate significance at the 10%, 5% and 1% levels respectively.

	Product Imports		
		(1)	(2)	(3)
		Panel	Sys-GMM GMM-NL
	GII t-1	0.793***	0.978***	0.951***
		(0.043)	(0.100)	(0.077)
	Spat. low-tech products t-1	0.024	0.043	0.041
		(0.020)	(0.040)	(0.027)
	Bilateral trade/GDP	-0.006	0.017	0.011
		(0.005)	(0.017)	(0.007)
	FDI/GDP	0.002**	0.011	0.008
		(0.001)	(0.039)	(0.016)
	Lnpopulation	0.000	0.000	0.000
		(0.000)	(0.000)	(0.000)
	Country FE	YES	YES	YES
	Time FE	YES	YES	YES
	Standard Errors	Cluster	Cluster	Cluster
	AR2	/	0.3312	/
	H-S1	/	0.2063	0.5776
	H-S2	/	0.1288	0.2067
	Observations	1968	1968	1968

Table 4 .

 4 16: Spatial Effect Estimation of UNCTAD Resource-IntensiveNotes: The dependent variable in all estimations is the Gender Inequality Index. Column (1) represents panel fixed effects estimation. Columns (2) and (3) show system-GMM estimations, linear and non-linear respectively. Time and country fixed effects are included, and standard errors are clustered at the country level in parentheses. *, ** and *** indicate significance at the 10%, 5% and 1% levels respectively.

		Product Imports		
		(1)	(2)	(3)
		Panel	Sys-GMM GMM-NL
	GII t-1	0.791***	1.034***	1.016***
		(0.043)	(0.046)	(0.022)
	Spat. resource-intensive product t-1 0.042***	0.024	0.018
		(0.015)	(0.027)	(0.040)
	Bilateral trade/GDP	-0.006	-0.009	0.014
		(0.004)	(0.020)	(0.013)
	FDI/GDP	0.002**	0.041*	0.021
		(0.001)	(0.024)	(0.023)
	Lnpopulation	0.000	0.000	-0.000
		(0.000)	(0.000)	(0.000)
	Country FE	YES	YES	YES
	Time FE	YES	YES	YES
	Standard Errors	Cluster	Cluster	Cluster
	AR2	/	0.3255	/
	H-S1	/	0.3208	0.4358
	H-S2	/	0.3358	0.2008
	Observations	1968	1968	1968

Table 4 .

 4 17: Spatial Effect Estimation of UNCTAD Non-Fuel Notes: The dependent variable in all estimations is the Gender Inequality Index. Column (1) represents panel fixed effects estimation. Columns (2) and (3) show system-GMM estimations, linear and non-linear respectively. Time and country fixed effects are included, and standard errors are clustered at the country level in parentheses. *, ** and *** indicate significance at the 10%, 5% and 1% levels respectively.

	Product Imports		
		(1)	(2)	(3)
		Panel	Sys-GMM GMM-NL
	GII t-1	0.794***	1.029***	1.022***
		(0.042)	(0.026)	(0.012)
	Spat. non-fuel products t-1	0.016	0.028	0.025
		(0.016)	(0.020)	(0.016)
	Bilateral trade/GDP	-0.006	-0.006	0.012
		(0.005)	(0.024)	(0.009)
	FDI/GDP	0.002**	0.055	0.031
		(0.001)	(0.041)	(0.029)
	Lnpopulation	0.000	0.000	-0.000
		(0.000)	(0.000)	(0.000)
	Country FE	YES	YES	YES
	Time FE	YES	YES	YES
	Standard Errors	Cluster	Cluster	Cluster
	AR2	/	0.2982	/
	H-S1	/	0.8304	0.8932
	H-S2	/	0.8048	0.6428
	Observations	1968	1968	1968

Table 4 .

 4 18: Spatial Effect Estimations of UNCTAD Mineral-Fuel Notes: The dependent variable in all estimations is the Gender Inequality Index. Column (1) represents panel fixed effects estimation. Columns (2) and (3) show system-GMM estimations, linear and non-linear respectively. Time and country fixed effects are included, and standard errors are clustered at the country level in parentheses. *, ** and *** indicate significance at the 10%, 5% and 1% levels respectively.

	Product Imports		
		(1)	(2)	(3)
		Panel	Sys-GMM GMM-NL
	GII t-1	0.795***	0.836***	0.895***
		(0.043)	(0.084)	(0.113)
	Spat. mineral-fuel products	0.014*	0.020**	0.019*
		(0.007)	(0.010)	(0.011)
	Bilateral trade/GDP	-0.006	-0.031	-0.024
		(0.005)	(0.027)	(0.029)
	FDI/GDP	0.002**	-0.083	-0.006
		(0.001)	(0.076)	(0.043)
	Lnpopulation	0.000	0.000	0.000
		(0.000)	(0.000)	(0.001)
	Country FE	YES	YES	YES
	Time FE	YES	YES	YES
	Standard Errors	Cluster	Cluster	Cluster
	AR2	/	0.2367	
	H-S1	/	0.5283	0.8010
	H-S2	/	0.5315	0.0383
	Observations	1968	1968	1968

Table 4 .

 4 19: Spatial Effect Estimation of OECD Technological Product ImportsNotes: The dependent variable in all estimations is the Gender Inequality Index. Column (1) represents panel fixed effects estimation. Columns (2) and (3) show system-GMM estimations, linear and non-linear respectively. Time and country fixed effects are included, and standard errors are clustered at the country level in parentheses. *, ** and *** indicate significance at the 10%, 5% and 1% levels respectively.

	(1)	(2)	(3)
	Panel	Sys-GMM Sys-GMM-NL

Table 4 .

 4 20: Spatial Effect Estimations by Income Level : The dependent variable in all estimations is the Gender Inequality Index. Column(1) shows panel fixed effects estimation. Columns (2) and (3) show system-GMM estimations, linear and non-linear respectively. Time and country fixed effects are included, and standard errors are clustered at the country level in parentheses. Countries are classified by income: upper, upper middle, lower middle and lower income countries. , * and * indicate significance at the 10%, 5% and 1% levels respectively.

		(1)	(2)	(3)
		Panel	Sys-GMM GMM-NL
	Upper and Upper Middle			
	Spat. high-tech. products t-1	0.061**	0.135**	0.107*
		(0.027)	(0.054)	(0.056)
	Upper Middle			
	Spat. med-tech. products t-1	0.080*	0.094*	0.093*
		(0.040)	(0.051)	(0.051)
	Country FE	YES	YES	YES
	Time FE	YES	YES	YES
	Standard Errors	Cluster	Cluster	Cluster

Notes

Les donn ées se r éf èrent aux employ és à temps plein

See Christofides et al., 2013 

Oaxaca-Blinder decomposition allows the disentangling of composition effects from wage structure effects at the mean. The composition effect is measured on covariates which is related to productivity. For its part, the wage structure effect is measured on coefficients which is considered as treatment of prior covariates in the labour market (see[START_REF] Oaxaca | Estimation of union/nonunion wage differentials within occupational/regional subgroups[END_REF][START_REF] Oaxaca | On discrimination and the decomposition of wage differentials[END_REF][START_REF] Blinder | Distribution effects and the aggregate consumption function[END_REF] 

the reweighting procedure allows the estimation of the counterfactual required for the computation of the gender wage gap in the presence of non-linear functions. Since the work ofMincer, 1974, the literature considered wages functions to be non-linear

Wages functions are considered to be non-linear in the literature (ibid.). Hence, using parametric approach for estimating the counterfactual yield inaccurate estimations.

See Juhn, Murphy, et al., 1993;[START_REF] Dinardo | Thomas Lemieux (1996). Labor Market Institutions and the Distribution of Wages: 1973-1992[END_REF][START_REF] Machado | Counterfactual decomposition of changes in wage distributions using quantile regression[END_REF][START_REF] Melly | Decomposition of differences in distribution using quantile regression[END_REF][START_REF] Buchinsky | The dynamics of changes in the female wage distribution in the USA: a quantile regression approach[END_REF] 

The literature sheds light on the phenomenon of strongly gendered-occupation called horizontal segregation

For applying the reweighting procedure and properly adjusting the distribution of one group to the other one, as many variables values as possible should be observed among both groups. Accordingly, whether or not the value of the re-weighed error is important/significant gives an indication about the overlapping support assumption

12 "One cannot recover "latent" unconditional quantiles, unless he imposes some assumptions about the distribution function of the overall wage distribution, and how it is affected due to sample selection" (Fernando Rios-Avila)

Here, the inverse mills ratio considered as the selection is computed from a probit equation. Accordingly, its inclusion in the wage equation is interpreted as the effect of the average selection at each quantile.

However behavioral traits may affect the gender wage gap when the individual is in position, e.g. wage negotiation[START_REF] Marianne | New perspectives on gender[END_REF] 

Considering the limited number of observations and the methodology used, I have created wide categories for regrouping individuals from both groups (see Overlapping support 2.2.3). Hence the results are less detailed but more robust

After running a simple truncated regression on the log of hourly wage of the entire sample with all variables of interest, Dependent ≤ 3 and Working mother are not correlated with the dependent variable

The survey is based on employees which does not allow the measurement of labor force participation self-selection

Here, dependent is related to individuals living at the employee's home. I considered this number being represented by children given families structure in France which are mainly composed by single parents or couples with children. See[START_REF] Lapinte | Les structures familiales en France: comparaison entre le recensement, l'enqu ête famille et logements et l'enqu ête emploi[END_REF] 

See Martins, 2001;[START_REF] Mulligan | Selection, investment, and women's relative wages over time[END_REF][START_REF] Lee | Labor-Force Participation of Older Males in Korea: 1955 to 2005[END_REF] 

See the article in the national daily newspaper "Sur France Inter, 'Le Jeu des 1000 euros' rassemble les g én érations depuis 1958" (On France Inter, 'the 1000 euros game' gathers generations since 1958) -https://www.leparisien.fr/sur-france-inter-le-jeu-des-1-000-euros. Note that the show is also available as a podcast.

 3 For example, online survivors may be more time constrained to participate in the offline event or may have cheated, an issue we will return later, as it does not seem to be very common

.4 The production team asked online candidates to commit themselves on their honor not to consult the Internet or an encyclopaedia and not to be helped by friends and family. They made sure that the questions by their wording are not "googleable" in the time allotted to answer

them. 5 See Section 3.2 for more details about the game.

We use three variables to measure in-game confidence (1) number of retake questions, (2) number of errors, and (3) reaction times.

This second result is another indication that online cheating may not be very prevalent. The production team has suspicions only about two cases (see one case https://mediateur.radiofrance.com).

All the questions of the game are about the Humanities, Social Sciences and Nature. "What is the name of the tree that secretes the benzoin resin, used for Armenian paper?" is an example of a SB question that was not answered on November 17, 2017. In contrast, "What is the name of this American writer, professor of biochemistry, author of 'Robots and Empire'?" is a SB question that was successfully answered onMarch 11, 2013. 

We observe that contacts between the contestants are rather minimal but unfortunately their oral exchanges are inaudible. We should also mention the presence of the presenter, who is always neutral during the SB decision, but his physical presence can also be important.

[START_REF] Falk | Clean Evidence on Peer Effects[END_REF] conduct an experiment for measuring the peer pressure effect on performance. After being instructed to stuff letters into envelopes, students were divided into two groups. The control group did the task individually and stuffed significantly less envelopes than the treatment group in pairs.[START_REF] Mas | Peers at work[END_REF] find that high-productivity cashiers in a supermarket chain increase the productivity of co-workers that are present in the same shift.

[START_REF] Garicano | Favoritism under Social Pressure[END_REF] shows how professional soccer referees favor home teams in order to satisfy the crowds in the stadium. More recently, the Covid-19 pandemic provide further evidence of social pressure by exploiting the lack of crowds in stadiums (see[START_REF] Bryson | Causal Effects of an Absent Crowd on Performances and Refereeing Decisions during Covid-19[END_REF][START_REF] Endrich | Home-bias in Referee Decisions: Evidence from 'Ghost Matches' during the Covid19-pandemic[END_REF][START_REF] Scoppa | Social Pressure in the Stadiums: Do Agents Change Behavior without Crowd Support?[END_REF] 

Data were collected from the France Inter website, where the episodes are podcast (https://www.franceinter.fr/emissions/le-jeudes-1000-euros). The rules are found here (in French): https://www.franceinter.fr/le-reglement

 13 The most frequent questions relate to arts, entertainment, history, geography, languages, nature, sports, and religion.

Listeners are incentivized to send in questions (by email or mail). If the candidates do not answer them correctly, the listener who sent a question wins the corresponding cash prize, i.e.,

euros for the first three questions, 30 for the next two and 45 for the last one. In the next two rounds, the prize for each unanswered question is capped at 45 euros.

Unfortunately, we are not able to clearly understand or hear their exchange during this consultation.

Regions are grouped in four categories: North (Ile-de-France and Hauts-de-France), West (Normandie, Bretagne, Pays de la Loire, Centre-Val de Loire and Nouvelle-Aquitaine), East (Bourgogne-Franche-Comte, Auvergne-Rhone-Alpes and Grand Est), and South (Provence-Alpes-Cote d'Azur, Occitanie, Corse, and La Reunion).

Appendix Table3.12 shows the importance to control not only for the reaction time but also for the number of errors and retake questions.

In Appendix 3.5.4, we check that our results hold if we focus only on mixed-gender pairs (see Tables 3.9 and 3.10) or if we limit our analysis to the same time of year for all online and offline shows (seeTable 3.11).

A harmonic mean is one of the three Pythagorean means which is often used to compute the average of rate or ratio.

The literature provide empirical evidence for immigration having a positive effect on trade[START_REF] Egger | Migration and trade[END_REF] (ibid.). However, this link also appears to be stronger for trade in commodities with informational problems. Given that our results reflect a technological channel at play, we do not perceive an upward bias due to migration

See Pieters, 2015 for a review on the technology upgrading channel within the literature.

We use 6 instruments for mineral fuel in our main estimations and 4 instruments for medium-high in our robustness estimations since using 10 instruments indicate invalid instruments for these sections.

Arellano-Bond test for second order serial correlation is based on residuals

Sargan-Hansen difference test of overidentification restriction in one-step and two-step

Statistics based on the OECD technology classification. See subsection 4.3.4 for more details about the classification

[START_REF] Greenwood | Engines of liberation[END_REF] documents a consumer goods revolution we have witnessed over the past century which was enabled by massive investments in specific technological progress in the production of household capital. Household appliances are plentiful, for instance central heating, dryers, electric irons, frozen foods, refrigerators, sewing machines, washing machines and vacuum cleaners among others. Authors show that this household technological revolution has led to a decrease in the number of homemakers and an increase in the female labor-force participation rate over time.

Notes: *, ** and *** indicate significance at the 10%, 5% and 1% levels respectively.

Remerciements

Trade as Transmission Channel for Gender Standards

For our initial estimations, Table 4.1 summarizes the spatial effects of trade, from a country's trading partners, on the gender standards of the domestic country for the third stages: at the bilateral trade level, at the import/export level and at the technology level (see in appendix Tables4.10-4.12 for detailed results). All estimations control for country and year fixed effects, and standard errors are clustered by country throughout. Column (3) represents our main and most efficient estimation, nonlinear system-GMM. For their part, columns ( 1)-( 2) report results for panel and linear system-GMM estimations respectively. First, we find no robust results for bilateral trade since only panel regression indicate a significant positive effect. In order to further analyse the GII spillover effect, we proceed to repeat this analysis at the second stage of the estimation process, i.e. the export and import level. Table 4.1 also uses the same identification strategy to study the spatial effect of exports in the diffusion of gender standards. On the contrary to the literature, we find no evidence of the exports' spatial effect across our estimations (See [START_REF] Juhn | Men, women, and machines: How trade impacts gender inequality[END_REF] for the effect of export firms). This suggests that a country's export partners do not have much influence on domestic gender standards. On the other hand, we also examine the spatial effect of the import channel. In column (3), we see the nonlinear system-GMM results and find a positive significant spatial effect of imports. Here, such findings show that an increase in the GII of import trade partners has a positive effect on the GII of the domestic country.

The results demonstrate significance across all three specifications presented. The import channel appears to be the main driver of such spillover effects. The evidence suggests that countries' gender standards are influenced primarily by other countries they import from. Appendix 4.19 presents robustness checks with the OECD product classification which is consistent with our main estimations.

In addition, we control for lagged GII, trade openness, FDI openness and population in all specifications (see in appendix4.7.5 for each table). Not surprisingly, the lagged GII being strongly correlated with GII indicates that past values of GII predict present trends of GII.

In addition, we find no robust effect for trade openness across all specifications. Population has been shown to have a negative effect in the literature as an increased population size reduces the actual protection of the economic rights of women [START_REF] Wang | Bringing the State Back In": Explaining Women's Economic Empowerment in an Era of Globalization[END_REF]. However, we do not find a robust effect in our estimations. Our results report no support for the significance Notes: Spatial variables are lagged by one year and lie between 0 and 1 because of the raw standardization. 

Spatial Effects -Tables of Results