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Introduction

Applied microeconomics seeks to explain how economically relevant choices are
shaped by incentives, institutions, beliefs, and the environments in which decisions
are made. A central challenge in this endeavor is empirical: many determinants of
behavior are correlated with unobserved individual characteristics, making causal in-
ference difficult. This dissertation addresses that challenge in three settings. Across
the chapters, I study how information, institutional settings, and acute psychological
conditions affect policy preferences, occupational sorting, and risk-taking. While the
substantive domains differ, all three chapters share a common objective: to identify
causal determinants of choices.

The first two chapters speak directly to gender inequality in the labor market. A
large body of literature shows that gender gaps in wages and occupations remain
a central feature of modern economies (Goldin, 2024; Olivetti, Pan, and Petron-
golo, 2024). Recent work further emphasizes the central role of children in shaping
women'’s earnings trajectories (Kleven, Landais, and Sggaard, 2019; Cortés and Pan,
2023), while a parallel literature documents the importance of occupational sort-
ing for the persistence of inequality (Goldin and Katz, 2016; Goldin et al., 2017).
Together, these findings suggest that understanding inequality requires going be-
yond realized labor market outcomes and examining the beliefs, institutions, and
moments of choice that generate them. The third chapter broadens this perspective
by turning to a more general behavioral question: whether acute stress causally af-
fects risky choice. It addresses the same underlying concern with how context shapes
behavior and how credible empirical designs can distinguish genuine effects from
spurious variation.

Chapter 1, Children and the Gender Wage Gap: Beliefs, (Mis)perceptions, and Pol-
icy Preferences, investigates whether beliefs about the sources of inequality shape
support for policies designed to reduce inequality. Motivated by evidence that a sub-
stantial share of the remaining gender wage gap is related to the differential effect
of children on the careers of women and men (Kleven, Landais, and Sggaard, 2019;
Cortés and Pan, 2023; Goldin, 2024), we study whether the public recognizes the
importance of this factor and whether such beliefs affect policy preferences. Using a
survey experiment in the United States, we exogenously shift beliefs about the share
of the gender wage gap explained by having children. The results show that respon-
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dents substantially underestimate the role of children in explaining the gender wage
gap and that increasing the perceived importance of this channel reallocates support
toward child-related policies and away from policies aimed at discrimination. In do-
ing so, the chapter contributes to a broader literature on how beliefs about inequal-
ity affect policy preferences (Kuziemko et al., 2015; Alesina, Stantcheva, and Teso,
2018; Alesina, Ferroni, and Stantcheva, 2021; Settele, 2022; Haaland and Roth,
2023; Casarico, Schuetz, and Uebelmesser, 2024) by showing that beliefs about the
causes of inequality, and not only its magnitude, matter for policy support.

Chapter 2, Age at Labor Market Entry and Gender Occupational Segregation, shifts
attention from beliefs to institutions. We investigate whether the timing of labor
market entry causally affects occupational sorting by gender. Occupational choice
is a consequential and often persistent margin of adjustment, yet relatively little
is known about how the age at which it is made shapes later career trajectories
(Keane and Wolpin, 1997; Attanasio and Kaufmann, 2017). Identifying such an ef-
fect is difficult because it requires exogenous variation in age at decision-making.
Exploiting reforms to school entry cutoff dates across German states, we use quasi-
experimental variation in effective school entry and exit ages to identify the causal
effect of entering the labor market younger. The findings show that men who enter
the labor market at a younger age are more likely to sort into male-dominated oc-
cupations, whereas women’s occupational choices are not significantly affected. We
thus identify timing as a previously underappreciated determinant of gender occupa-
tional segregation and contribute both to the literature on occupational choice and
to debates on early tracking and inequality (Gamoran and Mare, 1989; Slavin, 1990;
Oakes, 2005).

Chapter 3, Does Stress Impact Risk-Taking?, turns from labor market outcomes to
a more general question in economics: whether acute stress causally changes risky
choice. This question matters because stress is pervasive in real-world decision en-
vironments, yet the existing evidence remains contradictory. Some studies find that
stress increases risk-taking (Buckert et al., 2014; Bendahan et al., 2017), others find
that it decreases risk-taking (Yamakawa et al., 2016; Cahlikova and Cingl, 2017),
and still others report no effect (Sokol-Hessner et al., 2016; Veszteg et al., 2021;
Parslow and Rose, 2022). We argue that this inconsistency may reflect both theo-
retical ambiguity and methodological limitations, in particular the reliance on small
between-subject designs that are vulnerable to baseline heterogeneity in risk pref-
erences. To address these concerns, we introduce a high-powered within-subject
laboratory design in which each participant completes identical incentivized risky
choices once in a Control condition and once in a biomarker-validated Stress condi-
tion. In contrast to much of the earlier literature, we find no evidence that acute
stress causally affects risk-taking, neither on average nor through shifts toward or
away from risk neutrality. The results suggest that at least part of the earlier mixed
evidence may be attributable to sampling variation in baseline preferences rather
than to genuine treatment effects.
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The chapters are connected not only by their focus on economically relevant
choices, but also by the close alignment between each research question and its em-
pirical design. In Chapter 1, a survey experiment is the natural approach because
beliefs about the causes of inequality must be shifted directly and exogenously to
identify their effect on policy preferences. In Chapter 2, random assignment of labor
market entry age is impossible, making institutional cutoff reforms a credible source
of quasi-experimental variation. In Chapter 3, the treatment is temporary, physio-
logically complex, and costly to induce, so a controlled laboratory setting with re-
peated observation of the same individuals is especially valuable. The dissertation
therefore brings together three complementary empirical strategies, each particu-
larly well suited to the causal question at hand.

Combined, the three chapters foster our understanding of the causal forces
that shape economically relevant choices. By combining experimental and quasi-
experimental methods across these three distinct settings, this dissertation con-
tributes to applied microeconomics both by shedding light on important determi-
nants of policy preferences, occupational sorting, and risky choice, and by illustrat-
ing how distinct identification strategies can be matched to distinct causal questions
in a disciplined and context-sensitive way.
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Chapter 1

Children and the Gender Wage Gap:
Beliefs, (Mis)perceptions, and Policy
Preferences”

Joint with Malin Siemers

1.1 Introduction

Despite substantial progress over recent decades, a persistent gender wage gap re-
mains (see e.g., Olivetti, Pan, and Petrongolo, 2024). Recent research shows that
a substantial portion of this remaining gap is driven by the differential impact of
children on the earnings trajectories of men and women (e.g., Kleven, Landais, and
Sggaard, 2019; Cortés and Pan, 2023). This evidence has important implications for
the effectiveness of different policies aimed at reducing gender inequality (see e.g.,
Goldin, 2024). Implementation of such policies depends, in part, on public aware-
ness of these mechanisms and support for interventions, especially those targeting
the child-related part of the gap. This raises the question of whether people’s beliefs
about the role of children in the gender wage gap align with the academic evidence
and how such beliefs shape policy preferences.

* We are grateful to Teodora Boneva, Thomas Dohmen, Paul Grass, Hannah Illing, Botond Készegi,
Valentina Melentyeva, Jessica Pan, Barbara Petrongolo, Pia Pinger, Amelie Schiprowski, Philipp
Schirmer, Sonkurt Sen, Sonja Settele, and Florian Zimmermann for valuable comments and support.
We also thank the participants at the ECONtribute Junior Workshop in Gender and Labor Economics
and the Bonn Applied Micro Coffee for helpful feedback and suggestions. Funded by the Deutsche
Forschungsgemeinschaft (DFG, German Research Foundation) under Germany’s Excellence Strategy
— EXC 2126/1 — 390838866 and through the Collaborative Research Center Transregio 224 (CRC TR
224 - project AO1 & A02). The study received ethics approval from the German Association for Ex-
perimental Economic Research e.V. (no. yRI4L6PQ). The study was preregistered on AsPredicted (no.
230,372).
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Individuals may hold systematically different beliefs about the causes of the gen-
der wage gap, particularly regarding the contribution of having children. Such be-
liefs may shape perceptions of which policies are likely to be effective, thereby influ-
encing the types of policies individuals support. However, it remains an open ques-
tion whether beliefs about the importance of specific factors, such as child-related
pay differences, translate into greater support for policies targeting those factors,
potentially at the expense of support for policies addressing other drivers of the gap.

Differences in beliefs about the underlying causes of the gender wage gap may
not only shape support for specific policies, but also influence overall support for
reducing the gap. If different drivers are perceived as differing in fairness or effi-
ciency, these perceptions may translate into differences in general support for policy
intervention. Such variation in beliefs may therefore help explain the considerable
disagreement about whether and how strongly policy should aim to address the re-
maining disparity. Yet systematic evidence on whether and how beliefs about the
causes of the gender wage gap, particularly the role of children, affect policy prefer-
ences remains limited.

In this paper, we examine whether beliefs about the contribution of children to
the gender wage gap align with the academic evidence and investigate whether and
how these beliefs affect overall support for reducing the gap, support for specific
policies, and how they shift preferences between policies aimed at mitigating child-
related pay differences and those targeting other factors.

To address these questions, we design and conduct an online survey experiment
in the U.S. The experiment implements a 2x2 between-subject design that sequen-
tially varies, first, the assumptions participants are asked to make about the effect
of having children on men’s earnings and, second, whether they receive information
about the share of the gender wage gap explained by having children. Our experi-
mental design is explicitly aimed at identifying the causal effect of beliefs about the
role of children in explaining the gender wage gap on policy preferences. Studying
this relationship using observational data alone is inherently challenging, as individ-
uals’ beliefs about the sources of the gender wage gap are likely correlated with unob-
served characteristics, such as political ideology or selective exposure to information,
which complicates causal inference. An experimental setting that allows for exoge-
nous variation in beliefs, precise measurement of policy preferences and underlying
perceptions, and full control over the information content presented to participants
is therefore necessary to credibly identify these effects.

The survey begins by eliciting participants’ beliefs about the size of the overall
gender wage gap. To establish a common baseline, all participants are subsequently
provided with the same empirical estimate, for which the percentage explained by
children is later calculated. Participants are then introduced to the concept of the
child-related component of the wage gap and to how the share explained by children
is calculated. In the first stage of randomization, participants are assigned either to
a High estimate: 90 condition, in which children are assumed to affect both women’s
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and men’s wages, yielding an estimate of 90 percent as calculated in Cortés and
Pan (2023) or to a Low estimate: 60 condition, in which children are assumed to
affect only women’s wages, yielding an estimate of 60 percent. Both estimates are
calculated using the same sample from the Panel Study of Income Dynamics (PSID)
and the same underlying estimate of the overall gender wage gap. The difference
between them arises solely from whether the effect of children on men’s wages is
included when computing the child-related component. After reporting their beliefs
about the share of the gap attributable to children, participants are randomized a
second time into either a Control group, which is reminded of their own prior belief,
or an Info group, which is shown the corresponding empirical estimate.

This two-stage randomization creates exogenous variation in beliefs about the
contribution of children to the gender wage gap between the Info & 60 and Info & 90
groups, as the only difference between these groups is the magnitude of the share
they are told is explained by children. Comparing these groups therefore identifies
the causal effect of beliefs about the importance of children for policy preferences.
Comparing the Info groups to the Control group instead allows us to isolate the ef-
fect of receiving information that differs from one’s prior belief and thereby shifts
beliefs upward or downward, relative to the effect of merely being made aware of
the potential role of children in explaining the gap.

Following the intervention, we elicit participants’ overall support for reducing the
gender wage gap and their preferences regarding whether pay differences related to
children should be prioritized over pay differences related to other factors. We then
measure support for six specific policies that are central to policy debates and that
map directly into alternative explanations of the wage gap. Child-related policies
include child care subsidies, paid maternity leave, and paid paternity leave, which
aim to reduce career penalties associated with parenthood and to reallocate care
responsibilities. Discrimination-related policies include gender quotas, affirmative
action plans, and equal pay legislation, which target unequal treatment in the labor
market independent of children. Policy preferences are measured on a 5-point Likert
scale. In addition, participants are asked whether they would be willing to donate to
Child Care Aware of America (CCAo0A).

Finally, we elicit several additional perceptions and beliefs that may shape pol-
icy preferences or mediate the relationship between beliefs and these preferences.
Most importantly, we measure how fair and efficient participants perceive the child-
related part of the gender wage gap to be compared to the part unrelated to children.

We begin by documenting that beliefs about the share of the gender wage gap
attributable to children vary widely in our sample. On average, individuals estimate
this share to be around 50%. This perceived value is substantially lower than the
empirical estimate of 90% reported in Cortés and Pan (2023) and lower than the
corresponding estimate of 60% obtained when abstracting from the small positive
effect of children on men’s earnings.



10 | 1 Children and the Gender Wage Gap: Beliefs, (Mis)perceptions, and Policy Preferences

Turning to the effects of the information intervention, we causally identify how
beliefs about the extent to which children contribute to the gender wage gap affect
policy preferences by comparing the treatment effects of the Info & 60 and Info & 90
conditions. This analysis shows that a higher perceived contribution of children to
the gender wage gap significantly increases individuals’ preference to prioritize child-
related pay differences and reallocates support across policy types, shifting it toward
child-related policies and away from discrimination-related ones. This pattern is pri-
marily driven by higher support for maternity leave and lower support for quotas
and affirmative action programs.

Moreover, by grouping participants in the Info groups based on whether the em-
pirical estimate shown to them is above or below their stated prior belief, and com-
paring them to individuals with similar priors in the Control group, we investigate
how the direction of the information signal shapes treatment effects. This compar-
ison allows us to isolate the effect of receiving information that differs from one’s
prior beliefs, relative to the effect of merely being made aware of the potential role
of children in explaining the gap. Using this variation, we show that treatment ef-
fects, especially on support for discrimination-related policies and relative support,
depend significantly on the direction of the information signal relative to individu-
als’ prior beliefs. When participants receive information below their prior, relative
support shifts away from child-related policies and toward discrimination-related
policies. When the information implies a larger role of children, individuals instead
increase their preference for prioritizing child-related pay differences.

Finally, we examine whether the impact of information on policy support de-
pends on individuals’ fairness perceptions. By shifting beliefs about the contribution
of children to the gender wage gap, we alter the perceived importance of child-
related factors relative to other explanations. This, in turn, may influence policy
support through individuals’ perceptions about the fairness of child-related pay dif-
ferences compared to other explanatory factors. We test this by comparing treatment
responses between participants who perceive the child-related part of the gender
wage gap as less fair than the part not explained by children and those who view
it as equally or more fair. This analysis shows that treatment effects, particularly on
overall support, depend significantly on fairness perceptions, with individuals who
perceive the child-related component as less fair exhibiting a more positive relation-
ship between overall support and the direction of the information signal. In partic-
ular, general support increases when individuals are informed that the component
they consider less fair accounts for a larger share of the wage gap. By contrast, when
they are led to believe that the component they perceive as equally or more fair is
larger, general support remains unchanged.

To the best of our knowledge, this is the first paper to experimentally shift beliefs
about the causes of the gender wage gap, in particular the role of children in driving
it, and to examine how these shifts affect the overall level of support for policies
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addressing gender inequality and the relative support for different types of policies.
By doing so, our paper contributes to several strands of literature.

First, we build on work documenting the central role of children in driving gen-
der inequality. A substantial body of empirical research documents that children
have a large impact on women’s career trajectories but not on men’s (see, e.g., Cortés
and Pan, 2023; Goldin, 2024; Olivetti, Pan, and Petrongolo, 2024, for reviews).
More recent work demonstrates that this differential impact accounts for much of the
remaining gender earnings gap in high-income countries (e.g., Kleven, Landais, and
Segaard, 2019; Cortés and Pan, 2023; Kleven, Landais, and Leite-Mariante, 2025).
Women continue to be the primary caregivers. As a result, both demand-side fac-
tors, such as discrimination based on marital status and parenthood (Correll, Be-
nard, and Paik, 2007; Becker, Fernandes, and Weichselbaumer, 2019), and supply-
side factors, including career interruptions, reduced working hours, and sorting into
more flexible but lower-paying jobs (Bertrand, Goldin, and Katz, 2010; Goldin, 2014;
Hotz, Johansson, and Karimi, 2018; Kleven, Landais, and Sggaard, 2019), have been
shown to be important mechanisms underlying the differential impact of children on
women’s and men’s careers.

While previous research has examined the mechanisms behind the child penalty
and its role in explaining the gender earnings gap, less is known about how the pub-
lic perceives its importance. In particular, we show that people substantially underes-
timate how much of the gender wage gap is driven by children, with a larger misper-
ception observed among those without children. This finding is consistent with evi-
dence from Kuziemko et al. (2018), who show that women underestimate the effect
of motherhood on their employment. More broadly, our paper connects to a growing
literature examining expectations about labor market consequences of motherhood
(Kuziemko et al., 2018; Gong, Stinebrickner, and Stinebrickner, 2022; Caplin, Leth-
Petersen, and Tonetti, 2025) and the perceived pecuniary and non-pecuniary impli-
cations of mothers’ labor supply choices (Boinet et al., 2024; Costa-Ramén et al.,
2024; Boneva et al., 2026). We contribute to this literature by studying beliefs about
the extent to which parenthood explains the gender wage gap and by examining
how these beliefs shape policy preferences.

In doing so, our work also relates to a broader literature that identifies how be-
liefs about inequality shape related policy preferences (e.g., Kuziemko et al., 2015;
Alesina, Stantcheva, and Teso, 2018; Alesina, Ferroni, and Stantcheva, 2021; Haa-
land and Roth, 2023; Giinther and Martorano, 2025; Henkel et al., 2025). Within
this stream, our paper is most closely related to Settele (2022) and Casarico, Schuetz,
and Uebelmesser (2024), who also examine how beliefs about gender inequality in-
fluence support for policies aimed at reducing it. Both studies focus on how beliefs
about the size of inequality affect policy preferences, with Settele (2022) analyz-
ing beliefs about the size of the gender wage gap and Casarico, Schuetz, and Ue-
belmesser (2024) considering beliefs about both the size of the gender earnings gap
and the size of the gender pension gap. In contrast, we examine beliefs about the



12 | 1 Children and the Gender Wage Gap: Beliefs, (Mis)perceptions, and Policy Preferences

causes of gender inequality, focusing on the perceived importance of children rela-
tive to other factors. We study how shifting beliefs about its causes influences both
overall support for policies addressing gender inequality and support for specific
policies.

We are not aware of any other studies that fix the size of an inequality and shift
beliefs about the percentage explained by a particular factor. Furthermore, we in-
troduce the concept of relative support, capturing how individuals allocate support
between policies targeting the child-related component of the gender wage gap and
those targeting other contributing factors.

Lastly, we zoom in on perceptions of fairness and efficiency that mediate how be-
liefs about the contribution of children to the gender wage gap translate into policy
preferences. Our results connect to a broader literature showing that fairness views
are shaped by the perceived causes of inequality and that these views, in turn, af-
fect the acceptance of inequality (see, e.g., Almas, Hufe, and Weishaar, 2025, for
a review). We contribute to this literature by connecting beliefs about the impor-
tance of an observable determinant of inequality, the contribution of children to the
gender wage gap, to perceptions of its fairness relative to other factors driving in-
equality, and by demonstrating how these two dimensions jointly influence policy
preferences.

The remainder of the paper proceeds as follows. Section 1.2 outlines the exper-
imental design and discusses the treatments and elicited variables in detail. Sec-
tion 1.3 describes the sample and provides descriptive evidence on prior beliefs
regarding both the size of the gender wage gap and the percentage explained by
children. Section 1.4 presents the results, and Section 1.5 concludes.

1.2 Experimental design

Studying individuals’ beliefs about the percentage of the gender wage gap explained
by having children and how these beliefs relate to policy views is challenging using
observational data alone. Pre-existing beliefs and selective exposure to information
complicate the identification of causal effects. Hence, an experimental setting that
allows for exogenous variation in individuals’ beliefs, precise measurement of polit-
ical preferences and underlying perceptions, and full control over the information
content presented to participants is necessary. Specifically, an ideal experimental de-
sign should: (i) establish a common baseline by anchoring participants’ beliefs about
the overall size of the gender wage gap, ensuring that subsequent information about
shares is interpreted consistently across individuals; (ii) clearly explain the concept
of and elicit prior beliefs about the percentage of the wage gap explained by having
children and ensure understanding; (iii) randomly assign participants to receive an
empirically obtained estimate of this percentage and randomly vary the magnitude
of the estimate presented, thereby generating exogenous variation in beliefs about
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the child-related component of the wage gap, and assess belief updating in response;
(iv) include a comprehensive set of survey items to elicit political preferences and
measure underlying beliefs and perceptions through which information may affect
policy preferences.

1.2.1 Overview and timeline

We conducted an online survey experiment using the U.S. participant pool of the
platform Prolific. In the experiment, participants are asked a series of questions re-
garding their beliefs and preferences. Figure 1.1 presents the experimental setup.

At the beginning of the survey, subjects have to pass a basic attention and com-
prehension check to continue with the main part. The main part starts with partic-
ipants being asked to give their best guess about the size of the gender wage gap.
They are then informed about the size, calculated using the Panel of Income Dynam-
ics (PSID)1, and subsequently asked to report their narratives about what causes the
gender wage gap in an open-text question format.

Participants are then randomly assigned to one of two groups: Low estimate: 60
or High estimate: 90. These two estimates result from a slight variation in how the
child-related part of the gender wage gap is defined—specifically, whether or not the
effect of children on men’s wages is included. Both groups receive an introduction
to the child-related part of the gender wage gap, including an explanation of how
the percentage of the gap explained by children is calculated. This information is
tailored to the estimate assigned to each group and followed by a comprehension
question. The only difference between the groups lies in the information provided
on this introduction page. Section 1.2.2 provides further details on these treatment
groups. Afterward, all participants are asked to provide their own estimate of the
percentage of the gender wage gap explained by children.

Participants in each of the two groups, Low estimate: 60 and High estimate: 90,
are further divided into a Control group and an Info group, resulting in four treat-
ment conditions: Info & 60, Info & 90, Control & 60 and Control & 90. The Info groups
receive information about the empirically estimated share of the gender wage gap
explained by having children, corresponding to the estimate of the treatment group
to which they were assigned. Participants in the Control groups do not receive any
new information. Instead, they are reminded of their own estimates. We then check
whether participants have understood the treatment and paid attention. Afterwards,
they answer questions regarding their policy views, which include our main outcome
variables and are discussed in more detail in Section 1.2.3. We then elicit several
additional underlying perceptions and beliefs that may shape policy preferences or
mediate the relationship between beliefs and these preferences. This includes their

1. The estimate is based on the cleaned data used by Cortés and Pan (2023) from the PSID for
the years 2005 to 2016.
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Figure 1.1. Experimental timeline
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fairness and efficiency perceptions, both regarding the overall gender wage gap and
the child-related component relative to the part unrelated to children, as well as
their views on the sources of inequalities underlying the gender wage gap and the
extent to which these sources are attributed to biological or societal influences. Next,
we elicit their beliefs about the percentage of the gap explained by children again
to assess belief updating. Finally, participants provide demographic information and
finish the survey with a few final questions.

1.2.2 Treatment conditions

We implement four treatment conditions that vary along two key dimensions: (i)
the assumptions underlying the calculation of the percentage of the gender wage
gap explained by having children, which result in two different empirical estimates
(Low estimate: 60 vs. High estimate: 90), and (ii) whether participants are provided
with this empirical estimate (Control vs. Info). Participants are first randomly as-
signed to either the Low estimate: 60 or the High estimate: 90 condition with equal
probability. Within each estimate condition, one-third of participants are assigned
to the Control group and two-thirds to the Info group. This results in one-third of
the total sample being allocated to each of the Info & 60 and Info & 90 conditions,
and one-sixth to each of the Control & 60 and Control & 90 conditions. These four
treatment conditions allow us to independently vary (i) whether participants receive
information about the empirical estimate and (ii) the size of that estimate. This two-
stage randomization generates exogenous variation in beliefs about the contribution
of children to the gender wage gap between the Info & 60 and Info & 90 groups.
We therefore compare these groups to identify the causal effect of beliefs about the
importance of children on policy preferences.

In addition, comparing individuals in the Info groups with those in the Control
groups who hold similar prior beliefs allows us to isolate the effect of receiving in-
formation that shifts beliefs relative to one’s prior belief, rather than the effect of
merely being made aware of the potential role of children in explaining the gender
wage gap.

1.2.2.1 Low estimate: 60 vs. High estimate: 90

The two different estimates result from a slight variation in how the child-related
part of the gender wage gap is defined — specifically, whether or not the effect of
children on men’s wages is included. The high estimate corresponds to the one re-
ported in Cortés and Pan (2023). To obtain a second estimate, we redefined the
child-related part to reflect only the impact of children on women’s wages, rather
than the differential impact on women’s and men’s wages. Since men’s wages tend
to slightly increase after having children, including this effect leads to a higher es-
timate of the percentage of the gender wage gap explained by children (90), while
excluding it yields a lower estimate (60) (see Appendix 1.A.2 for further details).
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Participants in all conditions read and must understand a brief explanation of how
the percentage is calculated before reporting their belief. To make the two treat-
ments as comparable as possible, we defined the percentage explained by children
in exactly the same way, but instructed participants in Low estimate: 60 to assume
that men’s wages are unaffected by children, so they would consider only the effect
of children on women’s wages when estimating the percentage. Participants in High
estimate: 90 were instead instructed to assume that men’s wages slightly increase
after having children (see Figure 1.A.1 for the exact wording).

1.2.2.2 Control vs. Info

The Control and Info treatments differ only in whether participants are provided with
the empirical estimate calculated using the PSID data (see Figure 1.A.2). The size
of the estimate shown depends on whether participants are in the Low estimate: 60
or the High estimate: 90 condition.

1.2.3 Variables

The questions asked in the survey can be categorized into the following groups of
variables: Prior beliefs, posterior beliefs, policy preferences, perceptions about the
child-related part of the gender wage gap, beliefs and perceptions about the overall
gender wage gap, understanding of information and additional variables. Table 1.A.1
and Table 1.A.2 present the variables used and outline their exact question and re-
sponse format. Screenshots of the entire experiment can be seen in Appendix 1.A.4.

1.2.3.1 Prior beliefs

The first set of variables captures participants’ prior beliefs about the gender wage
gap and its underlying causes. To establish a common baseline, we elicit participants’
beliefs about the size of the gender wage gap by asking: “How many dollars do you
think a woman earns for every $100 earned by a man?”. Responses are given on a
scale ranging from $0 to $200. We then provide participants with an anchor by in-
forming them of the empirical estimate used in Cortés and Pan (2023) to calculate
the percentage of the gender wage gap explained by children.

The prior belief about the percentage of the gap explained by children is one
of the key explanatory variables in our analysis, from here on simply referred to as
prior. It is used to examine its correlation with policy preferences in the pure Control
group and to determine the direction of belief updating for participants who receive
information. Participants are asked “What percentage of the gender wage gap do you
think is explained by children?” and their answers are bound by a slider between 0%
and 100%.

Participants are randomly assigned to be incentivized either for their belief about
the size of the gender wage gap or for their belief about the percentage of the gap
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explained by having children. Incentives are provided in the form of a $1 bonus for
answers within +5 percentage points of the estimate based on the PSID data.

In addition, participants answer an open-ended question eliciting their beliefs
about the causes of the gender wage gap. Specifically, we ask: “Why do you think
women earn on average less than men?”.

1.2.3.2 Posterior beliefs

At the end of the survey, participants are again asked to report their own belief about
the percentage of the wage gap explained by children, from here on referred to as
posterior. This posterior allows us to assess whether participants accepted the infor-
mation and updated their belief accordingly. In addition, we elicit whether partici-
pants believe that children are an important explanation for the gender wage gap,
reflecting the subjective importance they place on this factor.

1.2.3.3 Policy preferences

This set of variables captures participants’ policy preferences, which serve as the
main outcome variables. The outcomes include overall policy support, specific policy
support and relative policy support.

Overall support is reflected by general support for reducing the gender wage gap
and support for government intervention to address the gap. More specifically, par-
ticipants answer the questions “How important do you believe it is for society to work
toward reducing the gender wage gap?” and “To what extent do you support government
action to reduce the wage gap?” on a 5-point Likert scale.

To address specific support, we ask participants to indicate the level of support
for several specific policies, which is again measured on a 5-point Likert scale. These
policies can be grouped into child-related policies (maternity leave, paternity leave,
and child care subsidies) and discrimination-related policies (equal pay legislation,
affirmative action, and gender quotas). We also elicit support for other policies,
namely: abortion rights and unrelated policies, such as: infrastructure investment,
defense, and healthcare spending. In addition, participants are asked whether they
would be willing to donate to a national organization that supports all aspects of the
child care system - Child Care Aware of America (CCAoA). They are informed that
one randomly selected participant would win $100. Participants are then asked to
decide how much of the prize they would like to keep and how much they would like
to donate to the CCAoA if they were to win. To encourage donations, we subsidized
the donation by adding 50% to the amount participants chose to give.

An important feature of our design is that we directly elicit participants’ relative
support for child-related policies compared to other policies by asking the question
“Do you think the government should prioritize reducing gender pay differences caused
by children or those caused by other factors?” on a 5-point Likert scale. Moreover, we
construct their relative support for child-related policies compared to discrimination-
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related policies by calculating the difference between their average support for child-
related policies and their average support for discrimination-related policies.

1.2.3.4 Perceptions about the child-related part

Perceptions and opinions about children as an explanation for the gender wage gap
may vary even among participants with similar beliefs about the share of the gap
explained by children. The relationship between such beliefs and policy preferences
may depend on these underlying perceptions. To capture this, we ask participants
to assess how fair and efficient? they consider the child-related component of the
gender wage gap to be, compared to the portion not explained by having children.
This gives us the notion of relative fairness and relative efficiency.

1.2.3.5 Beliefs and perceptions about the overall gender wage gap

This set of variables captures beliefs and perceptions about the overall gender wage
gap that are elicited after the treatment. The information provided may influence
policy preferences through these channels. More specifically, we elicit participants’
perceived fairness and efficiency of the overall gender wage gap, as well as their
views on its underlying sources.

1.2.3.6 Understanding of information

After either being reminded of their initial guess (Control group) or receiving infor-
mation about the percentage of the gender wage gap explained by having children
(Info group), participants are asked to report both the percentage of the gender wage
gap explained by children and the percentage not explained by children. For partici-
pants in the Control group, this serves to check whether they understand that these
two percentages must sum to 100. For participants in the Info groups, this addition-
ally verifies whether they paid attention to the information provided.

1.2.3.7 Additional variables

We collect additional variables that cannot be influenced by our treatment, but may
be significantly correlated with policy preferences. They include demographics, trust
in government, gender norms, and zero-sum thinking.

2. Efficiency here refers to the optimal allocation of talent, that is, whether pay differences arise
because men and women are inherently better suited to different types of work.
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1.3 Descriptive evidence

1.3.1 Sample description

The experiment was conducted in May 2025 using the U.S. sample of the platform
Prolific. The survey was completed by 1,498 participants.3 After excluding observa-
tions as outlined in the pre-registration, that is, subjects who are likely to be bots,
who fail a comprehension check more than twice or fail an attention check midway
through the survey, we are left with a final sample size of 1,274.4 After applying the
exclusion criteria, the randomization into the four different treatment groups is still
balanced with 33% of the participants being allocated to the Control group (Con-
trol & 90: 17% and Control & 60: 16%), 32% being allocated to the Info & 90 group
and the remaining 35% to the Info & 60 group.

Table 1.B.1 presents the demographic characteristics by treatment group used
in the analysis, namely the Control, Info & 60, and Info & 90 groups. Overall, de-
mographic characteristics are largely balanced across treatment groups. The main
differences are that the Info & 60 group contains slightly more married participants,
a difference that approaches statistical significance when compared to the Info & 90
group (p = 0.072). The Control group includes slightly more unemployed individu-
als, a difference that is statistically significant when compared to the Info & 60 group
(p =0.049). In addition, the Control group has slightly fewer female and slightly
more male participants compared to the Info groups; however, pairwise comparisons
indicate that these differences are not statistically significant.

1.3.2 Prior beliefs

We now turn to examining how well participants are informed about both the size
of the gender wage gap and the percentage of the gap explained by having children.
Panel A in Figure 1.2 shows the distribution of participants’ beliefs about the size of
the gender wage gap, expressed as women’s average hourly wage relative to men’s.
The distribution is centered around a mean of 79, meaning that women earn $79 for
every $100 earned by a man. This guess is close to the empirically estimated value
of $83 based on the PSID. Notably, the standard deviation of the distribution is $15.
This suggests that the public is generally well informed about the size of the gender
wage gap. After reporting their guess, we anchor their belief about the size of the
gender wage gap by providing all participants with the empirical estimate obtained
by using the PSID.

3. We pre-registered a target sample size of 1,500 observations. Ex post, we found that 2 partic-
ipants, although recorded on Prolific, were not present in our dataset.

4. In addition to the pre-registered exclusion criteria, we excluded 9 participants who partici-
pated twice after having failed the initial comprehension or attention check on their first attempt.
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Panel A: Prior beliefs about the size of the gender wage gap
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Notes: This figure shows the distribution of responses to the question of how many dollars re-
spondents think a woman earns for every $100 earned by a man. Responses were provided using
a slider ranging from $0 to $200. The blue line marks the mean of the distribution ($79). The red
line marks the value of the empirical estimate provided ($83).

Panel B: Prior beliefs about percent explained by children
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Notes: This figure shows the distribution of responses to the question of what percentage of the
gender wage gap respondents believe is explained by children. Responses were provided using
a slider ranging from 0% to 100%. The blue line marks the median and mean of the distribution
(50%). The red line marks the values of the low (60%) and high (90%) estimates provided to the
Info groups.

Figure 1.2. Distribution of prior beliefs
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While participants are well-informed about the gender wage gap, their beliefs
about the share explained by having children vary widely. Panel B in Figure 1.2
shows that prior beliefs are widely dispersed with a mean (and median) of 50 and
a standard deviation of 21 percentage points. This dispersion is not driven by the
differential assumptions in the Low estimate: 60 and High estimate: 90 conditions.
Beliefs are similarly distributed across both groups, with means of 49 and 51 and
standard deviations of 22 and 21, respectively (see Figure 1.B.1 for the correspond-
ing distributions across groups).>5 Importantly, on average participants’ priors are sig-
nificantly lower than the empirically estimated values derived from the PSID (p <
0.0001). The same pattern emerges when comparing priors within each condition
to the corresponding estimate, with both differences highly significant (p < 0.0001).
While 98% of participants report a value below 90, 57% report a value below 60, im-
plying that 43% report a value greater than or equal to 60. This indicates substantial
scope for informing participants and shifting beliefs in both directions.

The dispersion in priors does not appear to reflect misunderstanding of the con-
cept. Instead, it likely reflects heterogeneous beliefs about the role of children in
explaining the gender wage gap. To ensure that participants in the final sample un-
derstood the core concept, we applied a conservative exclusion criterion based on a
comprehension check regarding the percentage explained by children. After enter-
ing their prior belief and either being reminded of it or receiving new information,
participants are again asked to recall what percentage is explained by children and
what percentage is not. Of those remaining in the final sample, 94% passed the
understanding checks—defined as providing two percentages that sum to 100 and
correctly recalling either their own prior estimate or the PSID estimate presented to
the Info groups. Therefore, it seems likely that the participants in our experiment
were just not aware of this percentage prior to treatment.

Supporting the notion that participants are not well-informed about the role chil-
dren play in the gender wage gap, only 28.34% referred to children or, more broadly,
family responsibilities in the open-text question asking why they believe women earn
less on average. Among these respondents, 24.88% described direct effects, such as
women taking career breaks or reducing hours, while 5.34% referred to indirect
effects, such as employers discriminating against women because of their expected
roles as primary caregivers. Respondents who mentioned children estimate the share
of the wage gap explained by children to be 5.14 percentage points higher than those
who did not (p = 0.0001). This pattern further suggests that the elicited prior cap-
tures beliefs about the importance of children in explaining the gender wage gap.

5. The difference in means is weakly significant (p = 0.089), but becomes statistically insignifi-
cant once controlling for demographic characteristics.
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1.3.2.1 Priors by demographics

We now turn to the question of whether some groups are better informed than oth-
ers. While prior beliefs about the percentage of the gender wage gap explained by
having children are significantly correlated with gender, political affiliation, and eth-
nicity, parental status emerges as the strongest predictor (see Table 1.B.2). People
with at least one child tend to report significantly higher prior estimates than their
childless counterparts. The tendency of childless individuals to underestimate the im-
pact of children on women’s wages is consistent with Kuziemko et al. (2018), who
document that women without children underestimate the employment effects of
motherhood.

1.3.2.2 Priors by treatment group

To generate two distinct estimates, we varied whether the effect of children on men’s
wages was included when calculating the percentage of the gender wage gap ex-
plained by children. The only difference between the Control & 60 and Control & 90
groups lies in the assumption about men’s wages they were told to make. If this as-
sumption did not influence participants’ prior beliefs, we can pool these into a single
Control group that receives no additional information. To assess this, we test whether
prior beliefs differ across the two groups. Table 1.B.3 reports mean prior beliefs for
the two Control groups. Tests of equality of means show no statistically significant
differences, indicating that the assumptions did not meaningfully affect priors and
supporting the pooling of the two groups into one Control group.

1.4 Results

In this section, we examine whether and how beliefs about the importance of chil-
dren as a driver of the gender wage gap influence policy views. The section is struc-
tured as follows. First, we assess whether the information treatments successfully
shifted participants’ beliefs about the size of the child-related part of the gender
wage gap.

Next, we analyze whether the perceived importance of children affects overall
policy support, support for specific policies, and support for child-related policies
relative to other types of policies. We do so by examining the effects of the informa-
tion provided to respondents, which varied in the extent to which the gender wage
gap was attributed to children. We then extend the analysis by considering the rela-
tionship between participants’ prior beliefs and the information they received.

Finally, we explore how perceptions of fairness influence these relationships.
Specifically, we investigate whether and how the perceived fairness of the child-
related part of the gender wage gap relative to the perceived fairness of other con-
tributing factors mediates the link between the belief about the importance of chil-
dren and policy views.
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1.4.1 Updating by treatment

To examine whether and how beliefs about the importance of children as a driver of
the gender wage gap influence policy views, we compare participants across three
treatment conditions: the Control group, which did not receive any information
about an empirical estimate of the size of the child-related part of the gender wage
gap, and two information treatments, Info & 60 and Info & 90, which received em-
pirical estimates of 60% and 90%, respectively. Before turning to participants’ policy
views, we first assess whether the groups differed in their prior beliefs and whether
the treatment successfully shifted beliefs.

Table 1.1. Updating by treatment groups

Treatment group

Control Info & 60 Info & 90

Prior 49.402 49.261 51.312
(21.997) (21.663)  (20.480)
Posterior 50.043 59.388 84.788

(22.160)  (8.217) (15.787)

Observations 423 441 410

Notes: This table reports mean prior and posterior beliefs about the share of the gender wage gap explained
by children for the treatment groups used for the main analysis.

Table 1.1 reports mean prior and posterior beliefs by treatment status. Tests
of equality of means show no statistically significant differences in prior beliefs. In
particular, priors do not differ between the pooled Control group and the two Info
groups (p = 0.924 and p = 0.195, respectively), nor between Info & 60 and Info & 90
(p = 0.157). Given the absence of meaningful differences in priors, we proceed un-
der the assumption that any subsequent differences between the Control, Info & 60,
and Info & 90 groups are driven by the information participants received.

Next, we examine whether the treatment successfully shifted beliefs. The results
in Table 1.1 show clear differences in posterior beliefs across treatment conditions.
Posterior beliefs in the Info groups closely correspond to the information they re-
ceived, with mean posterior beliefs of 59.39 in Info & 60 and 84.79 in Info & 90.
In contrast, mean posterior beliefs in the Control group remain at 50.04 and do not
significantly differ from priors.

1.4.2 Beliefs about importance of children and policy support

Having established that the treatment successfully shifts participants’ beliefs about
the importance of children in explaining the gender wage gap, we now examine
whether and how this perception influences individuals’ policy preferences. We begin
by analyzing how the information provided to respondents affects various measures
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capturing their policy views. We do this by estimating the following specification:
Y: = By + By - Prior; + By - Info; + B3 - Info & 90, + B4 - X; + €; (1.1)

where Y denotes the outcome variable capturing the respondent’s policy view, Prior
represents the respondent’s initial belief about the share of the gender wage gap
explained by children, Info is a dummy variable indicating whether the respondent
was provided with an empirical estimate of this share, Info & 90 is a dummy variable
equal to one if the respondent was randomized into the Info & 90 treatment group,
and X is a vector of demographic controls.

The coefficient 8, measures the difference between the Control group and the
Info & 60 group. This coefficient captures a combination of effects. It reflects the
overall impact of receiving information, which may not only shift beliefs but also re-
duce uncertainty about the importance of children in explaining the gender wage
gap. It also encompasses potentially heterogeneous effects, as both the extent and
direction of belief updating depend on respondents’ priors. The coefficient 35, by
contrast, measures the difference between the Info & 60 and Info & 90 groups. The
only distinction between these groups is the magnitude of the share they are told is
explained by children. Regardless of their priors, individuals in the Info & 90 group
are informed that a larger share of the gender wage gap is attributable to children.
Comparing these two groups therefore allows us to identify the causal effect of be-
liefs about the extent to which children contribute to the gender wage gap on policy
preferences. The sum of the two coefficients f, + 35 therefore measures the differ-
ence between the Control group and the Info & 90 group.®

Table 1.2 presents results for several outcome variables capturing the different
aspects of policy preferences. Columns (1)—(2) report results for overall support for
reducing the gender wage gap, distinguishing between general support for reduc-
ing the gap (column (1)) and support for government intervention to achieve this
(column (2)). Columns (3)-(4) then examine how this overall support translates
into support for specific policies. Column (3) reports results for child-related poli-
cies, measured as the average support for maternity leave, paternity leave, and child
care subsidies, while column (4) reports results for discrimination-related policies,
measured as the average support for affirmative action plans (AAP), gender quo-
tas, and equal pay legislation. Rather than shifting overall support, the information
treatments may shift support across policies targeting different aspects of the gen-
der wage gap, with increases in support for some offsetting decreases for others.
Columns (5)-(6) therefore report results for relative measures of policy support. Col-
umn (5) shows the difference in support between child-related and discrimination-

6. When reporting differences between the Control group and the Info & 90 group, we perform
a Wald test of the null hypothesis that 3, + 35 = 0.
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Table 1.2. Policy support by treatment status

Overall support Specific support Relative support
(1) (2) (3) (4) (5) (6)
General Govern. Child Discrim. Child- Priorit.
support interv.  policies policies Discrim.  child-part
Prior -0.002 -0.002 -0.001 -0.001 -0.000 0.000
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Info 0.150* 0.056 -0.103" 0.045 -0.148" 0.132*
(0.061) (0.061) (0.060) (0.051) (0.053) (0.071)
Info & 90 -0.027 -0.069 0.056 -0.105"  0.161™ 0.227
(0.059) (0.062) (0.068) (0.051) (0.058) (0.079)
Observations 1274 1274 1274 1274 1274 1274
Control mean 3.96 4.14 - - - 2.69
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.1. All regres-
sions include demographic controls, and outcomes are normalized relative to the Control group. Columns
(1)-(2) present results for overall support, distinguishing between general support for reducing the gap (col-
umn (1)) and support for government intervention to achieve this (column (2)), columns (3)-(4) for specific
policies, and columns (5)-(6) for child-related policies relative to other policies. Column (3) reports results
for support for child-related policies, measured as the average of normalized support for maternity leave, pa-
ternity leave, and child care subsidies. Column (4) reports results for support for discrimination-related poli-
cies, measured as the average of normalized outcomes for support for quotas, affirmative action plans, and
equal pay legislation. Column (5) shows the difference between support for child-related and discrimination-
related policies, while column (6) captures respondents’ preference for prioritizing pay differences related
to having children. Control group means prior to normalization are reported at the bottom of the table. For
outcomes constructed from multiple variables, the Control group means for the underlying specific policies
are reported in Table 1.B.4. Robust standard errors are displayed in parentheses. ™, ™, * indicate significance
at the 1%, 5% and 10% level, respectively.

related policies, while column (6) captures respondents’ preference for prioritizing
pay differences related to having children.”

Starting with the comparison between Info & 60 and Info & 90, two key findings
emerge regarding how beliefs about the role of children in explaining the gender
wage gap shape policy preferences. First, on average, overall support is not signif-
icantly affected by the perceived importance of children as an explanation for the
gender wage gap. If anything, the relationship appears slightly negative. Second, the
perceived importance of children as an explanatory factor significantly influences
the relative support for different types of policies. The results in Column (6) indi-
cate that a higher perceived importance of children leads to a significant increase
in the preference for prioritizing pay differences related to having children, with
the Info & 90 group exhibiting a 0.227 s.d. higher preference relative to Info & 60
(p < 0.01). Similarly, Column (5) shows relatively greater support for child-related

7. The last two outcomes were not explicitly pre-registered. However, relative support was di-
rectly measured in the survey and closely corresponds to the pre-registered measures of support for
specific policies. The observed pattern is consistent with the effects across those individual items.
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policies compared to discrimination-related ones, with the Info & 90 group showing
a 0.161 s.d. higher level of relative support (p < 0.01). This pattern is primarily
driven by a significantly negative relationship between the perceived importance of
children and support for discrimination-related policies (Column (4)), where the
Info & 90 group reports a 0.105 s.d. lower level of support relative to the Info & 60
group (p < 0.05).

To examine which specific policies are most affected, Table 1.B.4 reports results
for each policy separately. For child-related policies, participants in the Info & 90
group show significantly greater support for maternity leave (0.148 s.d.; p < 0.10),
but not for paternity leave or child care subsidies. Similar to the support for child
care subsidies, donations to the overall child care system do not differ significantly
between the groups (see Table 1.B.5). For discrimination-related policies, partic-
ipants in Info & 90 exhibit significantly lower support for quotas (—0.102 s.d.;
p < 0.10), and especially for AAP (—0.118 s.d.; p < 0.05), while support for stricter
equal pay legislation is only marginally lower (—0.093; p = 0.137).

Result 1 Higher perceived contribution of children to the gender wage gap signifi-
cantly reallocates support across policy types, shifting it toward child-related poli-
cies and away from discrimination-related ones. This pattern is primarily driven by
higher support for maternity leave and lower support for quotas and affirmative ac-
tion programs.

However, beliefs about the extent to which children contribute to the gender wage
gap do not, on average, affect overall support for reducing the gender wage gap.

We next examine whether the main results are driven by specific subgroups or
instead reflect broadly similar responses across demographic characteristics. Across
heterogeneity analyses, we find no significant differences between demographic
groups in the shift in relative support from discrimination-related policies toward
child-related policies in response to a higher perceived importance of children as
an explanation for the gender wage gap, though some differences emerge for other
policy outcomes. Interacting the treatment with gender shows that the only signif-
icant difference in the relationship between beliefs and policy views arises for the
preference to prioritize pay differences related to having children, where the posi-
tive response is primarily driven by men (see Table 1.B.6 and Table 1.B.7). Results
by parental status show largely similar responses across groups, though parents
tend to exhibit a somewhat more positive relationship between beliefs about the
role of children and both overall support and support for specific policies, which
only reaches statistical significance for child care subsidies (see Table 1.B.8 and Ta-
ble 1.B.9). Finally, heterogeneity by party affiliation indicates largely similar rela-
tionships between beliefs and relative policy support across groups. Differences arise
only for overall support for government intervention, where individuals aligned with
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the Democratic Party respond more positively to a higher perceived importance of
children (see Table 1.B.10 and Table 1.B.11).

We now turn to a discussion of one potential channel that may contribute to
the treatment effect. Individuals who hold similar beliefs about the extent to which
children explain the gender wage gap may differ in how they attribute this effect to
penalties in women’s wages versus gains in men’s wages. Part of the experimental
variation that creates exogenous differences in beliefs between the Info & 60 and
Info & 90 groups stems from the different assumptions participants were asked to
make about men’s wages. Differences in policy preferences across these groups may
therefore partly reflect differences in attribution. However, we cannot directly isolate
this channel when comparing the Info & 60 and Info & 90 groups, as these treatments
simultaneously shift both the perceived size of the child-related component and the
underlying assumptions about men’s wages.

To provide suggestive evidence on whether attribution affects policy views, we
compare the two Control groups. As both groups hold similar priors about the over-
all share explained by children, the only difference between Control & 60 and Con-
trol & 90 is the assumption about men’s wages. Any differences in policy preferences
between these groups can therefore be interpreted as reflecting differences in attri-
bution. Comparing the two Control groups, we find no statistically significant differ-
ences in the main policy outcomes, although the Control & 90 group tends to show
lower support for discrimination-related policies (see Table 1.B.12). This difference
reaches statistical significance for quotas, with the Control & 90 group exhibiting
a 0.175 s.d. lower level of support compared to Control & 60 (p < 0.10; see Ta-
ble 1.B.13). Taken together, these findings suggest that differences in attribution to
women’s versus men’s wages may partly account for the differences in policy prefer-
ences observed between the Info & 60 and Info & 90 groups.

Turning to the differences between the Control and Info groups, we find that
both the Info & 60 and Info & 90 treatments significantly increase general support
for reducing the gender wage gap (Column (1)). In addition, Info & 60 significantly
shifts relative support away from child-related toward discrimination-related poli-
cies (Column (5)), while simultaneously increasing the preference for prioritizing
pay differences related to having children (Column (6)). At this stage, however, it
remains unclear how the information provided relates to participants’ prior beliefs.
To better understand these patterns, the next subsection examines how the treat-
ments interact with individuals’ prior beliefs.

1.4.3 Treatment effects by prior

To better understand differences in policy views between the Control and Info
groups, we consider how the provided information relates to individuals’ prior be-
liefs. For individuals with priors less than or equal to 60, assignment to Info & 60
provides information weakly above their prior, while assignment to Info & 90 pro-
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vides information strictly above it. In contrast, for individuals with priors above 60,
assignment to Info & 60 provides information strictly below their prior, whereas as-
signment to Info & 90 provides information weakly above it.8 We therefore split the
sample by whether prior beliefs are less than or equal to 60 or above 60 and rerun
equation 1.1 separately for the two subsamples.

Table 1.3. Policy support by treatment status split by prior

Overall support Specific support Relative support
(1) () (3) (4) (5) (6)
General  Govern. Child Discrim. Child- Priorit.

support  interv. policies policies Discrim. child-part
Panel A: Prior < 60

Prior -0.001 -0.000 -0.001 0.001 -0.003 -0.000
(0.002) (0.002) (0.002) (0.002) (0.002) (0.003)
Info 0.095 -0.006 -0.116 -0.015 -0.101 0.168*
(0.075)  (0.074) (0.074)  (0.063) (0.067) (0.086)
Info & 90 0.054 -0.013 0.024 -0.058 0.082 0.290™*
(0.070) (0.073) (0.084)  (0.061) (0.072) (0.097)
Observations 835 835 835 835 835 835
Control mean 3.99 4.21 - - - 2.65
Demographics Yes Yes Yes Yes Yes Yes
Panel B: Prior > 60
Prior -0.012"  -0.008 -0.008 -0.005 -0.003 0.005
(0.006) (0.006) (0.007)  (0.005) (0.005) (0.007)
Info 0.242* 0.154 -0.092 0.1477 -0.238™* 0.045
(0.105)  (0.111) (0.102)  (0.086) (0.085) (0.129)
Info & 90 -0.179" -0.167 0.114 -0.204™  0.318" 0.123
(0.108) (0.116) (0.122)  (0.094) (0.094) (0.137)
Observations 439 439 439 439 439 439
Control mean 3.90 4,01 - - - 2.77
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.1. All regres-
sions include demographic controls, and outcomes are normalized relative to the Control group. Panel A
reports results for subjects who estimate the percentage of the gender wage gap explained by children to
be less than or equal to 60, whereas Panel B reports results for those estimating it to be above 60. Columns
(1)-(2) present results for overall support, distinguishing between general support for reducing the gap (col-
umn (1)) and support for government intervention to achieve this (column (2)), columns (3)-(4) for specific
policies, and columns (5)—(6) for child-related policies relative to other policies. Column (3) reports results
for support for child-related policies, measured as the average of normalized support for maternity leave, pa-
ternity leave, and child care subsidies. Column (4) reports results for support for discrimination-related poli-
cies, measured as the average of normalized outcomes for support for quotas, affirmative action plans, and
equal pay legislation. Column (5) shows the difference between support for child-related and discrimination-
related policies, while column (6) captures respondents’ preference for prioritizing pay differences related
to having children. Control group means prior to normalization are reported at the bottom of the table and
are calculated within the respective subsample. For outcomes constructed from multiple variables, the Con-
trol group means for the underlying specific policies are reported in Table 1.B.14. Robust standard errors
are displayed in parentheses. **, **, * indicate significance at the 1%, 5% and 10% level, respectively.

8. Only one participant in Info & 90 reports a prior greater than 90.
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Panel A of Table 1.3 reports results for individuals with priors less than or equal
to 60, while Panel B reports results for those with priors above 60. We begin with
individuals whose priors are less than or equal to 60. Relative to the Control group,
the main difference for those in the Info treatments concerns preferences to prioritize
child-related pay differences. Individuals who receive a weak upward shift exhibit a
0.168 s.d. higher preference relative to the Control group (p = 0.050). The increase
is even larger for individuals receiving a strong upward shift relative to those receiv-
ing a weak upward shift (0.290 s.d.; p < 0.01). In addition, individuals who are
strongly upward shifted display significantly higher general support than those in
the Control group (0.149 s.d.; p < 0.05).

Turning to individuals with priors strictly above 60, those receiving a downward
shift exhibit significantly higher general support (0.242 s.d.; p < 0.05) and shift
their relative support away from child-related policies toward discrimination-related
ones (—0.238 s.d.; p < 0.01). This change in relative support is more strongly driven
by an increase in support for discrimination-related policies (0.147 s.d.; p < 0.10).
In contrast, individuals receiving an upward shift respond significantly differently
from those receiving a downward shift. They exhibit a significantly smaller increase
in general support and in support for discrimination-related policies, and a more
positive change in their relative support for child-related policies. However, when
compared directly to the Control group, individuals receiving an upward shift do
not exhibit statistically significant differences. The point estimates are nevertheless
directionally similar to those observed for individuals with priors less than or equal
to 60 who receive a weak upward shift.

These findings help reconcile the earlier result that Info & 60 significantly shifts
relative support toward discrimination-related policies while simultaneously increas-
ing the preference for prioritizing pay differences related to having children. Par-
ticipants in Info & 60 who were downward shifted reallocate support away from
child-related policies toward discrimination-related ones, whereas those who were
upward shifted primarily increase their preference for prioritizing pay differences
related to children.

As a robustness check, we estimate instrumental variable specifications that ex-
ploit variation in actual belief updating rather than treatment assignment alone.
Specifically, we instrument the change in beliefs, measured as Posterior; — Prior;,
with treatment assignment. This variable captures both the direction and magni-
tude of updating, taking positive values for upward revisions and negative values
for downward revisions. The IV estimates yield qualitatively similar results to the
intention-to-treat effects reported in the main analysis (see Table 1.B.15 for the IV

estimates and Table 1.B.16 for the corresponding first stage).

To summarize these findings, we adopt a slightly different approach. Rather than
splitting participants by both the information treatment they received and their prior
beliefs, we instead group them according to how the provided information relates to
their prior. Specifically, we estimate the following specification:
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Y, = 6y + &, - Prior; + 6, - Info; + 84 - Info=Prior; + 6,4 - Info>Prior; + 65 - X; + u; (1.2)

where Y denotes the outcome variable capturing the respondent’s policy view, Prior
represents the respondent’s initial belief about the share of the gender wage gap
explained by children, Info is a dummy variable indicating whether the respondent
was provided with an empirical estimate of this share, Info=Prior is a dummy vari-
able equal to one if the respondent was provided with an empirical estimate equal
to their prior, Info>Prior equals one if the information exceeds the prior, and X in-
cludes demographic controls.® The coefficient §, measures the difference between
the Control group and individuals in the Info groups who were downward shifted.
The coefficient 6, measures the difference between individuals in the Info groups
who were upward shifted and those who were downward shifted, thereby identi-
fying whether treatment effects significantly differ between participants receiving
information below versus above their prior. The sum &, + 6,4 therefore measures the
difference between the Control group and individuals in the Info groups who were
upward shifted.10

Table 1.4 reports results for equation 1.2. The results show that responses de-
pend significantly on the sign of the information relative to the prior, most notably
for relative policy support and support for discrimination-related policies, and to a
lesser extent for general support.

Those being downward shifted significantly increase their general support
(0.258 s.d.; p < 0.01) and significantly reallocate support away from child-related
policies and toward discrimination-related policies (—0.249 s.d.; p < 0.01). This
shift is mainly driven by lower support for paternity leave and higher support for
discrimination-related policies, particularly AAP and stricter equal pay legislation
(see Table 1.B.17).

Comparing individuals who are upward shifted to those who are downward
shifted shows that the former exhibit significantly lower general support (—0.151
s.d.; p < 0.10) and significantly lower support for discrimination-related policies
(—0.160 s.d.; p < 0.05), as well as significantly higher relative support. In par-
ticular, they reallocate relatively more support toward child-related policies than
toward discrimination-related ones (0.233 s.d.; p < 0.01) and exhibit a signifi-
cantly stronger preference for prioritizing child-related pay differences (0.186 s.d.;
p < 0.10). Compared to the Control group, those being upward shifted increase their
general support by only 0.107 s.d. (p < 0.10) and significantly increase their pref-
erence for prioritizing pay differences related to children by 0.280 s.d. (p < 0.01).

9. 661 participants received an empirical estimate above their prior, 153 received an estimate
below their prior, and only 37 received an estimate equal to their prior. Given the small sample size of
this latter group, we refrain from reporting and interpreting the corresponding results.

10. When reporting differences between the Control group and individuals who were upward
shifted, we perform a Wald test of the null hypothesis that 6, + 6, = 0.
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Table 1.4. Policy support by direction of information relative to prior

Overall support Specific support Relative support
(1) (2) (3) (4) (5) (6)
General Govern. Child Discrim. Child- Priorit.
support interv.  policies policies Discrim.  child-part
Prior -0.003*  -0.003* -0.000 -0.002 0.002 0.002
(0.001) (0.001) (0.001) (0.001) (0.001) (0.002)
Info 0.258™ 0.122 -0.124 0.125" -0.249™ 0.095
(0.088) (0.092) (0.089) (0.073) (0.077) (0.107)
Info > Prior -0.151" -0.128 0.074 -0.160"  0.233" 0.186"
(0.087) (0.092) (0.092) (0.073) (0.078) (0.110)
Observations 1274 1274 1274 1274 1274 1274
Control mean 3.96 4.14 - - - 2.69
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.2. All regres-
sions include demographic controls, and outcomes are normalized relative to the Control group. The dummy
variable Info=Prior is included in all specifications but omitted from the table due to the small number of
observations. Columns (1)~(2) present results for overall support, distinguishing between general support
for reducing the gap (column (1)) and support for government intervention to achieve this (column (2)),
columns (3)-(4) for specific policies, and columns (5)-(6) for child-related policies relative to other policies.
Column (3) reports results for support for child-related policies, measured as the average of normalized
support for maternity leave, paternity leave, and child care subsidies. Column (4) reports results for support
for discrimination-related policies, measured as the average of normalized outcomes for support for quo-
tas, affirmative action plans, and equal pay legislation. Column (5) shows the difference between support for
child-related and discrimination-related policies, while column (6) captures respondents’ preference for pri-
oritizing pay differences related to having children. Control group means prior to normalization are reported
at the bottom of the table. For outcomes constructed from multiple variables, the Control group means for
the underlying specific policies are reported in Table 1.B.17. Robust standard errors are displayed in paren-
theses. ™, *, * indicate significance at the 1%, 5% and 10% level, respectively.

Result 2 (Direction of belief updating) Treatment effects on general support, sup-
port for discrimination-related policies, and relative support depend significantly on
the direction of the information relative to the prior.

* Those being downward shifted significantly increase their general support and
significantly reallocate support away from child-related policies and toward
discrimination-related ones.

* Those being upward shifted also increase their general support, but to a lesser
extent, and significantly increase the preference for prioritizing child-related pay
differences.

These results suggest that the direction of the shift alone cannot account for
the observed treatment effects on general support, as both upward- and downward-
shifted participants increase their support. Nor is the direction meaningfully corre-
lated with support for government intervention or child-related policies. To gain a
clearer understanding, we next examine heterogeneous effects based on participants’



32 | 1 Children and the Gender Wage Gap: Beliefs, (Mis)perceptions, and Policy Preferences

perceptions of the child-related component relative to the non-child-related compo-
nent of the gender wage gap.

1.4.4 The role of fairness perceptions

Previous research shows that many individuals hold fairness views according to
which the acceptance of inequality depends on beliefs about its sources and whether
these sources are perceived as fair or unfair (see, e.g., Alméas, Hufe, and Weishaar,
2025, for a review). In the context of the gender wage gap, individuals may hold dif-
ferent beliefs about the sources and fairness of child-related pay differences as well
as of pay differences unrelated to children. Shifting beliefs about the contribution
of children to the gender wage gap alters the perceived importance of child-related
factors relative to other determinants. As a result, the effect of such shifts on support
for reducing the gender wage gap might depend on how fair an individual perceives
child-related pay differences to be compared to other explanatory factors.

To capture these perceptions, we elicit participants’ views on the fairness of the
child-related part relative to the remaining part of the gap on a 5-point Likert scale
ranging from 1 (“much less fair”) to 5 (“much more fair”). Since both Info groups re-
ceived information about the size of the child-related component prior to answering
this question, we can test whether information affects perceived relative fairness.
Table 1.B.18 shows mean perceptions about relative fairness by treatment status.
Tests of equality of means show no statistically significant differences, suggesting
that these perceptions are independent of beliefs about children’s contribution to
the gender wage gap.! Across the full sample, the child-related part is perceived as
slightly less fair on average, with considerable heterogeneity across participants (see
Figure 1.B.2).

We now examine whether the impact of information on policy support depends
on individuals’ fairness perceptions. Specifically, we test how participants who view
the child-related component as less fair and those who view it as equally or more
fair respond to information above or below their prior, and whether these responses
differ between the two groups. To do this, we introduce a binary variable, Child less
fair, which equals 1 if a participant perceives the child-related part as strictly less fair
than the part not related to children. We then rerun equation 1.2 separately for the
two subsamples. In addition, we estimate a pooled specification interacting all co-
variates with Child less fair, which allows for a direct test of whether the coefficients
differ across the two groups.

Panel A of Table 1.5 reports results for participants who perceive the child-
related part as equally or more fair, while Panel B reports results for those who
perceive it as less fair. Table 1.B.19 reports the corresponding pooled interaction

11. Perceptions do not differ between the pooled Control group and the two Info groups (p =
0.610 and p = 0.187, respectively), nor between Info & 60 and Info & 90 (p = 0.408).



1.4 Results | 33

Table 1.5. Policy support by direction of information relative to prior split by fairness perceptions

Overall support Specific support Relative support
(1) (2) (3) (4) (5) (6)
General Govern. Child Discrim. Child- Priorit.
support interv. policies  policies  Discrim.  child-part
Panel A: Equally or more fair
Prior -0.006™ -0.005™ -0.002 -0.004" 0.002 -0.001
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Info 0.367" 0.306™ -0.114 0.242* -0.356™" 0.111
(0.135) (0.131) (0.140) (0.107) (0.121) (0.136)
Info > Prior -0.359"  -0.371™  -0.066  -0.305" 0.240* 0.017
(0.138) (0.135) (0.149) (0.110) (0.123) (0.141)
Observations 641 641 641 641 641 641
Control mean 3.79 3.94 - - - 2.64
Demographics Yes Yes Yes Yes Yes Yes
Panel B: Less fair
Prior 0.002 0.001 0.003™ 0.002 0.002 0.005*
(0.001) (0.001) (0.001) (0.001) (0.001) (0.003)
Info 0.152 -0.082 -0.143" -0.009 -0.134 0.112
(0.103) (0.127) (0.085) (0.088) (0.088) (0.1712)
Info > Prior 0.018 0.103 0.174* -0.024 0.198* 0.299°
(0.097) (0.121) (0.085) (0.085) (0.090) (0.168)
Observations 633 633 633 633 633 633
Control mean 4.16 4.38 - - - 2.75
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.2. All regres-
sions include demographic controls, and outcomes are normalized relative to the Control group. The dummy
variable Info=Prior is included in all specifications but omitted from the table due to the small number of
observations. Panel A reports results for respondents who believe that the child-related part is equally or
more fair, whereas Panel B reports results for those who believe it is less fair than the part not explained
by children. Columns (1)-(2) present results for overall support, distinguishing between general support
for reducing the gap (column (1)) and support for government intervention to achieve this (column (2)),
columns (3)-(4) for specific policies, and columns (5)—(6) for child-related policies relative to other policies.
Column (3) reports results for support for child-related policies, measured as the average of normalized
support for maternity leave, paternity leave, and child care subsidies. Column (4) reports results for support
for discrimination-related policies, measured as the average of normalized outcomes for support for quo-
tas, affirmative action plans, and equal pay legislation. Column (5) shows the difference between support for
child-related and discrimination-related policies, while column (6) captures respondents’ preference for pri-
oritizing pay differences related to having children. Control group means prior to normalization are reported
at the bottom of the table and are calculated within the respective subsample. For outcomes constructed
from multiple variables, the Control group means for the underlying specific policies are reported in Ta-
ble 1.B.20. Robust standard errors are displayed in parentheses. ™, **, * indicate significance at the 1%, 5%
and 10% level, respectively.

specification. Two key findings emerge. First, individuals who perceive the child-
related component as equally or more fair and those who view it as less fair respond
similarly in terms of relative support for child-related versus discrimination-related
policies, although the underlying shifts in support for specific policies differ across
groups.

Among participants who perceive the child-related component as equally or
more fair, the direction of belief updating is negatively related to support for
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discrimination-related policies and therefore positively related to relative support
for child-related versus discrimination-related policies. Downward-shifted individ-
uals increase their support for discrimination-related policies relative to the Con-
trol group (0.242 s.d.; p < 0.05), driven by higher support for both quotas and
AAP (see Table 1.B.20). This leads to a significant reallocation of support away
from child-related toward discrimination-related policies (—0.356 s.d.; p < 0.01).
By contrast, upward-shifted individuals show only one significant difference rela-
tive to the Control group, namely reduced support for child-related policies (—0.179
s.d.; p < 0.10), mainly driven by lower support for child care subsidies (see Ta-
ble 1.B.20).

Among individuals who perceive the child-related component as less fair, the
relationship between the direction of the signal and support for both child-related
and discrimination-related policies is qualitatively more positive than among those
who perceive it as equally or more fair. This pattern is visible across all specific
policies, with the largest differences by fairness perception observed for support
for quotas, followed by child care subsidies (see Table 1.B.21). As a result, among
participants who perceive the child-related component as less fair, the direction of
the information relative to the prior is positively related to relative support, mainly
through a positive relationship with support for child-related policies. Downward-
shifted individuals exhibit a decrease in support for child-related policies (—0.143
s.d.; p < 0.10), driven predominantly by lower support for paternity leave relative
to the Control group (see Table 1.B.20). By contrast, upward-shifted individuals re-
spond more positively in their support for child-related policies, although they do not
significantly change their support relative to the Control group. In addition, upward-
shifted individuals exhibit a stronger preference for prioritizing child-related pay
differences relative to the Control group (0.411 s.d.; p < 0.01).

The second main finding is that the effect of shifts in beliefs about the contribu-
tion of children to the gender wage gap on overall support depends significantly on
whether individuals perceive the child-related component as more or less fair than
the part not explained by children. Participants who perceive the child-related com-
ponent as less fair exhibit a more positive relationship between overall support and
the direction of the information signal.

Among participants who perceive the child-related component as equally or
more fair, we find a strong negative relationship between the direction of the in-
formation relative to the prior and overall support. Downward-shifted individuals
significantly increase their overall support, reflected in both general support (0.367
s.d.; p < 0.01) and support for government intervention (0.306 s.d.; p < 0.05). By
contrast, upward-shifted individuals do not significantly change their overall support
relative to the Control group.

Turning to participants who perceive the child-related component as less fair, the
direction of the information relative to the prior is positively, but not significantly,
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related to overall support. Relative to the Control group, only upward-shifted indi-
viduals exhibit a significant increase in general support (0.170 s.d.; p < 0.05).

To summarize, participants increase general support when information indicates
that the component of the gender wage gap they perceive as less fair is larger,
whereas they do not reduce support when information suggests that the component
they perceive as more fair is larger. This asymmetry helps reconcile the earlier find-
ing that both upward- and downward-shifted participants increase general support
on average.

Result 3 (Fairness) The relationship between the direction of belief updating and
overall support as well as support for specific policies depends significantly on
whether individuals view the child-related component as more or less fair than the
part not explained by children.

a. For individuals who perceive the child-related component as equally or more
fair, the direction of belief updating is negatively related to overall support and
support for discrimination-related policies, resulting in a positive relationship
with relative support for child-related policies.

b. For individuals who perceive the child-related component as less fair, the di-
rection of belief updating is positively related to support for child-related poli-
cies, relative support for child-related policies, and the preference for prioritizing
child-related pay differences.

A similar analysis based on whether participants perceive the child-related part
as more or less efficient is presented in Appendix 1.B.2.4. In contrast to fairness
perceptions, we do not observe statistically significant differences in responses by
efficiency perceptions. This is in line with previous findings showing that efficiency
concerns are less predictive of the acceptance of inequality and support for redis-
tributive policies than fairness concerns (e.g., Stantcheva, 2021; Almas et al., 2024).

1.4.4.1 Beliefs about sources of gender wage gap

In this subsection, we examine how beliefs about the role of children in the gen-
der wage gap and perceptions of the relative fairness of the child-related compo-
nent jointly shape policy views. Specifically, we test whether differences in policy
responses across fairness perceptions operate through beliefs about the underlying
sources of the gender wage gap. These sources include individual choice, as well as
more specific channels such as discrimination and differences in personal traits.

As a first step, Table 1.B.25 examines how the direction of the shift in beliefs
about the contribution of children to the gender wage gap affects beliefs about these
sources, depending on individuals’ fairness perceptions. The results show that the
effect of the shift on beliefs about the sources of the gap differs significantly by fair-
ness perceptions. Individuals who perceive the child-related component as less fair
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exhibit a significantly more negative relationship between the direction of the shift
and the belief that the gender wage gap reflects individual choice, and a significantly
more positive relationship with the belief that the gap reflects discrimination. This
pattern suggests that individuals with different fairness perceptions hold systemati-
cally different views about whether the child-related and non-child-related compo-
nents of the gap are reflecting individual choice or discrimination.

In a second step, Table 1.B.26 examines whether differences in the impact of
information on policy support across fairness perceptions persist once beliefs about
these sources are controlled for. The results show that controlling for beliefs about
the sources of the gender wage gap accounts for the heterogeneity in policy re-
sponses, suggesting that the joint effect of beliefs about the role of children and
fairness perceptions operates through beliefs about these sources.

1.5 Conclusion

This paper studies beliefs about the role of children in driving the gender wage gap
and how these beliefs shape policy preferences. We document that beliefs about the
share of the gender wage gap explained by having children are highly dispersed and,
on average, substantially lower than the empirical estimates. Leveraging randomized
information treatments that exogenously shift beliefs about the importance of chil-
dren in explaining the gap, we show that increasing the perceived contribution of
children increases the preference for prioritizing pay differences related to children
and leads to a significant reallocation of support across policy types. In particular,
higher perceived contributions of children shift support toward child-related policies,
primarily through higher support for maternity leave, and away from discrimination-
related policies such as quotas and affirmative action programs.

We further show that treatment effects, particularly on support for
discrimination-related policies and relative support, depend on the direction
of belief updating. Individuals whose beliefs are shifted downward reallocate
support away from child-related policies toward discrimination-related policies,
while individuals whose beliefs are shifted upward increase their preference for
prioritizing pay differences related to children. Finally, we demonstrate that fair-
ness perceptions are central to these responses, particularly for overall support.
Participants who perceive the child-related component as less fair exhibit a more
positive relationship between the direction of belief updating and overall support.
More broadly, information increases overall policy support only when it raises the
perceived importance of the component of the wage gap individuals view as less
fair.

While prior work has highlighted the empirical importance of the child penalty,
our study shows that this central driver of gender inequality is largely underesti-
mated and that correcting this informational gap has meaningful effects. We provide



1.5 Conclusion | 37

novel causal evidence that beliefs about specific explanations for inequality matter
for how individuals allocate support across competing policies.

Our methodology and findings open possibilities for future research. We fix be-
liefs about the size of an inequality and provide information about a percentage
explained by a specific factor. This methodology can be applied to other types of
inequality. Furthermore, while we focus on beliefs about the role of children in driv-
ing the gender wage gap, other contributing factors, such as discrimination, occupa-
tional sorting, or differences in negotiation behavior, may be subject to similar mis-
perceptions. Exploring beliefs about these factors, and how they interact with fair-
ness and efficiency considerations, could yield further insights into the relationship
between narratives and policy preferences. By introducing the concepts of relative
support and relative fairness, we initiate a discussion about trade-offs in such pref-
erences and perceptions. Moreover, we address the question of how relative fairness
operates and set the stage for further investigation of what determines it.

These directions build upon the central contribution of this paper: that beliefs
about the causes of inequality are consequential, and understanding them is critical
for designing effective policy interventions.
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Appendix 1.A Experiment

1.A.1 Treatment conditions: Design

Panel A: Low estimate: 60
Introduction: Gender wage gap and children

When people have their first child, they may change their careers or face limitations that affect their work. These changes can
impact their wages.

Having a child may impact women's and men’s wages differently and the impact can be measured separately for each. To do
this, mothers are compared to women without children, and fathers to men without children, while accounting for factors like

education, age, race and region.

Research shows that men's wages do not fall after having a child. You should assume that children have no effect on men’s
wages. However, women’s wages tend to fall. This increases the gap between women's and men's wages and can therefore
help explain the gender wage gap.

« The larger the drop in women’s wages compared to men’s, the more children explain the gender wage gap.
« The smaller the drop, the less children explain the gender wage gap.

On the next page, you'll guess what percentage of the gender wage gap is explained by children. The remaining percentage
exists even in the absence of children and is therefore caused by other factors.

Panel B: High estimate: 90
Introduction: Gender wage gap and children

When people have their first child, they may change their careers or face limitations that affect their work. These changes can
impact their wages.

Having a child may impact women's and men's wages differently and the impact can be measured separately for each. To do
this, mothers are compared to women without children, and fathers to men without children, while accounting for factors like
education, age, race and region.

Research shows that men’s wages do not fall after having a child. You should assume that children have a slightly
positive effect on men’s wages. However, women’s wages tend to fall. This increases the gap between women's and men's
wages and can therefore help explain the gender wage gap.

+ The larger the drop in women's wages compared to men's, the more children explain the gender wage gap.
« The smaller the drop, the less children explain the gender wage gap

©On the next page, you'll guess what percentage of the gender wage gap is explained by children. The remaining percentage
exists even in the absence of children and is therefore caused by other factors.

Notes: This figure shows the introduction screen presented to participants, explaining the percentage of the
gender wage gap attributed to children. Panel A corresponds to the Low estimate: 60 treatment and Panel B
to the High estimate: 90 treatment.

Figure 1.A.1. Treatment groups: Low estimate: 60 vs. High estimate: 90
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Panel A: Control & 60 and Control & 90
Reminder

You have estimated that 50% of the gender wage gap is explained by children. The figure below shows your estimate of how
much of the gap is explained by children versus how much is not.

W Explained by children
Not explained by children
Your estimate 50

20 0 60 80 100

Panel B: Info & 60
Reminder and PSID estimate

You have estimated that 50% of the gender wage gap is explained by children.

In fact, 60% of the gender wage gap is explained by children, according to calculations based on the PSID. The figure below
shows both your estimate and the PSID estimate of how much of the gap is explained by children versus how much is not.

W Explained by children
Not explained by children

Your estimate

o _ 1

Panel C: Info & 90
Reminder and PSID estimate
You have estimated that 50% of the gender wage gap is explained by children.

In fact, 90% of the gender wage gap is explained by children, according to calculations based on the PSID. The figure below
shows both your estimate and the PSID estimate of how much of the gap is explained by children versus how much is not.

= Explained by children
Not explained by children

Your estimate 50

PSID estimate 10

60 80 100

Notes: This figure shows the main variation across treatment groups. Participants in the Info groups are
presented with the empirically estimated percentage based on the PSID and are reminded of their own prior
estimate, whereas participants in the Control groups are only reminded of their own prior estimate. Panel
A corresponds to the Control treatments, Panel B to the Info & 60 treatment and Panel C to the Info & 90
treatment.

Figure 1.A.2. Treatment groups: Control vs. Info
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1.A.2 Treatment conditions: Calculation of the PSID estimates

Cortés and Pan (2023) perform a decomposition of the gender wage gap into a child-
related component and a component unrelated to children. They report that 90 per-
cent of the gender wage gap is explained by having children.

To obtain a second estimate, we slightly modified the definition of the child-
related part of the gender wage gap to include only the effect of children on women’s
wages. To compute the corresponding percentage, we repeated the same procedure,
with the only change being the exclusion of the effect of children on men’s wages
from the child-related part. If men’s wages were truly unaffected by children, this
would yield the same estimate. However, because men’s wages slightly increase after
having children, the resulting share of the gender wage gap explained by children
under this modified definition is 60 percent.

To make the two treatments as comparable as possible, we defined the percent-
age explained by children in exactly the same way, but instructed participants in
Info & 60 to assume that men’s wages are unaffected by children, so they would con-
sider only the effect of children on women’s wages when estimating the percentage.
Participants in Info & 90 were instead instructed to assume that men’s wages slightly
increase after having children.

Below, we present the steps of the decomposition in more detail.

Step 1: For men and women separately, the following regression is estimated:

10
v = > > B 1r =t—el -1y = pl+ ) afx§ +

e (LAD
Yy 1=-5 k

where YiT denotes the log wage of individual i at event-time 7 and time period
p. The resulting coefficients /357 estimate the effect of children on wages for women
and men at each event-time 7 and time period p.

Step 2: The gender wage gap, defined as A, =E [Y{;T
be decomposed as follows:

p,m] —IE[YI.V;T p,f], can

AP =E [?lr;’c

pom] —E[#, = B, — Brolp.s] + B[ — B,

p.f] (LA2)

The first term represents the expected predicted wages for men. The second term
reflects the expected predicted wages for women, assuming the impact of children on
their wages is the same as for men. The third term captures the child penalty—i.e.,
the average differential impact of children on women’s wages relative to men’s. This
third term is defined as the child-related part of the gender wage gap.

The percentage of the wage gap explained by children is then calculated by dividing
this third term by the total gender wage gap.
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Modification: For the modification, we used the following decomposition and
defined the third term as the child-related part.

AP =E I:?g)lﬂ:

p.m|—E[¥]. ~ B} p.f |+ E[ 5] p.f] (1.A.3)
In the data, children have a slightly positive effect on men’s wages. If men’s

wages were unaffected by children, such that [3;’; =0, then the third term in this
decomposition would coincide with the child-related part in the original specifica-

tion.
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1.A.3 Variables

Table 1.A.1. Main variables

Category Variable Question Format
Prior beliefs Size: Gender  How many dollars do you think a woman earns for ev-  Slider
wage gap ery $100 earned by a man? ($0-5200)
Prior What percentage of the gender wage gap do you think  Slider (0-100%)
is explained by children?
Posterior be- Posterior Let us ask you again, what percentage of the gender  Slider (0-100%)
liefs wage gap do you think is explained by children?
Subjective child  On a scale from 0 to 10, how important are children in  11-point scale
importance explaining the wage gap?
Overall support  Generalsupport  How important do you believe it is for society to work ~ 5-point  Likert
toward reducing the gender wage gap? scale
Government ac- To what extent do you support government action to  5-point  Likert
tion support reduce the wage gap? scale
Specific  sup- Policies Please indicate your level of support: Maternity leave, 5-point Likert
port paternity leave, child care subsidy, equal pay leg- scale
islation, affirmative action, gender quotas, abortion
rights, infrastructure, defense, healthcare
Child policies Generated as the average support for the following
policies: Maternity leave, paternity leave, child care
subsidy
Discrimination Generated as the average support for the following
policies policies: Equal pay legislation, affirmative action, gen-
der quotas
Unrelated poli- Generated as the average support for the following
cies policies: Infrastructure, defense, healthcare
Relative  sup- Prioritization Do you think the government should prioritize reduc-  5-point  Likert
port child-related ing gender pay differences caused by children or those  scale
caused by other factors?
Child- Generated as the difference between the support of
Discrimination child and discrimination policies
Donation Donation Please enter the amount you would like to donate to  Text box
CCAOA. (0-100)
Perceptions Relative  fair- Do you think it is more or less fair when pay differ- 5-point Likert
about the child- ness ences between women and men are caused by having  scale
related part children, compared to when they are caused by other
factors?
Relative effi- Do you think that pay differences between women and ~ 5-point  Likert
ciency men caused by having children reflect a more or less  scale

efficient use of talent, meaning more or less result
from women and men just being better suited to dif-
ferent kinds of tasks and work, than pay differences
caused by other factors?

Notes: This table reports the main variables used in the analysis. For each variable, the table presents the
variable name, the exact survey question, and the response format.
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Table 1.A.2. Additional variables

Category Variable Question Format
Beliefs and per- Fairness How (un)fair do you find the gender wage gap? 5-point  Likert
ceptions about scale
the overall gen- Efficiency To what extent do you agree that the gender wage gap ~ 5-point  Likert
der wage gap reflects an efficient use of talent, meaning it results  scale
from women and men just being better suited to dif-
ferent kinds of tasks and work?
Sources To what extent do you agree that the gender wage  5-point  Likert
gap is a result of the following sources of inequality?  scale
(choice, discrimination, preferences, skills, or effort)
Biological vs. For each of the following differences, how much do  6-point Likert
societal attribu-  you think it is influenced by biological rather than so- scale (incl. an-
tion cietal factors? (hourly wages, preferences, skills, per- swer: There is

formance, and effort)

no such differ-
ence)

Understanding
of information

Understanding:
child-related
part

Given the figure on the previous page, what percent-
age of the gender wage gap is explained by children?

Slider (0-100%)

Understanding:
non-child-
related part

Given the figure on the previous page, what percent-
age of the gender wage gap is not explained by chil-
dren?

Slider (0-100%)

Additional vari-
ables

Demographics

Gender, political party, age, education, own income,
marital status, having children, religion, ethnicity, em-
ployment status, (voting behavior 2024, state, house-
hold income, occupation)

Drop-down
multiple choice
menus

Trust in govern-  How often do you think you can trust the government ~ 5-point  Likert

ment to do what is right? scale

Norms To what extent do you agree that reducing the gender ~ 5-point  Likert
wage gap will inevitably reduce earnings or opportu-  scale
nities for some individuals or groups?

Zero-sum To what extent do you agree that men and women  5-point Likert
should adhere to traditional gender norms, e.g., men  scale

as breadwinners, women as homemakers?

Notes: This table displays the additional variables used in the analysis. For each variable, the table presents
the variable name, the exact survey question, and the response format.

1.A.4 Screenshots of the experiment

The experiment was conducted in English using the U.S. sample of the platform
Prolific. It was programmed in Qualtrics. The screenshots of the experiment can be
found in the digital appendix on the bonndoc publication server:
https://nbn-resolving.org/urn:nbn:de:hbz:5-91417


https://nbn-resolving.org/urn:nbn:de:hbz:5-91417

46 | 1 Children and the Gender Wage Gap: Beliefs, (Mis)perceptions, and Policy Preferences

Appendix 1.B Additional tables and figures

1.B.1 Descriptive evidence

Table 1.B.1. Demographics by treatment groups used for the analysis

Treatment group:

Control Info & 60 Info & 90

N 423 (33.2%) 441 (34.6%) 410 (32.2%)
Gender

Male 195 (46.1%) 224 (50.8%) 212 (51.7%)

Female 226 (53.4%) 212 (48.1%) 197 (48.0%)

Other gender 2(0.5%) 5(1.1%) 1(0.2%)
Political party

Republican 172 (40.7%) 178 (40.4%) 150 (36.6%)

Democrat 148 (35.0%) 168 (38.1%) 160 (39.0%)

Independent 88(20.8%) 77 (17.5%) 90 (22.0%)

Other Party 15 (3.5%) 18 (4.1%) 10 (2.4%)
Age 40.125 (13.164) 39.522(12.697) 40.105(13.138)
College degree

No college degree 98 (23.2%) 105 (23.8%) 85 (20.7%)

College degree 325(76.8%) 336 (76.2%) 325(79.3%)
Own income

Less than 25k 101 (23.9%) 92 (20.9%) 83 (20.2%)

Between 25k and 50k 82 (19.4%) 96 (21.8%) 94 (22.9%)

Between 50k and 75k 105 (24.8%) 98 (22.2%) 102 (24.9%)

Between 75k and 100k 70 (16.5%) 77 (17.5%) 59 (14.4%)

Above 100k 65 (15.4%) 78 (17.7%) 72 (17.6%)
Marital status

Not married 200 (47.3%) 224 (50.8%) 183 (44.6%)

Currently married 223(52.7%) 217 (49.2%) 227 (55.4%)
Has children

No children 164 (38.8%) 180 (40.8%) 162 (39.5%)

Has children 259 (61.2%) 261(59.2%) 248 (60.5%)
Religion

Christianity 277 (65.5%) 292 (66.2%) 263 (64.1%)

Other Religion 17 (4.0%) 18 (4.1%) 13 (3.2%)

Atheism 83 (19.6%) 88 (20.0%) 93 (22.7%)

None of the above 46 (10.9%) 43 (9.8%) 41 (10.0%)
Ethnicity

White 287 (67.8%) 298 (67.6%) 265 (64.6%)

Black 95 (22.5%) 90 (20.4%) 86 (21.0%)

Other Ethnicity 41(9.7%) 53 (12.0%) 59 (14.4%)
Employment status

Not employed 74 (17.5%) 56 (12.7%) 56 (13.7%)

Employed 349 (82.5%) 385(87.3%) 354 (86.3%)

Notes: This table reports the main demographic characteristics used as controls in the subsequent analysis
by treatment groups used for the analysis. The number of observations for each category is reported, with
the corresponding share of the sample displayed in parentheses.
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Notes: This figure shows the distribution of responses to the question of what percentage of the gender

wage gap respondents believe is explained by children separately for Low estimate: 60 and High estimate: 90.
Responses were provided using a slider ranging from 0% to 100%.

Figure 1.B.1. Distribution of prior beliefs split by Low estimate: 60 and High estimate: 90
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Table 1.B.2. Priors by demographics

(1) (2)
Size of Percent explained
gender wage gap by children
Female -3.261" 2.173*
(0.856) (1.234)
Democrat -0.286 -2.704"
(1.086) (1.487)
Independent 0.837 -1.018
(1.174) (1.832)
Age -0.185 -0.130
(0.189) (0.284)
Age? 0.002 0.003
(0.002) (0.003)
College degree 0.521 -0.502
(1.055) (1.615)
Income 0.035 -0.041
(0.276) (0.437)
Currently married 0.813 -0.159
(1.026) (1.540)
Has children -0.816 4.430™
(0.963) (1.614)
Atheism 1.120 1.006
(0.867) (1.746)
Black -1.090 1.836
(1.166) (1.523)
Other Ethnicity -0.640 3.867*
(1.348) (1.949)
Employed -0.264 0.563
(1.151) (2.054)
Observations 1274 1274

Notes: This table reports coefficient estimates from a linear regression model. See Table 1.B.1 for the corre-
sponding baseline categories. Coefficients are reported only for categories representing more than 10% of

the sample. Robust standard errors are displayed in parentheses.

and 10% level, respectively.

R T

, ™, " indicate significance at the 1%, 5%

Table 1.B.3. Priors by Control groups

Treatment group

Control & 60  Control & 90
Prior 48.325 50.424
(22.095) (21.905)
Size gender wage gap 79.029 79.834
(12.810) (14.806)
Observations 206 217

Notes: This table reports mean prior beliefs about both the size of the gender wage gap and the share of the
gender wage gap explained by children for the two treatment groups Control & 60 and Control & 90.
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1.B.2 Results

1.B.2.1 Policy support by treatment status

Table 1.B.4. Support for specific policies by treatment status

(1) () 3) (4) (5) (6)

Matern.  Patern. Child Equal
leave leave care Quota AAP pay
Prior -0.001  -0.001 -0.001 -0.001 0.000 -0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Info -0.128* -0.109 -0.071 -0.012 0.073 0.074
(0.074) (0.070) (0.070) (0.060) (0.061) (0.062)
Info & 90 0.148" 0.038 -0.019 -0.102* -0.118" -0.093

(0.081) (0.077) (0.076) (0.061) (0.060) (0.063)
Observations 1274 1274 1274 1274 1274 1274
Control mean 4.66 4.38 444 3.58 3.83 4.33
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.1. All regres-
sions include demographic controls, and outcomes are normalized relative to the Control group. The depen-
dent variables are support for maternity leave (column (1)), paternity leave (column (2)), child care subsidies
(column (3)), gender quotas (column (4)), affirmative action (column (5)), and equal pay legislation (column
(6)). Control group means prior to normalization are reported at the bottom of the table. Robust standard
errors are displayed in parentheses. ™, **, * indicate significance at the 1%, 5% and 10% level, respectively.
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Table 1.B.5. Donation child care

(1) (2) (3)
Donation  Donation  Donation
child care child care child care

Prior 0.002 0.001 0.001
(0.001) (0.001) (0.002)
Info 0.059 0.140 0.119
(0.064) (0.100) (0.137)
Info & 90 -0.094
(0.063)
Info > Prior -0.163" -0.217
(0.097) (0.134)
Child less fair -0.030
(0.161)
Child less fair x Prior 0.000
(0.003)
Child less fair x Info 0.042
(0.199)
Child less fair x Info > Prior 0.101
(0.195)
Observations 1274 1274 1274
Control mean 26.26 26.26 26.26
Demographics Yes Yes Yes

Notes: Column (1) reports coefficient estimates from linear regressions estimating equation 1.1, column (2)
reports estimates based on equation 1.2, and column (3) reports estimates based on equation 1.2 interacted
with whether the participant perceives the child-related part of the gender wage gap as less fair than the
part unrelated to children. All regressions include demographic controls, and outcomes are normalized rel-
ative to the Control group. The dummy variable Info=Prior is included in the second specification and the
dummy variables Info=Prior and Child less fairxInfo=Prior are included in the third specification, but omit-
ted from the table due to the small number of observations. The dependent variable measures the amount,
out of $100, donated to Child Care Aware of America (CCA0A). Control group means prior to normalization
are reported at the bottom of the table. Robust standard errors are displayed in parentheses. **, ™, * indi-
cate significance at the 1%, 5% and 10% level, respectively.
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Table 1.B.6. Policy support by treatment status interacted with gender

Overall support Specific support Relative support
(1) (2) (3) (4) (5) (6)
General  Govern. Child Discrim. Child- Priorit.
support  interv. policies policies Discrim. child-part
Female 0.588™*  0.544™ -0.000 0.526™*  -0.526™* 0.001
(0.156) (0.151) (0.147) (0.129) (0.134) (0.173)
Prior -0.001 -0.001 -0.003 0.000 -0.004" -0.001
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Female x Prior -0.002 -0.002 0.004* -0.002 0.006™* 0.002
(0.003) (0.003) (0.003) (0.002) (0.002) (0.003)
Info 0.241* 0.169" -0.036 0.135* -0.172* 0.161*
(0.098) (0.097) (0.093) (0.082) (0.080) (0.098)
Info & 90 -0.032 -0.107 0.004 -0.114 0.118 0.401™
(0.088) (0.090) (0.099) (0.075) (0.084) (0.106)
Female X Info -0.175 -0.214" -0.125 -0.167 0.042 -0.041
(0.122) (0.123) (0.120) (0.102) (0.106) (0.142)
Female x Info & 90 0.005 0.068 0.100 0.006 0.094 -0.368™
(0.115) (0.121) (0.132) (0.100) (0.113) (0.158)
Observations 1274 1274 1274 1274 1274 1274
Control mean 3.96 414 - - - 2.69
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.1 interacted
with gender. All regressions include demographic controls, and outcomes are normalized relative to the
Control group. Columns (1)-(2) present results for overall support, distinguishing between general support
for reducing the gap (column (1)) and support for government intervention to achieve this (column (2)),
columns (3)-(4) for specific policies, and columns (5)—(6) for child-related policies relative to other policies.
Column (3) reports results for support for child-related policies, measured as the average of normalized
support for maternity leave, paternity leave, and child care subsidies. Column (4) reports results for support
for discrimination-related policies, measured as the average of normalized outcomes for support for quo-
tas, affirmative action plans, and equal pay legislation. Column (5) shows the difference between support for
child-related and discrimination-related policies, while column (6) captures respondents’ preference for pri-
oritizing pay differences related to having children. Control group means prior to normalization are reported
at the bottom of the table. For outcomes constructed from multiple variables, the Control group means for
the underlying specific policies are reported in Table 1.B.7. Robust standard errors are displayed in paren-
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theses. ™, *, * indicate significance at the 1%, 5% and 10% level, respectively.
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Table 1.B.7. Support for specific policies by treatment status interacted with gender

(1) () 3) (4) (5) (6)

Matern.  Patern. Child Equal
leave leave care Quota AAP pay
Female 0.131 -0.208 0.076  0.571™ 0.518™ 0.487*
(0.181) (0.169) (0.167) (0.149)  (0.153)  (0.159)
Prior -0.003  -0.004* -0.002 -0.000 0.001 -0.000
(0.003) (0.002) (0.002) (0.002) (0.002) (0.002)
Female x Prior 0.005 0.006™ 0.003 -0.002 -0.002 -0.001
(0.003) (0.003) (0.003) (0.002) (0.002) (0.003)
Info -0.054 -0.113 0.058 0.080 0.186" 0.141
(0.118) (0.103) (0.103) (0.093)  (0.095)  (0.103)
Info & 90 0.112 0.020 -0.118 -0.123 -0.125 -0.093
(0.122) (0.109) (0.109) (0.086) (0.087)  (0.095)
Female X Info -0.141 0.013 -0.247* -0.171 -0.210° -0.120

(0.149)  (0.139) (0.139) (0.121) (0.122)  (0.124)
Female x Info & 90 0.071 0.033 0.196 0.031 0.002 -0.014
(0.160)  (0.152) (0.149) (0.121) (0.119)  (0.123)

Observations 1274 1274 1274 1274 1274 1274
Control mean 4.66 4.38 L.44 3.58 3.83 4.33
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.1 interacted
with gender. All regressions include demographic controls, and outcomes are normalized relative to the
Control group. The dependent variables are support for maternity leave (column (1)), paternity leave (column
(2)), child care subsidies (column (3)), gender quotas (column (4)), affirmative action (column (5)), and equal
pay legislation (column (6)). Control group means prior to normalization are reported at the bottom of the

table. Robust standard errors are displayed in parentheses. **, **, * indicate significance at the 1%, 5% and
10% level, respectively.
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Table 1.B.8. Policy support by treatment status interacted with parental status

Overall support Specific support Relative support
(1) (2) (3) (4) (5) (6)
General Govern. Child Discrim. Child- Priorit.
support interv.  policies policies Discrim. child-part
Has children 0.184 0.356™ 0.217 0.270™ -0.053 0.046
(0.163) (0.160) (0.157) (0.134) (0.143) (0.185)
Prior -0.001 -0.001 0.001 0.001 0.000 0.000
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Has children x Prior -0.001 -0.002 -0.003 -0.002 -0.001 0.000
(0.003) (0.003) (0.003) (0.002) (0.002) (0.003)
Info 0.219* 0.176" -0.189° 0.101 -0.290" 0.188°
(0.097) (0.097) (0.098) (0.082) (0.089) (0.106)
Info & 90 -0.060 -0.169" -0.047 -0.174* 0.127 0.257*
(0.095) (0.097) (0.120) (0.081) (0.101) (0.1112)
Has children x Info -0.115 -0.201 0.137 -0.095 0.232™ -0.092
(0.124) (0.125) (0.124) (0.104) (0.110) (0.143)
Has children x Info & 90 0.058 0.170 0.175 0.119 0.056 -0.049
(0.121) (0.126) (0.143) (0.103) (0.122) (0.155)
Observations 1274 1274 1274 1274 1274 1274
Control mean 3.96 414 - - - 2.69
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.1 interacted
with whether the participant has children. All regressions include demographic controls, and outcomes are
normalized relative to the Control group. Columns (1)-(2) present results for overall support, distinguish-
ing between general support for reducing the gap (column (1)) and support for government intervention to
achieve this (column (2)), columns (3)—(4) for specific policies, and columns (5)—(6) for child-related poli-
cies relative to other policies. Column (3) reports results for support for child-related policies, measured
as the average of normalized support for maternity leave, paternity leave, and child care subsidies. Column
(4) reports results for support for discrimination-related policies, measured as the average of normalized
outcomes for support for quotas, affirmative action plans, and equal pay legislation. Column (5) shows the
difference between support for child-related and discrimination-related policies, while column (6) captures
respondents’ preference for prioritizing pay differences related to having children. Control group means prior
to normalization are reported at the bottom of the table. For outcomes constructed from multiple variables,
the Control group means for the underlying specific policies are reported in Table 1.B.9. Robust standard
errors are displayed in parentheses. ™, **, * indicate significance at the 1%, 5% and 10% level, respectively.
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Table 1.B.9. Support for specific policies by treatment status interacted with parental status

(1) (2) 3) (4) (5) (6)

Matern.  Patern. Child Equal
leave leave care Quota AAP pay
Has children 0.170 0.104 0.376"™  0.292* 0.2807 0.237
(0.195) (0.177)  (0.177) (0.155) (0.163) (0.162)
Prior 0.001 0.000 0.001 -0.001 0.002 0.001
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Has children x Prior -0.004 -0.003 -0.003 0.001 -0.003 -0.003
(0.003) (0.003) (0.003) (0.002) (0.002) (0.003)
Info -0.246™ -0.258™  -0.062 0.085 0.093 0.125
(0.121) (0.111) (0.114) (0.096) (0.099) (0.099)
Info & 90 0.079 -0.020 -0.199 -0.167* -0.171" -0.184"
(0.145) (0.128) (0.129) (0.094) (0.096) (0.101)
Has children x Info 0.190 0.242° -0.021  -0.161 -0.036 -0.088

(0.153) (0.143) (0.143) (0.123) (0.126) (0.127)
Has children x Info & 90 0.120 0.100 0.304" 0.108 0.093 0.155
(0.173) (0.258) (0.158) (0.123) (0.122) (0.127)

Observations 1274 1274 1274 1274 1274 1274
Control mean 4.66 4.38 bbb 3.58 3.83 4.33
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.1 interacted
with whether the participant has children. All regressions include demographic controls, and outcomes are
normalized relative to the Control group. The dependent variables are support for maternity leave (column
(1)), paternity leave (column (2)), child care subsidies (column (3)), gender quotas (column (4)), affirmative
action (column (5)), and equal pay legislation (column (6)). Control group means prior to normalization are

reported at the bottom of the table. Robust standard errors are displayed in parentheses. **, **, * indicate
significance at the 1%, 5% and 10% level, respectively.
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Table 1.B.10. Policy support by treatment status interacted with party affiliation

Overall support Specific support Relative support
(1) (2) (3) (4) (5) (6)
General  Govern. Child Discrim.  Child- Priorit.
support  interv.  policies policies Discrim. child-part
Democrat 0.206 0.218 0.170 0.164 0.006 -0.398™
(0.151) (0.140) (0.139) (0.123) (0.133) (0.174)
Prior -0.003* -0.004™  -0.002 -0.002 0.000 -0.002
(0.002) (0.002) (0.002) (0.001) (0.001) (0.002)
Democrat x Prior 0.004" 0.005™ 0.003 0.004™ -0.001 0.007*
(0.002) (0.002) (0.002) (0.002) (0.002) (0.003)
Info 0.178* 0.124 -0.114 0.033 -0.147% 0.070
(0.080) (0.084) (0.081) (0.069) (0.070) (0.091)
Info & 90 -0.059 -0.174* 0.068 -0.131° 0.199* 0.143
(0.082) (0.087) (0.095) (0.072) (0.080) (0.099)
Democrat x Info -0.082 -0.185 0.028 0.031 -0.004 0.171
(0.117) (0.112) (0.115) (0.097) (0.105) (0.144)
Democrat X Info & 90 0.095 0.282* -0.025 0.075 -0.101 0.230
(0.113) (0.116) (0.128) (0.097) (0.112) (0.162)
Observations 1274 1274 1274 1274 1274 1274
Control mean 3.96 4.14 - - - 2.69
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.1 interacted
with party affiliation. All regressions include demographic controls, and outcomes are normalized relative to
the Control group. Columns (1)~(2) present results for overall support, distinguishing between general sup-
port for reducing the gap (column (1)) and support for government intervention to achieve this (column (2)),
columns (3)-(4) for specific policies, and columns (5)—(6) for child-related policies relative to other policies.
Column (3) reports results for support for child-related policies, measured as the average of normalized
support for maternity leave, paternity leave, and child care subsidies. Column (4) reports results for support
for discrimination-related policies, measured as the average of normalized outcomes for support for quo-
tas, affirmative action plans, and equal pay legislation. Column (5) shows the difference between support for
child-related and discrimination-related policies, while column (6) captures respondents’ preference for pri-
oritizing pay differences related to having children. Control group means prior to normalization are reported
at the bottom of the table. For outcomes constructed from multiple variables, the Control group means for
the underlying specific policies are reported in Table 1.B.11. Robust standard errors are displayed in paren-
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theses. ™, *, * indicate significance at the 1%, 5% and 10% level, respectively.
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Table 1.B.11. Support for specific policies by treatment status interacted with party affiliation

(1) ) 3) (4) (5) (6)

Matern. Patern.  child Equal
leave leave care Quota AAP pay
Democrat 0.054 0.218 0.236 0.033 0.190 0.268"
(0.168) (0.165) (0.161) (0.146) (0.151) (0.145)
Prior -0.002 -0.002  -0.002 -0.003* -0.001 -0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Democrat x Prior 0.004 0.001 0.003 0.006™ 0.003 0.003
(0.003) (0.003) (0.003) (0.002) (0.002) (0.002)
Info -0.149 -0.156  -0.037 -0.036 0.037 0.098
(0.103) (0.095) (0.093) (0.079) (0.083) (0.086)
Info & 90 0.194* 0.084 -0.074 -0.085 -0.156* -0.152°
(0.125) (0.107) (0.106) (0.081) (0.085) (0.091)
Democrat x Info 0.052 0.120 -0.088 0.059 0.103 -0.067

(0.138) (0.135) (0.136) (0.119) (0.119) (0.115)
Democrat x Info & 90 -0.111 -0.103 0.137 -0.031 0.096 0.161
(0.155) (0.146) (0.146) (0.121) (0.114) (0.116)

Observations 1274 1274 1274 1274 1274 1274
Control mean 4.66 4.38 444 3.58 3.83 4.33
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.1 interacted
with party affiliation. All regressions include demographic controls, and outcomes are normalized relative
to the Control group. The dependent variables are support for maternity leave (column (1)), paternity leave
(column (2)), child care subsidies (column (3)), gender quotas (column (4)), affirmative action (column (5)),
and equal pay legislation (column (6)). Control group means prior to normalization are reported at the bot-

tom of the table. Robust standard errors are displayed in parentheses. **, ™, * indicate significance at the
1%, 5% and 10% level, respectively.
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Table 1.B.12. Policy support by Control groups

Overall support

Specific support

Relative support

(1) (2) (3) (4) (5) (6)
General Govern. Child Discrim.  Child- Priorit.
support interv. policies policies Discrim. child-part
Prior -0.002 -0.003 0.001 -0.001 0.002 0.004
(0.002) (0.002) (0.002) (0.002) (0.002) (0.003)
Control & 90 -0.054 -0.115 -0.094 -0.131 0.037 -0.049
(0.098) (0.099) (0.085) (0.080) (0.079) (0.106)
Observations 423 423 423 423 423 423
Control mean 4.02 4.24 - - - 2.72
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from a linear regression model. All regressions include demo-
graphic controls, and outcomes are normalized relative to the Control & 60 group. Columns (1)-(2) present
results for overall support, distinguishing between general support for reducing the gap (column (1)) and
support for government intervention to achieve this (column (2)), columns (3)-(4) for specific policies, and
columns (5)-(6) for child-related policies relative to other policies. Column (3) reports results for support for
child-related policies, measured as the average of normalized support for maternity leave, paternity leave,
and child care subsidies. Column (&) reports results for support for discrimination-related policies, mea-
sured as the average of normalized outcomes for support for quotas, affirmative action plans, and equal pay
legislation. Column (5) shows the difference between support for child-related and discrimination-related
policies, while column (6) captures respondents’ preference for prioritizing pay differences related to hav-
ing children. Control & 60 group means prior to normalization are reported at the bottom of the table. For
outcomes constructed from multiple variables, the Control & 60 group means for the underlying specific
policies are reported in Table 1.B.13. Robust standard errors are displayed in parentheses. **, **, * indicate
significance at the 1%, 5% and 10% level, respectively.

Table 1.B.13. Support for specific policies by Control groups

(1) (2) 3) (4) (5) (6)

Matern.  Patern. Child Equal
leave leave care Quota AAP pay

Prior 0.002 0.001 0.000 -0.002  -0.001 0.000

(0.002) (0.002) (0.003) (0.002) (0.002) (0.002)
Control & 90 -0.114 0.000 -0.169 -0.175° -0.128 -0.091

(0.104) (0.100) (0.108) (0.094) (0.097) (0.102)
Observations 423 423 423 423 423 423
Control mean 4.70 4.39 4.51 3.75 3.96 4.39
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from a linear regression model. All regressions include demo-
graphic controls, and outcomes are normalized relative to the Control & 60 group. The dependent variables
are support for maternity leave (column (1)), paternity leave (column (2)), child care subsidies (column (3)),
gender quotas (column (4)), affirmative action (column (5)), and equal pay legislation (column (6)). Con-
trol & 60 group means prior to normalization are reported at the bottom of the table. Robust standard
errors are displayed in parentheses. **, **, * indicate significance at the 1%, 5% and 10% level, respectively.
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1.B.2.2 Treatment effects by prior

Table 1.B.14. Support for specific policies by treatment status split by prior

(1) (2) 3) (4) (5) (6)

Matern.  Patern. Child Equal
leave leave care Quota AAP pay
Panel A: Prior < 60
Prior -0.000 -0.000 -0.003 0.001 0.004 -0.001
(0.003) (0.003) (0.003) (0.002) (0.002) (0.002)
Info -0.171* -0.056 -0.121 -0.077 -0.005 0.037
(0.091) (0.085) (0.086) (0.074) (0.076) (0.076)
Info & 90 0.136 -0.062  -0.001 -0.094 -0.055 -0.024
(0.102) (0.093) (0.095) (0.075) (0.074) (0.074)
Observations 835 835 835 835 835 835
Control mean 4.69 4.40 4.46 3.67 3.90 4.35
Demographics Yes Yes Yes Yes Yes Yes
Panel B: Prior > 60
Prior -0.012 -0.006  -0.005 -0.003 -0.008 -0.005
(0.009) (0.008) (0.007) (0.006) (0.005) (0.007)
Info -0.052  -0.223*  0.000 0.107 0.205* 0.128
(0.128) (0.122) (0.119) (0.105) (0.103) (0.107)
Info & 90 0.171 0.207 -0.037 -0.145 -0.247" -0.220"
(0.143) (0.140) (0.133) (0.110) (0.106) (0.119)
Observations 439 439 439 439 439 439
Control mean 4.61 4.34 4.40 3.40 3.71 4.28
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.1. All regres-
sions include demographic controls, and outcomes are normalized relative to the Control group. Panel A
reports results for subjects who estimate the percentage of the gender wage gap explained by children to
be less than or equal to 60, whereas Panel B reports results for those estimating it to be above 60. The
dependent variables are support for maternity leave (column (1)), paternity leave (column (2)), child care
subsidies (column (3)), gender quotas (column (4)), affirmative action (column (5)), and equal pay legisla-
tion (column (6)). Control group means prior to normalization are reported at the bottom of the table and

are calculated within the respective subsample. Robust standard errors are displayed in parentheses. ™,
* indicate significance at the 1%, 5% and 10% level, respectively.
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Table 1.B.15. Policy support by belief updating split by prior (IV estimates)

Overall support Specific support Relative support
(1) (2) (3) (4) (5) (6)
General Govern. Child Discrim.  Child- Priorit.

support interv.  policies policies Discrim. child-part

Panel A: Prior < 60
Posterior-Prior  0.028* -0.004 -0.018 -0.013 -0.005 0.087"
(0.014)  (0.014)  (0.014) (0.012) (0.013) (0.018)

Observations 835 835 835 835 835 835
Control mean 3.99 4,21 - - - 2.65
Demographics Yes Yes Yes Yes Yes Yes
Panel B: Prior > 60
Posterior-Prior ~ -0.057 -0.054 0.038 -0.066™  0.105" 0.040
(0.035) (0.037) (0.039) (0.030) (0.031) (0.044)
Observations 439 439 439 439 439 439
Control mean 3.90 4,01 - - - 2.77
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from instrumental variable specifications. The difference be-
tween posterior and prior beliefs about the percentage of the gender wage gap explained by children is
instrumented with treatment assignment. All regressions include demographic controls, and outcomes are
normalized relative to the Control group. Table 1.B.16 reports the corresponding first-stage estimates. Panel
A reports results for subjects who estimate the percentage of the gender wage gap explained by children to
be less than or equal to 60, whereas Panel B reports results for those estimating it to be above 60. Columns
(1)-(2) present results for overall support, distinguishing between general support for reducing the gap (col-
umn (1)) and support for government intervention to achieve this (column (2)), columns (3)-(4) for specific
policies, and columns (5)—(6) for child-related policies relative to other policies. Column (3) reports results
for support for child-related policies, measured as the average of normalized support for maternity leave, pa-
ternity leave, and child care subsidies. Column (4) reports results for support for discrimination-related poli-
cies, measured as the average of normalized outcomes for support for quotas, affirmative action plans, and
equal pay legislation. Column (5) shows the difference between support for child-related and discrimination-
related policies, while column (6) captures respondents’ preference for prioritizing pay differences related
to having children. Control group means prior to normalization are reported at the bottom of the table and
are calculated within the respective subsample. For outcomes constructed from multiple variables, the Con-
trol group means for the underlying specific policies are reported in Table 1.B.14. Robust standard errors
are displayed in parentheses. **, **, * indicate significance at the 1%, 5% and 10% level, respectively.
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Table 1.B.16. Belief updating by treatment status split by prior

(1)

Posterior-Prior

Panel A: Prior < 60

Info & 60 2.506™"
(0.131)
Info & 90 5.240™"
(0.178)
F-stat (instrument) 525.354
Observations 835
Control mean 131
Demographics Yes
Panel B: Prior > 60
Info & 60 -1.457"
(0.125)
Info & 90 1.582"
(0.167)
F-stat (instrument) 158.060
Observations 439
Control mean -0.68
Demographics Yes

Notes: This table reports coefficient estimates from a linear regression model. All regressions include de-
mographic controls, and outcomes are normalized relative to the Control group. Panel A reports results for
subjects who estimate the percentage of the gender wage gap explained by children to be less than or equal
to 60, whereas Panel B reports results for those estimating it to be above 60. The dependent variable is the
difference between posterior and prior beliefs about the percentage of the gender wage gap explained by
children Control group means prior to normalization are reported at the bottom of the table and are calcu-
lated within the respective subsample. Robust standard errors are displayed in parentheses. **, **, * indicate
significance at the 1%, 5% and 10% level, respectively.



Table 1.B.17. Support for specific policies by direction of information relative to prior

Appendix 1.B Additional tables and figures | 61

& ) @ @ G ®
Matern.  Patern. Child Equal
leave leave care Quota AAP pay
Prior 0.001 0.000 -0.001  -0.002  -0.001 -0.002
(0.002) (0.002) (0.002) (0.001) (0.001) (0.001)
Info -0.137  -0.240™  0.006 0.036 0.179*  0.161"
(0.109) (0.109) (0.103) (0.091) (0.087)  (0.090)
Info > Prior 0.125 0.193" -0.098 -0.116 -0.204™ -0.159"
(0.112)  (0.111) (0.104) (0.090) (0.085)  (0.091)
Observations 1274 1274 1274 1274 1274 1274
Control mean 4.66 4.38 L.44 3.58 3.83 4.33
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.2. All regres-
sions include demographic controls, and outcomes are normalized relative to the Control group. The dummy
variable Info=Prior is included in all specifications but omitted from the table due to the small number of
observations. The dependent variables are support for maternity leave (column (1)), paternity leave (column
(2)), child care subsidies (column (3)), gender quotas (column (4)), affirmative action (column (5)), and equal
pay legislation (column (6)). Control group means prior to normalization are reported at the bottom of the
table. Robust standard errors are displayed in parentheses. **, **, * indicate significance at the 1%, 5% and
10% level, respectively.
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1.B.2.3 Policy support and fairness perceptions
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Notes: This figure shows the distribution of responses to the question of whether pay differences between
women and men are considered more or less fair when caused by having children, compared to other causes.
Responses are measured on a 5-point Likert scale, where 1 indicates “Way less fair when caused by children"
and 5 indicates “Way more fair when caused by children".

Figure 1.B.2. Perceptions about relative fairness of child-related part

Table 1.B.18. Relative assessment of child-related part by treatment groups

Treatment group

Control Info & 60 Info & 90

Rel. fairness 2.522 2.483 2.415
(1.107) (1.164) (1.245)
Rel. efficiency  2.610 2.558 2.576

(1.047) (1.113) (1.104)

Observations 423 441 410

Notes: This table reports mean perceptions, by treatment status, of how fair and efficient the child-related
component of the gender wage gap is compared to the component unrelated to children. Responses are
measured on a 5-point Likert scale, where 1 indicates “Way less fair/efficient when caused by children" and
5 indicates “Way more fair/efficient when caused by children”.
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Table 1.B.19. Policy support by direction of information relative to prior interacted with fairness
perceptions

Overall support Specific support Relative support
(1) () (3) (4) (5) (6)
General Govern. Child Discrim. Child- Priorit.
support interv. policies  policies  Discrim.  child-part
Prior -0.006™* -0.006™ -0.003 -0.004™ 0.001 -0.001
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Child less fair -0.101 -0.005 0.012 0.053 -0.041 -0.139
(0.170) (0.164) (0.150) (0.140) (0.146) (0.187)
Child less fair x Prior 0.008™* 0.007* 0.006™ 0.006™ 0.000 0.006"
(0.003) (0.003) (0.003) (0.002) (0.002) (0.003)
Info 0.355™ 0.292* -0.122 0.234™ -0.356"" 0.085
(0.133) (0.130) (0.140) (0.107) (0.119) (0.135)
Child less fair x Info -0.215 -0.378™ -0.009 -0.244" 0.235 0.022
(0.167) (0.179) (0.165) (0.139) (0.149) (0.215)
Info > Prior -0.361™  -0.373™  -0.062  -0.307""  0.245" 0.022
(0.136) (0.134) (0.148) (0.110) (0.122) (0.141)
Child less fair x Info > Prior ~ 0.390* 0.478™ 0.224 0.274* -0.050 0.287
(0.166) (0.179) (0.172) (0.140) (0.151) (0.218)
Observations 1274 1274 1274 1274 1274 1274
Control mean 3.96 4.14 - - - 2.69
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.2 interacted
with whether the participant perceives the child-related part of the gender wage gap as less fair than the
part unrelated to children. All regressions include demographic controls, and outcomes are normalized rela-
tive to the Control group. The dummy variables Info=Prior and Child less fairxInfo=Prior are included in all
specifications but omitted from the table due to the small number of observations. Columns (1)~(2) present
results for overall support, distinguishing between general support for reducing the gap (column (1)) and
support for government intervention to achieve this (column (2)), columns (3)-(4) for specific policies, and
columns (5)-(6) for child-related policies relative to other policies. Column (3) reports results for support for
child-related policies, measured as the average of normalized support for maternity leave, paternity leave,
and child care subsidies. Column (&) reports results for support for discrimination-related policies, mea-
sured as the average of normalized outcomes for support for quotas, affirmative action plans, and equal pay
legislation. Column (5) shows the difference between support for child-related and discrimination-related
policies, while column (6) captures respondents’ preference for prioritizing pay differences related to having
children. Control group means prior to normalization are reported at the bottom of the table. For outcomes
constructed from multiple variables, the Control group means for the underlying specific policies are re-
ported in Table 1.B.4. Robust standard errors are displayed in parentheses. **, **, * indicate significance at
the 1%, 5% and 10% level, respectively.
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Table 1.B.20. Support for specific policies by direction of information relative to prior split by
fairness perceptions

(1) () 3) (4) (5) (6)
Matern.  Patern. Child Equal
leave leave care Quota AAP pay
Panel A: Equally or more fair
Prior -0.002 -0.002 -0.003  -0.005" -0.002 -0.003
(0.003)  (0.002) (0.003)  (0.002) (0.002)  (0.002)
Info -0.172 -0.209 0.040 0.237" 0.280* 0.208
(0.179)  (0.159) (0.154)  (0.122) (0.119)  (0.141)
Info > Prior 0.032 0.081  -0.309" -0.346™ -0.337" -0.233
(0.189) (0.166) (0.161)  (0.124) (0.121)  (0.144)
Observations 641 641 641 641 641 641
Control mean 4.55 424 431 3.30 3.59 4.15
Demographics Yes Yes Yes Yes Yes Yes
Panel B: Less fair
Prior 0.004™  0.004™ 0.002 0.003 0.002 0.001
(0.001)  (0.002) (0.002)  (0.002) (0.002)  (0.002)
Info -0.099 -0.303" -0.027 -0.203 0.052 0.123
(0.087) (0.126) (0.130)  (0.132) (0.121)  (0.093)
Info > Prior 0.158*  0.287* 0.077 0.118 -0.070 -0.120
(0.088) (0.125) (0.125)  (0.130) (0.116)  (0.092)
Observations 633 633 633 633 633 633
Control mean 4.80 4.55 4.59 3.90 411 4.54
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.2. All regres-
sions include demographic controls, and outcomes are normalized relative to the Control group. The dummy
variable Info=Prior is included in all specifications but omitted from the table due to the small number of
observations. Panel A reports results for respondents who believe that the child-related part is equally or
more fair, whereas Panel B reports results for those who believe it is less fair than the part not explained
by children. The dependent variables are support for the following policies: maternity leave (column (1)),
paternity leave (column (2)), child care subsidies (column (3)), gender quotas (column (4)), affirmative ac-
tion (column (5)), and equal pay legislation (column (6)). Control group means prior to normalization are
reported at the bottom of the table and are calculated within the respective subsample. Robust standard
errors are displayed in parentheses. **, **, * indicate significance at the 1%, 5% and 10% level, respectively.
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Table 1.B.21. Support for specific policies by direction of information relative to prior interacted
with fairness perceptions

6 @) @) @) ) (6)
Matern.  Patern. Child Equal

leave leave care Quota AAP pay
Prior -0.002 -0.003  -0.003  -0.006™* -0.003 -0.004"
(0.003) (0.002) (0.002)  (0.002) (0.002)  (0.002)
Child less fair 0.013 -0.016 0.038 -0.074 0.122 0.110
(0.182) (0.178) (0.173)  (0.160) (0.165)  (0.174)
Child less fair x Prior 0.006™  0.007* 0.004 0.008™* 0.004 0.005"
(0.003) (0.003) (0.003)  (0.003) (0.003)  (0.003)
Info -0.190 -0.206 0.030 0.229* 0.273* 0.200
(0.177)  (0.161) (0.153)  (0.122) (0.119)  (0.1412)
Child less fair x Info 0.112 -0.077  -0.063  -0.429* -0.215 -0.089
(0.199) (0.208) (0.198)  (0.179) (0.270)  (0.169)
Info > Prior 0.039 0.081  -0.305" -0.342™  -0.337""  -0.240"

(0.186) (0.169) (0.160)  (0.124) (0.121)  (0.144)
Child less fair x Info > Prior 0.112 0.183 0.377" 0.448™ 0.250 0.125
(0.207) (0.212) (0.202) (0.179) (0.168) (0.171)

Observations 1274 1274 1274 1274 1274 1274
Control mean 4.66 4.38 4.44 3.58 3.83 4.33
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.2 interacted
with whether the participant perceives the child-related part of the gender wage gap as less fair than the part
unrelated to children. All regressions include demographic controls, and outcomes are normalized relative
to the Control group. The dummy variables Info=Prior and Child less fairxinfo=Prior are included in all
specifications but omitted from the table due to the small number of observations. The dependent variables
are support for the following policies: maternity leave (column (1)), paternity leave (column (2)), child care
subsidies (column (3)), gender quotas (column (4)), affirmative action (column (5)), and equal pay legislation
(column (6)). Control group means prior to normalization are reported at the bottom of the table. Robust
standard errors are displayed in parentheses. ™, **, * indicate significance at the 1%, 5% and 10% level,
respectively.
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1.B.2.4 Policy support and efficiency perceptions
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Notes: This figure shows the distribution of responses to the question of whether pay differences between
women and men are considered more or less efficient when caused by having children, compared to other
causes. Responses are measured on a 5-point Likert scale, where 1 indicates “Way less efficient when caused
by children" and 5 indicates “Way more efficient when caused by children".

Figure 1.B.3. Perceptions about relative efficiency of child-related part
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Table 1.B.22. Policy support by direction of information relative to prior split by efficiency per-
ceptions

Overall support Specific support Relative support
(1) () (3) (4) (5) (6)
General  Govern. Child Discrim.  Child- Priorit.

support  interv.  policies policies Discrim. child-part
Panel A: Equally or more efficient

Prior -0.004™  -0.004™  -0.001 -0.002 0.001 -0.002
(0.002)  (0.002) (0.002) (0.002)  (0.002) (0.002)
Info 0.183 0.034 -0.207 0.054 -0.261" 0.102
(0.131)  (0.130) (0.129)  (0.105)  (0.115) (0.135)
Info > Prior -0.136 -0.173 0.076 -0.117 0.192 0.013
(0.134)  (0.131) (0.133) (0.107)  (0.117) (0.141)
Observations 700 700 700 700 700 700
Control mean 3.82 4.05 - - - 2.67
Demographics Yes Yes Yes Yes Yes Yes
Panel B: Less efficient
Prior 0.000 -0.000 0.001 -0.001 0.002 0.007*
(0.002)  (0.002) (0.002) (0.002) (0.002) (0.003)
Info 0.292"** 0.164 -0.050 0.132 -0.182° 0.057
(0.109) (0.131) (0.1120)  (0.096)  (0.100) (0.180)
Info > Prior -0.166" -0.068 0.051 -0.189"™  0.240™ 0.372*™
(0.097) (0.125) (0.116) (0.092)  (0.102) (0.182)
Observations 574 574 574 574 574 574
Control mean 4,17 4.28 - - - 2.72
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.2. All regres-
sions include demographic controls, and outcomes are normalized relative to the Control group. The dummy
variable Info=Prior is included in all specifications but omitted from the table due to the small number of
observations. Panel A reports results for respondents who believe that the child-related part is equally or
more efficient, whereas Panel B reports results for those who believe it is less efficient than the part not
explained by children. Columns (1)-(2) present results for overall support, distinguishing between general
support for reducing the gap (column (1)) and support for government intervention to achieve this (column
(2)), columns (3)-(4) for specific policies, and columns (5)-(6) for child-related policies relative to other poli-
cies. Column (3) reports results for support for child-related policies, measured as the average of normalized
support for maternity leave, paternity leave, and child care subsidies. Column (4) reports results for support
for discrimination-related policies, measured as the average of normalized outcomes for support for quo-
tas, affirmative action plans, and equal pay legislation. Column (5) shows the difference between support for
child-related and discrimination-related policies, while column (6) captures respondents’ preference for pri-
oritizing pay differences related to having children. Control group means prior to normalization are reported
at the bottom of the table and are calculated within the respective subsample. For outcomes constructed
from multiple variables, the Control group means for the underlying specific policies are reported in Ta-
ble 1.B.23. Robust standard errors are displayed in parentheses. ***, **, * indicate significance at the 1%, 5%
and 10% level, respectively.
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Table 1.B.23. Support for specific policies by direction of information relative to prior split by
efficiency perceptions

(1) (2) (3) (4) (5) (6)

Matern.  Patern. Child Equal
leave leave care Quota AAP pay
Panel A: Equally or more efficient
Prior -0.001 -0.000 -0.001 -0.002 -0.001 -0.003
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Info -0.271*  -0.301" -0.049 -0.010 0.107 0.066
(0.164) (0.157) (0.145) (0.119) (0.124) (0.136)
Info > Prior 0.177 0.205 -0.156  -0.037 -0.162 -0.151
(0.167) (0.160) (0.148) (0.121) (0.124) (0.140)
Observations 700 700 700 700 700 700
Control mean 4.59 4.28 4.33 3.42 3.63 4.21
Demographics Yes Yes Yes Yes Yes Yes
Panel B: Less efficient
Prior 0.003 0.002 -0.000 -0.002 -0.000 -0.001
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Info -0.005 -0.199 0.054 0.010 0.158 0.227*
(0.121) (0.141) (0.138) (0.141) (0.121) (0.103)
Info > Prior 0.035 0.175 -0.056 -0.174 -0.215* -0.178°
(0.130) (0.149) (0.136) (0.137) (0.115) (0.097)
Observations 574 574 574 574 574 574
Control mean 4.76 4.53 4.59 3.80 4.12 4.50
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.2. All regres-
sions include demographic controls, and outcomes are normalized relative to the Control group. The dummy
variable Info=Prior is included in all specifications but omitted from the table due to the small number of
observations. Panel A reports results for respondents who believe that the child-related part is equally or
more efficient, whereas Panel B reports results for those who believe it is less efficient than the part not ex-
plained by children. The dependent variables are support for the following policies: maternity leave (column
(1)), paternity leave (column (2)), child care subsidies (column (3)), gender quotas (column (4)), affirmative
action (column (5)), and equal pay legislation (column (6)). Control group means prior to normalization are
reported at the bottom of the table and are calculated within the respective subsample. Robust standard
errors are displayed in parentheses. **, **, * indicate significance at the 1%, 5% and 10% level, respectively.
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Table 1.B.24. Policy support by direction of information relative to prior interacted with efficiency
perceptions

Overall support Specific support Relative support
(1) (2) (3) (4) (5) (6)
General  Govern. Child Discrim. Child- Priorit.
support interv. policies  policies Discrim.  child-part
Prior -0.004™  -0.004" -0.001 -0.002 0.001 -0.002
(0.002) (0.002)  (0.002) (0.002) (0.002) (0.002)
Child less efficient 0.039 -0.083 0.083 0.179 -0.095 -0.363"
(0.165) (0.161) (0.150) (0.137) (0.140) (0.195)
Child less efficient x Prior 0.004 0.004 0.002 0.001 0.001 0.008™
(0.003) (0.003) (0.003) (0.002) (0.002) (0.003)
Info 0.184 0.041 -0.2217 0.065 -0.285" 0.098
(0.129) (0.129)  (0.130) (0.105) (0.115) (0.134)
Child less efficient x Info 0.128 0.158 0.187 0.105 0.082 -0.028
(0.169) (0.183) (0.168) (0.142) (0.152) (0.221)
Info > Prior -0.133 -0.176 0.088 -0.123 0.211* 0.016
(0.133) (0.130) (0.134) (0.106) (0.117) (0.140)
Child less efficient x Info > Prior ~ -0.041 0.099 -0.039 -0.084 0.045 0.370
(0.165) (0.180) (0.174) (0.141) (0.154) (0.226)
Observations 1274 1274 1274 1274 1274 1274
Control mean 3.96 4.14 - - - 2.69
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.2 interacted
with whether the participant perceives the child-related part of the gender wage gap as less efficient than
the part unrelated to children. All regressions include demographic controls, and outcomes are normalized
relative to the Control group. The dummy variables Info=Prior and Child less efficientxInfo=Prior are in-
cluded in all specifications but omitted from the table due to the small number of observations. Columns
(1)-(2) present results for overall support, distinguishing between general support for reducing the gap (col-
umn (1)) and support for government intervention to achieve this (column (2)), columns (3)-(4) for specific
policies, and columns (5)—(6) for child-related policies relative to other policies. Column (3) reports results
for support for child-related policies, measured as the average of normalized support for maternity leave, pa-
ternity leave, and child care subsidies. Column (&) reports results for support for discrimination-related poli-
cies, measured as the average of normalized outcomes for support for quotas, affirmative action plans, and
equal pay legislation. Column (5) shows the difference between support for child-related and discrimination-
related policies, while column (6) captures respondents’ preference for prioritizing pay differences related
to having children. Control group means prior to normalization are reported at the bottom of the table. For
outcomes constructed from multiple variables, the Control group means for the underlying specific policies
are reported in Table 1.B.4. Robust standard errors are displayed in parentheses. **, ™, * indicate significance
at the 1%, 5% and 10% level, respectively.
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1.B.2.5 Beliefs about sources of the gender wage gap

Table 1.B.25. Beliefs about sources by direction of information relative to prior interacted with
fairness perceptions

(1) (2) (3) (4) (5) (6)
Individ. Discrim Prefer Caregiv.  Job-rel. Work
choice ) ) skills skills perform.
Prior 0.005"  -0.006™ 0.002 0.001 0.002 -0.001
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Child less fair 0.140 -0.186 0.063 -0.078 0.041 -0.005
(0.277) (0.173) (0.178) (0.164) (0.167) (0.157)
Child less fair x Prior -0.007**  0.008"™ -0.004 -0.002 -0.002 -0.000
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Info -0.275™ 0.199 -0.372"* -0.136 -0.265™ -0.052
(0.125) (0.125) (0.123) (0.129) (0.117) (0.121)
Child less fair x Info 0.288 -0.330" 0.275 0.150 0.201 0.022
(0.191) (0.182) (0.187) (0.191) (0.173) (0.176)
Info > Prior 0.296™ -0.2447 0.277* 0.061 0.199 0.110
(0.125) (0.133) (0.123) (0.130) (0.122) (0.119)
Child less fair x Info > Prior  -0.389** 0.428* -0.272 -0.080 -0.219 -0.151
(0.187) (0.182) (0.183) (0.190) (0.173) (0.171)
Observations 1274 1274 1274 1274 1274 1274
Control mean 2.65 3.32 3.08 2.80 3.03 2.58
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.2 interacted
with whether the participant perceives the child-related part of the gender wage gap as less fair than the
part unrelated to children. All regressions include demographic controls, and outcomes are normalized rel-
ative to the Control group. The dummy variables Info=Prior and Child less fairxinfo=Prior are included in
all specifications but omitted from the table due to the small number of observations. The table presents
results for beliefs about the degree to which different sources of inequality are driving the gender wage
gap. Sources include individual choices (column (1)), discrimination (column (2)), differences in preferences
(column (3)), caregiving skills (column (4)), job-related skills (column (5)) and work performance (column
(6)). Robust standard errors are displayed in parentheses. Control group means prior to normalization are

P

reported at the bottom of the table. ™, **, * indicate significance at the 1%, 5% and 10% level, respectively.
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Table 1.B.26. Policy support by direction of information relative to prior interacted with fairness
perceptions and controlling for beliefs about sources

Overall support Specific support Relative support
(1) (2) (3) (4) (5) (6)
General Govern. Child Discrim. Child- Priorit.
support interv. policies policies  Discrim.  child-part
Prior -0.003" -0.002 -0.001 -0.001 0.001 -0.001
(0.002) (0.002) (0.002) (0.001) (0.002) (0.002)
Child less fair 0.001 0.097 0.073 0.140 -0.066 -0.130
(0.133) (0.131) (0.144) (0.115) (0.144) (0.187)
Child less fair x Prior 0.004 0.003 0.003 0.002 0.001 0.005
(0.002) (0.002) (0.002) (0.002) (0.002) (0.003)
Info 0.196" 0.121 -0.210 0.108 -0.318™ 0.074
(0.111) (0.109) (0.137) (0.093) (0.116) (0.137)
Child less fair x Info -0.008 -0.166 0.103 -0.080 0.182 0.033
(0.147) (0.166) (0.165) (0.127) (0.146) (0.215)
Info > Prior -0.190* -0.200* 0.038 -0.174* 0.212* 0.046
(0.110) (0.112) (0.144) (0.097) (0.120) (0.143)
Child less fair x Info > Prior 0.127 0.221 0.074 0.071 0.003 0.253
(0.144) (0.163) (0.170) (0.127) (0.149) (0.217)
Individual choice -0.089™  -0.070"*  -0.086™ -0.071"" -0.015 -0.150™
(0.025) (0.026) (0.027) (0.022) (0.028) (0.039)
Discrimination 0.447* 0.433™ 0.229" 0.360™  -0.131" -0.040
(0.026) (0.027) (0.027) (0.023) (0.026) (0.036)
Preferences -0.084™  -0.119" -0.036 -0.083" 0.047 0.049
(0.026) (0.027) (0.028) (0.023) (0.030) (0.041)
Caregiving skills -0.011 0.011 0.045 0.037* 0.008 0.003
(0.027) (0.028) (0.030) (0.022) (0.029) (0.040)
Job-related skills -0.045 -0.096™ -0.040 -0.044 0.005 0.031
(0.035) (0.034) (0.035) (0.029) (0.035) (0.048)
Work performance -0.025 0.050 -0.026 0.053" -0.078" -0.087"
(0.033) (0.034) (0.039) (0.029) (0.038) (0.046)
Observations 1274 1274 1274 1274 1274 1274
Control mean 3.96 4.14 - - - 2.69
Demographics Yes Yes Yes Yes Yes Yes

Notes: This table reports coefficient estimates from linear regressions estimating equation 1.2 interacted
with whether the participant perceives the child-related part of the gender wage gap as less fair than the
part unrelated to children, and controlling for beliefs about its sources. All regressions include demographic
controls, and outcomes are normalized relative to the Control group. The dummy variables Info=Prior and
Child less fairxInfo=Prior are included in all specifications but omitted from the table due to the small
number of observations. Columns (1)—~(2) present results for overall support, distinguishing between gen-
eral support for reducing the gap (column (1)) and support for government intervention to achieve this
(column (2)), columns (3)-(&) for specific policies, and columns (5)-(6) for child-related policies relative to
other policies. Column (3) reports results for support for child-related policies, measured as the average of
normalized support for maternity leave, paternity leave, and child care subsidies. Column (&) reports results
for support for discrimination-related policies, measured as the average of normalized outcomes for sup-
port for quotas, affirmative action plans, and equal pay legislation. Column (5) shows the difference between
support for child-related and discrimination-related policies, while column (6) captures respondents’ pref-
erence for prioritizing pay differences related to having children. Control group means prior to normalization
are reported at the bottom of the table. For outcomes constructed from multiple variables, the Control group
means for the underlying specific policies are reported in Table 1.B.4. Robust standard errors are displayed
in parentheses. **, , * indicate significance at the 1%, 5% and 10% level, respectively.






Chapter 2

Age at Labor Market Entry and Gender
Occupational Segregation”

Joint with Anna Person

2.1 Introduction

Gender differences in occupational sorting remain a central driver of persistent wage
inequality (Goldin and Katz, 2016; Goldin et al., 2017). Despite extensive research
on preferences, norms, and discrimination, relatively little is known about how the
timing of labor market entry shapes gendered career trajectories (see e.g., Penner,
2008; Gartner and Hinz, 2009). This is surprising, as the transition from school to
work is a critical juncture in which occupational paths often become persistent.

This paper studies whether age at labor market entry causally affects gender dif-
ferences in occupational choice. We focus on timing as a policy-relevant and largely
overlooked mechanism: entering the labor market at a younger age may amplify
gendered peer dynamics, social identity concerns, or stereotypical beliefs at the mo-
ment of choice. In this way, age can shape whether young workers sort into male-
or female-dominated occupations. We find that younger men are significantly more
likely to select into male-dominated occupations, whereas women’s occupational
choices appear unaffected by age at entry.

* We are especially grateful to Radost Holler, whose initiative was fundamental in the early stages
of this project. We also thank Klaus Altmos, Anna Bindler, Barbara Boelmann, Teodora Boneva, Thomas
Dohmen, Antonia Entorf, Christina Felfe, Daniel Kiihnle, Valentina Melentyeva, Pia Pinger, Jan Scherer,
Malin Siemers, and Jakob Wegmann for their valuable comments and support. We are also thankful to
the participants at the ECONtribute Junior Workshop in Gender and Labor Economics, the Essen Health
Conference, the Bonn Applied Micro Coffee, the RGS Doctoral Conference, and the NGE Workshop for
helpful feedback and suggestions. Funded by the Deutsche Forschungsgemeinschaft (DFG, German
Research Foundation) under Germany’s Excellence Strategy — EXC 2126/1 — 390838866 and through
the Collaborative Research Center Transregio 224 (CRC TR 224 - project A02).
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Age at labor market entry is particularly relevant given that research has shown
age at important life junctures can have lasting effects, especially in youth.! Fur-
thermore, occupational choice often occurs at the end of formal education and is
frequently a one-time decision. Given that half of all workers remain in their initial
occupation long-term (SOEP, own calculations), the age at choosing could signif-
icantly impact career trajectories. This is particularly relevant for lower-educated
individuals who enter the labor market earlier. Since younger individuals have less
information on the labor market, they may, by default, turn to more stereotypical
occupations due to these skewed beliefs.

This phenomenon can be observed very well in countries with tracking systems
of education that exhibit different durations of secondary education. Thus, Germany
provides an ideal setting for studying the effect of age at labor market entry. Ger-
many has an early-tracking Vocational Education and Training (VET) system after
compulsory education, forcing children to make an occupational choice at a rela-
tively young age. In this context, if age indeed influences occupational choice, even
a difference of one year could have a significant impact on an individual’s career
trajectory. Moreover, age could have a differential impact on occupational choice by
gender, especially considering that men in Germany are less likely to enroll in uni-
versity and thus face earlier occupational decisions. As a consequence, gender oc-
cupational segregation is more pronounced among lower-educated individuals: one
in two lower-educated men works in a male-segregated occupation,2 compared to
only one in six women working in a female-segregated one (German Microcensus,
own calculations). Among the higher-educated, one in five men and one in thirteen
women work in a gender-segregated occupation aligned with their own gender.

Providing causal estimates of the effect of age on labor market entry decisions,
i.e., occupational choice, can be difficult because of selection and school class effects.
Usually, a class is uniformly affected by events that occur at specific points in time,
and within-class differences in age are driven by selection bias, causing age to corre-
late with unobserved characteristics. To overcome this, we exploit a series of reforms
in Germany that shifted school entry cutoff dates in some states between 2003 and
2010, thus generating exogenous variation in effective school entry (and exit) for
children born between 1997 and 2004.

Using a Regression Discontinuity Design (RDD) with school entry dates as a cut-
off, we find that men are on average 7% more likely to choose a male-segregated

1. For example, being the oldest in class is associated with higher confidence (Page, Sarkar, and
Silva-Goncalves, 2019), better performance in competitive elite sports (Allen and Barnsley, 1993), and
increased likelihood of attaining managerial and political positions (Du, Gao, and Levi, 2012; Muller
and Page, 2016). These individuals also show higher self-esteem (Thompson, Barnsley, and Battle,
2004), fewer behavioral problems (Chen, Fortin, and Phipps, 2015), and more competitiveness (Page,
Sarkar, and Silva-Goncalves, 2017).

2. Gender-segregated occupations are defined here as occupations where less than 10% are
other-gender workers.
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occupation when starting (and leaving) school one year earlier. We do not find
a significant impact of age at labor market entry on occupational segregation for
women. Using detailed individual-level data, we can show that this is not driven by
differences in educational attainment, track choice, or relative age within the class.
Instead, intergenerational transmission of parental occupations, differential educa-
tional returns, and the onset of stereotypes are potential drivers of the effect.

Our paper makes several contributions. First, by identifying a key factor of oc-
cupational choice, namely age at labor market entry, we contribute to the literature
on the determinants of educational and occupational choices (Levine, 1976; Keane
and Wolpin, 1997; Attanasio and Kaufmann, 2017) by presenting a new and policy-
relevant channel. Existing studies on occupational choice primarily focus on two ar-
eas: personal beliefs or preferences regarding job characteristics (Antecol and Cobb-
Clark, 2013; Zafar, 2013; Cortes and Pan, 2018; Wiswall and Zafar, 2018; Vattuone,
2026) and intergenerational transmission of occupations (Vleuten et al., 2018; Hum-
lum, Nandrup, and Smith, 2019; Philipp, 2023). Therefore, we are adding an impor-
tant determinant related to the one-off, time sensitive nature of occupational choice.
Second, our research contributes to the literature investigating the persistence of
gender segregation in the labor market. In particular, we identify a relevant factor
that could explain men’s attachment to traditionally male-segregated occupations
(Delfino, 2024). Specifically, the problem could potentially be less severe if this de-
cision is made later in life. Third, by focusing on lower-educated individuals, we
also extend the literature on early tracking and inequality in Germany (Gamoran
and Mare, 1989; Slavin, 1990; Oakes, 2005). Since gender occupational segrega-
tion is more persistent and pronounced among nonacademic tracks, we contribute
to the debate on equity concerns of VET and early occupational sorting. Specifically,
concerns that early tracking may constrain individuals’ future educational and occu-
pational opportunities by requiring career-relevant decisions at a very young age.

The remainder of the paper is structured as follows: Section 2.2 provides an
overview of the German education system and the relevant reforms. It further in-
troduces the data sources. Section 2.3 presents the empirical strategy and discusses
our main results. Section 2.4 explores potential mechanisms and provides robustness
checks of our results. Finally, section 2.5 concludes by discussing policy implications
and suggestions for future research.

2.2 Institutional background and data

In Germany, education falls under the authority of the federal states. To coordinate
certain standards, however, the assembly of ministers of education of the German
states, “Kultusministerkonferenz” (KMK), regularly decides on non-binding direc-
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tives for harmonization. Thus, while state-level differences exist, the core structure
of the school system is largely consistent across the country.?
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Figure 2.1. Structure of the German education system

Children traditionally enter primary school at age six or seven depending on
their date of birth. Primary school lasts four to six years depending on the state.* Af-
ter primary school, children are sorted into different secondary school tracks, each
having different lengths and content, and yielding different school leaving certifi-
cates. There are four main secondary school tracks:

(1) Academic track (Gymnasium) lasting eight or nine and yielding a university
entrance qualification®

(2) Middle track (Realschule) lasting for six years and qualifying for all VET pro-
grams

3. Itis important to note that the states that were part of the GDR displayed a markedly different
system between 1946 and 1990. After the reunification with the school year 1991/92, the school
system of the states of the former GDR was harmonized towards the system of the West German states
(see e.g., Fuchs and Reuter, 1995, for details). In Saxony, the harmonization was delayed to the school
year 1992/93 (Fuchs and Reuter, 1995).

4. Berlin and Brandenburg are the only states where the length of primary school is six grades.
In all other states, it is four years long.

5. Whether it is eight or nine years depends on the state as well as the cohort. Originally it was
nine years in all West German states and eight in the East German states. However, in the 2000’s there
was a movement to decrease its length to eight years also in the West German states. This was later
partially reverted again so that it truly depends on the cohort whether individuals did eight or nine
years of ‘Gymnasium’.
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(3) Lower track (Hauptschule) lasting for five to six years and qualifying for a sub-
set of VET programs ©

(4) Comprehensive school (e.g., Gemeinschaftsschule, Gesamtschule, Sekun-
darschule) combining different tracks in one school

The choice of school track is based entirely on the recommendation of the pri-
mary school teacher in the states where it is binding (Baden-Wiirttemberg, Bavaria,
Berlin, Brandenburg and Thuringia). In the other states, children also receive a rec-
ommendation by the teacher, but the choice is eventually made by the parents. Tran-
sition across tracks is possible, however its structure and pervasiveness depends on
the state and on the track choice. Most of the transitions from the lower tracks to the
higher tracks happen after graduation from the respective lower secondary school.
On average, across the whole secondary school period, slightly more than one stu-
dent out of four changes their initial track (Bildungsberichterstattung, 2020).

In principle, schooling is mandatory until the child reaches eighteen years of age
in most states. However, full-time general education is only mandatory for nine years
(ten years in Brandenburg, North Rhine-Westphalia, and Berlin). After completing
lower secondary education, students have to either continue with full-time education
in any other type of upper secondary school or complete their compulsory education
by participating in a VET program with at least part-time schooling (also known
as the ‘dual system’). This school-to-work transition stage is central for our setting
because many occupational choices in Germany are made at that point.

There are two types of VET: school-based or on-the-job training with part-time
schooling called the ‘dual system’. The type of training depends on the occupations
students want to be trained for. School-based training is mostly for social, health
and medical professions, such as physiotherapy, speech and language therapy, med-
ical and technical assistant, or similar. Most occupations that do not require univer-
sity education require training within the ‘dual system’ (330 occupations are trained
within the dual system). In the ‘dual system’, students are employed and trained on
the job. They typically visit school only in certain weeks during the year. After com-
pletion, they obtain a formal vocational degree, which is often required to practice
legally protected occupations. This makes the apprenticeship track highly relevant
for our analysis, as it is the dominant route into many occupations where gender
segregation is pronounced.

2.2.1 School entry age in Germany

In this paper, we mainly rely on one particular feature of the German educational
system, namely a discontinuity in the school starting age. Each German state has
a certain school starting cutoff date. Every child aged six before that cutoff date is

6. Six years only in North-Rhine Westphalia.
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meant to enter primary school in August or September of that year, while every child
born after that cutoff date is meant to enter primary school a year later.

Historically, the cutoff date has been June 30 every year (see Appendix B for
details on the evolution of the cutoff dates across states).” That is, children born
before June 30 enter school in the year they turn six, while those born after June 30
enter school in the year they turn seven.

In 1997, the KMK agreed to allow more flexibility in school-entry cutoff dates,
with the aim of encouraging earlier school entry. Specifically, states could move the
cutoff from June 30 to a date up to September 30 (see e.g., Faust, 2006). In response,
eight of the sixteen federal states changed their month-of-birth cutoff between 2003
and 2010.

For our design, the key point is not the reform process itself, but the exogenous
timing variation in school-entry age generated by these cutoff rules. Importantly, the
cutoff changes occurred after the relevant children had already been born, which
limits concerns that parents could sort births strategically around the new thresholds.
Table 2.1 reports the affected states, implementation years, and first affected cohorts,
and Figure 2.B.1 illustrates the geographic pattern.8

It is important to note that cutoffs are not fully binding. Both earlier and de-
layed entry are, in principle, possible if certain conditions are met. Children can
enter early if the child displays the physical, intellectual and social development
(‘Schulfahigkeit’) to enter school. Most states do not stipulate any further restriction
on early entry. In some states, however, early entry is only permitted for children
who are not yet six years old at the normal cutoff date, but turn six within a certain
time frame after the cutoff. The time frame depends on the state. In most states, a
delay of one year is allowed if the child does not display the characteristics needed
to enter school according to a pediatrician’s assessment (‘Schulfdhigkeitstest’, school
readiness test, Horstschraer and Muehler, 2014). We provide additional information
on the institutional background in Appendix 2.B.

2.2.2 Data

We use the German Microcensus to identify the effect of interest in a German repre-
sentative sample with a large number of observations. Provided by the Research Data
Centres of the Statistical Offices of the Federation and the Federal States (RDC), the
German Microcensus is a multiple-subject survey using a representative sample of
one percent of the German population. It is carried out annually since 1957 and in-
cludes about 370 000 households with 810 000 household members. The Microcen-

7. To be precise, in the German Democratic Republic the cutoff was May 31. After reunification,
East German states moved their cutoff subsequently to June 30. For more details see Appendix B.

8. In Berlin, Bavaria, and Lower Saxony, cutoff dates were later shifted back in the 2010s and
2020s. These reversals do not affect the cohorts observed in our sample and are therefore not used in
our analysis.
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Table 2.1. Reforms across federal states

Federal State Cutoff Date Cutoff Date  Pivotal  Entryin

- Year of Reform before Reform after Reform Cohort Education
Thuringia

- 2003 June 30 Aug 1 1997 2003
Baden-Wiirttemberg

- 2005 June 30 July 31 1999 2005

- 2006 July 31 Aug 31 2000 2006

- 2007 Aug 31 Sept 30 2001 2007
Bavaria

- 2005 June 30 July 31 1999 2005

- 2006 July 31 Aug 31 2000 2006

-2007 Aug 31 Sept 30 2001 2007

- 2008 Sept 30 Oct 31 2002 2008

- 2009 Oct 31 Nov 30 2003 2009

-2010 Nov 30 Sept 30 2004 2010
Berlin

- 2005 June 30 Dec 31 1999 2005

-2017 Dec 31 Sept 30 2011 2017

-2022 Sept 30 June 30 2016 2022
Brandenburg

- 2005 June 30 Sept 30 1999 2005
North Rhine-Westphalia

- 2007 June 30 July 31 2001 2007

- 2008 July 31 Aug 31 2002 2008

-2009 Aug 31 Sept 30 2003 2009
Rhineland-Palatinate

- 2008 June 30 Aug 31 2002 2008
Lower Saxony

-2010 June 30 July 31 2004 2010

-2011 July 31 Aug 31 2005 2011

-2012 Aug 31 Sept 30 2006 2012

-2018 Sept 30 June 30 2012 2018

Notes: The table gives an overview of when the reforms were implemented in the eight federal states that
changed their cutoff dates from June 30. It is ordered by the year of implementation of the reform that
coincides with the entry in education for the pivotal cohort. The cutoff dates before and after the reform are
also displayed. The default cutoff for all other federal states is still June 30. Sources: Faust (2006), Berthold
(2008), Hovel (2009), and Helbig and Nikolai (2015)
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sus has detailed information on labor market outcomes, such as occupational choice,
educational trajectories, as well as state, year and month of birth. We have obtained
six survey years from the RDC for On-Site use: 2014, 2015, 2016, 2017, 2018 and
2019.9 In these years, we can access information on the labor market choices of the
pivotal cohorts entering the labor market in the years 2015-2018. We can analyze all
states that introduced the reforms in the years 2003 up to 2010. The cross-sectional
structure of the data allows us to pool information on the pivotal cohorts and in-
crease the power of our analysis. Our realized sample consists of 29,598 individuals
for which we observe labor market outcomes already.

One drawback of this data source is that it does not contain information on the
year individuals started school. To correct for this, we make use of the German Socio-
Economic Panel (SOEP), a longitudinal study of private households in Germany, con-
ducted annually since 1984 (DIW, 2022). It provides representative microdata on
individuals and households, covering a wide range of topics including employment,
education, income, and demographic characteristics. Although the SOEP’s long-run
panel is ideal to analyze detailed educational trajectories of young individuals, its
small sample size relative to our relevant cohorts (n = 3,088)'° is not enough to
estimate our main effect of interest.

We employ both datasets for complementary purposes in our empirical strategy.
The SOEP serves as our primary data source for validating the relevance assump-
tion of our fuzzy regression discontinuity design, providing direct evidence of the
first-stage relationship between cutoff dates and school entry timing (Table 2.2, col-
umn 1), as well as confirming the persistence of this effect on age at school exit
(Table 2.3). The Microcensus constitutes our main analytical dataset for estimating
the treatment effects on occupational segregation (Table 2.6), leveraging its large
sample size and comprehensive occupational information. Additionally, we use the
Microcensus to construct our segregation measures based on the full distribution of
workers across occupations (Figure 2.3) and to provide supplementary first-stage
evidence for younger cohorts where direct school entry timing is observable (Table
2.2, columns 2-6).

2.3 Empirical strategy and results

2.3.1 Empirical strategy

This paper examines the causal relationship between age at labor market entry and
gender occupational segregation. Our identification strategy leverages exogenous

9. RDC of the Federal Statistical Office and Statistical Offices of the Federal States of Germany,
Microcensus, survey year(s) 2014-2015.
10. These are the observations of our relevant cohorts for which we have information on age at
school entry in the SOEP. The number of observations reduces to 75 if we consider individuals affected
by the reforms for which we have nonmissing occupational info.
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variation in school entry age induced by state-level cutoff dates reforms in Ger-
many. We employ a fuzzy regression discontinuity design (RDD) by looking at career
choices of young adults born just before and after the cutoff date; these individuals,
although of very similar age, start school one year apart, thus entering the labor
market at different ages.

Our preferred and most credible source of identifying variation is the disconti-
nuity in school entry probability at the cutoff: comparing individuals born just be-
fore and just after the cutoff date within the same cohort and state, we can isolate
the effect of starting school — and thus entering the labor market — at a younger
age. The state-level reforms generate an additional and distinct source of variation,
namely cross-cohort and cross-state differences in cutoff timing. We exploit this vari-
ation in our robustness analysis, where we implement an RDD-DiD design compar-
ing cohorts affected by the reforms to those that were not within the same states.
This serves to validate that our main RDD estimates are not driven by pre-existing
differences across cohorts (see Section 2.4.2).

For the effect to be causal, we need the following assumptions to hold: (i) there
is no manipulation of the assignment variable (exogeneity); (ii) the effect due to
the discontinuity occurs only through the assignment variable (exclusion restriction);
(iii) the instrument shifts treatment in the same direction for all individuals (mono-
tonicity); and (iv) the cutoff determines a substantial shift in the probability of being
treated (relevance).

23.1.1 Exogeneity and the exclusion restriction

The primary identification challenge stems from the potential endogeneity between
labor market entry age and occupational choice. The most significant confounding
factor is school track selection, which simultaneously influences both the duration
of education and subsequent occupational choices. While track choice is endogenous
in our setup, we demonstrate that the reforms we exploit do not systematically alter
track selection patterns (see Section 2.4).

Even within educational tracks, school entry age creates variation in labor mar-
ket entry age. This variation is partially exogenous, as it is determined by state-level
cutoff dates based on children’s month of birth. Two potential threats to identifica-
tion exist. First, parents might strategically time births to influence their children’s
school entry age. However, our data show little evidence of such behavior (see 2.A.4
and 2.A.2) when we test for manipulation as proposed by Frandsen (2017).

Second, parents have some discretion in school entry timing (“redshirting"), al-
though our data indicate high compliance rates. Specifically, 82% of children comply
with the designated cutoff dates. Among non-compliers (18%), 61% (11%) enter
school earlier than designated, while 39% (7%) enter school later than designated
(DIW, 2022). A residual concern is that parents who send their children to school
earlier regardless of the cutoff may also independently direct them toward gender-
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segregated occupations — for instance, out of a preference for occupations that do
not require university qualifications — thereby confounding our estimates. However,
evidence from Germany suggests that, in contrast to the US and other countries
where higher-educated parents are more likely to redshirt their children (Black, De-
vereux, and Salvanes, 2011), it is children from lower SES households who tend to
be sent to school later (Kratzmann and Schneider, 2009). Parents who send their
children to school early in our setting are therefore more likely to be of higher SES
— precisely those less likely to steer their children toward gender-segregated occu-
pations. If anything, this implies that our estimates constitute a lower bound of the
true effect.

To strengthen our identification strategy, we exploit reforms that shifted school
eligibility rules based on month of birth cutoff dates. These reforms provide an ex-
ogenous source of variation in school entry age for several reasons. First, the reforms
were implemented after the affected cohorts were born, preventing anticipatory re-
sponses from parents. Second, the changes in eligibility rules were determined at
the state level, independent of individual characteristics. Third, the timing and mag-
nitude of these reforms varied across states, as shown in Section 2.2, providing addi-
tional variation. This approach allows us to identify the causal effect of labor market
entry age on gender occupational segregation while addressing the aforementioned
endogeneity concerns.

2.3.1.2 Monotonicity

The presence of non-compliance in both directions — children entering school ear-
lier (11% of the full sample) and later than prescribed (7%) — raises the question
of whether monotonicity holds in our design. In a fuzzy RD design, monotonicity
requires that the instrument shifts treatment in the same direction for everyone: no
child who would have been sent to school early if born before the cutoff would have
been sent to school late if born after it. Two-sided non-compliance introduces the
possibility of defiers, whose presence would invalidate the LATE interpretation, as
discussed by Barua and Lang (2016).

While we cannot rule out the presence of defiers from a purely formal perspec-
tive, we argue that their practical relevance is limited in our setting. For defiers to
bias our estimates, their potential occupational outcomes would need to differ sys-
tematically from those of compliers in a way that correlates with the direction in
which they defy the rule. It is not clear what mechanism would support such a corre-
lation: defier status reflects a family’s tendency to go against the prescribed school
entry rule regardless of its direction, and it is difficult to construct a plausible story
linking this behavioral pattern to preferences over the gender composition of a child’s
future occupation. This is especially so given that our outcome is measured nine to
eleven years after school entry, making it implausible that a parental timing decision
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at age five exerts a meaningful independent influence on occupational choices made
a decade later.

2.3.1.3 Relevance

The last assumption in our design implies (i) that school cutoff entry rules signifi-
cantly shift the probability for individuals to start school in a certain year, and (ii)
that age at school entry affects age at school exit, which in turn affects age at labor
market entry.

As highlighted before, we rely on a fuzzy design because school entry rules are
not completely binding, and parents have some leeway, i.e. the cutoff is not sharp.
We begin by showing in Figures 2.2, 2.A.2 and 2.A.3 that at the cutoff date there is
a substantial shift in the probability of starting school in the cohorts affected by the
reforms.

1.00

o )
o S
3 a

Share of children going to school at age 6

0.00

-2 -1 0 1 2 3
Distance in months from cutoff

Notes: The figure shows the share of children starting school the year they turn six in the cohorts from 1996
to 2004. On the x axis, month of birth is normalized as to be equal to 0 for the last month before the cutoff
date, and is equal to 1 for the first month after the cutoff. That is, in the states without reforms, for example,
the cutoff is June 30. This means that children born in June have cutoff = 0, those born in July cutoff = 1, and
so on.

Source: SOEP v37, own calculations. N = 20,893

Figure 2.2. Discontinuity in age at school starting

As shown in Figure 2.2, in our sample of interest in the SOEP, where we can
see the exact schooling histories of individuals, the probability of going to school at
age six drops substantially after the cutoff. Since the Microcensus is cross-sectional
and does not contain complete educational histories, to test our assumption we cir-
cumvent this limitation by focusing on respondents for whom we can observe their
contemporaneous school placement and grade level, allowing us to reconstruct their
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educational trajectory, as we did for Figure 2.A.2. Similarly for the Microcensus, Fig-
ure 2.A.2 shows that the shift in probability is substantial.

Then, we go a step beyond and also investigate other pivotal moments in the
individuals’ schooling period, to see whether correction of the cutoff takes place after
starting school. For instance, if students switching from elementary to secondary
school around the cutoff are equally likely to be either still in grade four or already
in grade five, this would mean that they correct their school trajectory after having
entered school, either by repeating or skipping a year. If this adjustment would be
correlated with our outcome of interest, this could bias our results.

Our preferred fuzzy RDD specification is as follows:

Yise = P1Before; + B,Male; + f33Before; x Male; + f3,MonthBirth;
+ YRt L X+ €4 (2.1)

where y;,. is the outcome of interest for individual i, in state s and cohort c;
Before; takes value 1 for students born before the cutoff, 0 otherwise; Male; is a
dummy variable that takes value 1 if i is male, 0 otherwise. MonthBirth; is the run-
ning variable, X; a vector of individual controls, and we further include year of birth
fixed effects. All standard errors are clustered at the state level. The coefficients £,
and f3; are our main coefficients of interest, capturing the effect for women (f3;) and
for men (B; + f33).

A few features of this specification differ from "standard" RD design. Rather than
a local linear regression with data-driven bandwidth selection — the approach most
common in RDD settings with a continuous running variable — we work with a fixed
window of two months on either side of the cutoff and control for month of birth lin-
early. This choice is motivated by the discrete nature of our running variable: month
of birth takes at most twelve distinct values, and within our window of interest only
four. With so few mass points, conventional bandwidth selection procedures have
little traction, and estimating flexibly-varying trends on each side of the cutoff is not
feasible. The two-month window reflects a deliberate tradeoff: children born within
two months of the cutoff are highly comparable in age and developmental stage,
whereas expanding the window progressively reduces this comparability. We there-
fore prefer to anchor identification in this near-birthday comparison rather than in
a data-driven bandwidth, and show in the Appendix (Table 2.A.5) that our results
are robust to alternative window widths, running variable specifications, and a local
linear regression approach.

Since not all children comply with the cutoff rule, equation 2.1 estimates an
intention-to-treat (ITT) effect rather than a local average treatment effect (LATE).
The ITT captures the reduced-form impact of being born just before the cutoff — and
thus being assigned to earlier school entry — on occupational segregation, without
scaling by the share of compliers. We prefer this interpretation for two reasons. First,
as discussed above, the presence of two-sided non-compliance makes the monotonic-
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ity assumption required for a LATE interpretation difficult to defend formally, even
if we argue its practical relevance is limited. Second, from a policy perspective, the
ITT directly answers the question of whether shifting the school entry cutoff — as
the reforms we exploit did — produces changes in gender occupational segregation,
which is the relevant counterfactual for policy evaluation.

Table 2.2. First stage RDD

SOEP Microcensus
1996-2004 2007-2011 1998-2002 1997-2001
Starting school at 6 Grade 9 VET Grade 10  Grade 11
(1) (2) (3) (4) (5) (6)
Before 0.44™ 0.40™* —-0.019 0.0011 -0.18"* 0.048
(0.072) (0.084) (0.024) (0.0058) (0.031) (0.040)
Male 0.027 —0.015 0.014 0.0030 0.010 —0.060™
(0.052) (0.017) (0.024) (0.0023) (0.012) (0.023)
Before x Male —0.037 —0.034" —-0.015 0.0051 —0.0048 —0.049"
(0.059) (0.017) (0.023) (0.0047) (0.018) (0.027)
Month of birth —0.044™"  —0.042™ 0.023"* —0.0052"* 0.027*  —0.013*

(0.009) (0.0098) (0.0036) (0.0015) (0.0042) (0.0050)

Year of birth FE N v N v v v

Baseline mean 0.21 027 0.81 0.02 0.37 0.41
N 3,088 5,535 2,774 7,123 4,310 4,310
Adj. R? 0.478 0.373 0.046 0.016 0.161 0.020
F Statistic 287.4 354.3 47.2 6.86 150.6 16.3

Notes: The table shows the following results: Column (1) presents regression results of the probability
change of going to school at age six around the school entry cutoff date using SOEP data. The baseline
mean is the probability of going to school at age six when being born after the cutoff. Columns (2)-(6) use
Microcensus data. Given the cross-sectional nature of the Microcensus data, we observe only individuals’
current educational status and outcomes; thus, for this analysis we restrict our sample to respondents for
whom we can identify both their current school type and grade level at the time of the survey. In column (2)
is estimated the effect of being born before the cutoff on the probability of starting school at age six. In col-
umn (3) the dependent variable is the probability of being still in grade nine for the subsample of students
attending low track secondary school. In column (4) we estimate the effect of being born before the cutoff
on the probability of being already in VET, conditional on having a low track school leaving degree; and in
columns (5)-(6) the dependent variable is the probability of being in grade ten and eleven for the subsam-
ple of students enrolled in a high track secondary school. The negative coefficient of the variable Before
in columns (3)-(5) indicates that students born before the cutoff are less likely to be still in grade nine/ten
at the age of sixteen/seventeen. The opposite is true for columns (4) and (6), albeit noisier estimates. To
ease of interpretation, the baseline gives the mean for women born after the cutoff (for which Before = 0).
Standard errors are bootstrapped and clustered at the state level. SOEP v37 and Microcensus 2014-19, own
calculations. * p < 0.10, ™ p < 0.05, ** p < 0.01.

We analyze three pivotal moments of the students’ life: (i) school entry (six years
old); (ii) for low track secondary school students, attending grade nine vs. starting
VET (sixteen/seventeen years old); and (iii) for high track secondary school stu-
dents, attending grade ten vs. grade eleven (seventeen/eighteen years old). For each
regression, we select the Microcensus sample as to consider only those individuals
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who, for each wave, would have had the right age. For example, to estimate the ef-
fect of being born before the cutoff on the probability of starting school at age six,
we restrict our sample in survey wave 2014 to individuals born between January
and December 2007. Since the survey took place in early 2014, we would expect
children born before July 2007 to be enrolled in school, whereas those born in July
or after would not be enrolled. While this sample does not directly coincide with
our main analysis sample, they are of very similar age and do not show substantially
different trends in schooling attendance, suggesting that estimations for our cohorts
of interest should not differ by much.

Table 2.2 presents these estimates. Columns (1)-(2) show the regression on
school entry compliance at six years old for the SOEP (our cohorts of interest)
and the Microcensus (younger cohorts not yet in the labor market), respectively;
columns (3)-(4) show respectively the probability of being still in grade nine and
being in VET at sixteen and seventeen years old, conditional on being enrolled
in/having a school leaving degree from a low track secondary school, respectively;
and columns (5)-(6) show the probability of attending grade ten and grade eleven,
conditional on being enrolled in a high track secondary school, at seventeen and
eighteen years old respectively.

Being born before the cutoff significantly increases the probability of going to
school when aged six in the SOEP sample. As the interaction coefficient suggests,
there are no differences by gender, so parents are not more inclined to anticipate
or postpone children’s school entry according to their gender. The F-statistic of 287
implies a high relevance of the instrument in determining the assignment rule. For
the Microcensus sample, children born before the cutoff are 40 p.p. more likely to
be enrolled in primary school when aged six, a near-identical estimate to the one
from the SOEP. The coefficient of the interaction term Before x Male is negative and
weakly significant, meaning that boys could be slightly more redshirted by parents
than girls, thus starting school later even if being born before the cutoff. The results
are robust when we perform a local linear regression (see Table 2.A.1).

Moving on to the next steps in schooling histories, the effect is quantitatively
similar for students attending a low track secondary school, albeit not statistically
significant when controlling for month of birth as running variable. We show in Ta-
ble 2.A.4 that controlling for different combinations of year-month of birth yields
robust and qualitatively similar coefficients to the ones shown in Table 2.2, indicat-
ing that individuals born before the cutoff are still relatively more likely to finish
school earlier.

Conditioning on attending a high track secondary school, they are also 18 p.p.
less likely to be still in grade ten at the age of seventeen. Boys are also less likely
to be in grade eleven at the age of eighteen, confirming the persistence of the effect
we observe at school start, so that those who enter school later appear to remain in
school one year more.
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Table 2.3. Age at school exit by school leaving degree in the SOEP

Age at School Exit

Low track Vocational Track  High Track
(1) (2) (3)
Before —0.687* -0.616™ -0.582"
(0.233) (0.252) (0.288)
Male 0.086 0.164* -0.232*
(0.170) (0.098) (0.100)
Month of birth —0.014 0.030 0.025
(0.024) (0.045) (0.033)
Before x Male 0.181 0.058 0.073
(0.265) (0.133) (0.166)
Year of birth FE Ng v NG
State FE v v v
Baseline mean 16.65 17.49 19.37
N 2,046 3,858 7,779
Adjusted R? 0.074 0.109 0.095

Notes: The table shows how age at school exit changes when being born before school entry cutoff dates.
The baseline mean is the average age at school exit of individuals born after the cutoff (dependent variable).
The regression is estimated separately by school leaving degree and with State FE to account for different
secondary school tracks’ duration. If there were perfect compliance to the rules, the difference would be ex-
actly one year. The coefficient of Before shows that, despite non-compliers, those repeating or skipping one
year, the difference is still close to one. To ease of interpretation, the baseline gives the mean for women
born after the cutoff (for which Before = 0). Robust standard errors are clustered at the state level in paren-
theses. SOEP v37, own calculations. * p < 0.10, * p < 0.05, ** p < 0.01.

Finally, our assumption implies that age at school entry affects age at school exit,
i.e. age at labor market entry. We test this by regressing age at school exit on whether
individuals are born before or after the cutoff in the SOEP, since we do not have com-
parable reliable information in the Microcensus. Table 2.3 shows separate estimates
by school track choice. If there were 100% compliance and no adjustment (skipping
or repeating a year) after school start, the coefficient should be equal to minus one.
Despite lower actual compliance and the possible adjustments later, our estimates
suggest that individuals born before the cutoff are still likely to finish school 2/3 of
a year sooner than those born after, meaning that school eligibility has a substantial
impact on age at labor market entry.

Our dependent variable of interest y;,. is a dummy variable equal to 1 when indi-
vidual i, in state s and cohort c works in a gender segregated occupation, O otherwise.
We construct our measure of segregation by looking at the distribution of all the oc-
cupations in the whole of the Microcensus sample (see Figure 2.3). We define an
occupation as male (female)-segregated if 10% or less of the workers are women
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(men). We show that our results are robust to choosing different segregation thresh-
olds (Figure 2.A.6).

High track Low track

Density
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% of women in occupation by gender and education level, cohorts born before 1985 (1SC03)

||—| Women | Men|

High track Low track
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% of women in occupation by gender and education level, cohorts born after 1985 (ISCQ3)
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Notes: The figure shows the distribution of workers in occupations in the Microcensus by gender, cohort and
educational level. Occupations are arranged along the x-axis according to their female composition, from
0% (exclusively male) to 100% (exclusively female). In red is shown the distribution of women; in blue the
distribution of men. On top, the results for cohorts born before 1985 (N = 1,462,307) are presented and in
the bottom panel are the cohorts born after 1985 (N = 414,078). On the left are the results for people who
have a high track school leaving degree and on the right for people who have a low track school leaving
degree.

Source: Microcensus 2014-19, own calculations.

Figure 2.3. Distribution of workers in occupations (ISCO3) by gender, educational level, and birth
cohort

2.3.2 Descriptive statistics

Table 2.4 presents summary statistics of the entire Microcensus sample, from which
we derive our measure of segregation, in columns (4)-(6); and of our relevant co-
horts affected by the reforms (1996-2004) in columns (1)-(3). Since we are espe-
cially interested in individuals graduating from low track secondary school, results
are provided separately for this subsample as well in columns (1) and (4).
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Table 2.4. Summary statistics

Relevant cohorts All sample

Low track Hightrack Total Lowtrack Hightrack Total

mean/sd mean/sd mean/sd mean/sd mean/sd mean/sd

(1) (2) (3) (4) (5) (6)
Gender 0.436 0.536 0.487 0.513 0.501 0.508
(0.496)  (0.499)  (0.500) (0.500)  (0.500)  (0.500)
Age 19.200 20.560 18.370 46.330 43.580 45.060
(2.002) (1.576) (2.396) (13.640) (12.950) (13.480)
Had already worked 0.222 0.221 0.095 0.853 0.727 0.773
(0.416) (0.415) (0.293) (0.354) (0.446) (0.419)
Works full time 0.907 0.623 0.747 0.717 0.748 0.730
(0.290) (0.485) (0.435) (0.450) (0.434) (0.444)
German citizenship 0.924 0.966 0.944 0.920 0.940 0.916
(0.349) (0.312) (0.343) (0.327) (0.321) (0.341)
Completed VET 0.250 0.101 0.104 0.798 0.412 0.603
(0.433) (0.301) (0.306) (0.402) (0.492) (0.489)
University degree 0.000 0.046 0.011 0.001 0.470 0.206

(0.007) (0.209)  (0.105)  (0.030) (0.499) (0.405)

Nonmissing occupation  0.663 0.377 0.314 0.718 0.787 0.736
(0.473) (0.485) (0.464)  (0.450) (0.409) (0.441)

% women in occupation  0.417 0.526 0.454 0.439 0.472 0.454
(0.326) (0.273) (0.313) (0.305) (0.256) (0.284)

25% segr. occupation 0.666 0.486 0.605 0.589 0.418 0.508
(0.472) (0.500)  (0.489)  (0.492) (0.493) (0.500)
10% segr. occupation 0.287 0.093 0.222 0.233 0.101 0.172

(0.452) (0.290)  (0.416)  (0.423) (0.301) (0.377)

N 89,758 70,416 288,537 1,271,320 1,059,924 2,418,624

Notes: This table presents summary statistics. Columns (1)-(3) report summary statistics for the cohorts
of interest (1996-2004). Results are presented for low and high track school graduates separately, as well
as pooled together. Columns (4)-(6) report summary statistics for all sample of employed individuals from
which we derive our measure of occupational segregation. Microcensus 2014-19, own calculations.

While our relevant cohorts are significantly younger (as evidenced by the age
and related educational/work experience differences), most other characteristics are
notably similar. The comparable values for gender distribution, citizenship, occupa-
tional segregation measures, and percentage of women in occupations suggest that
our cohorts of interest are similar to the whole sample, with residual differences
attributable to the age gap.

Table 2.5 shows how workers in segregated occupations are distributed by gen-
der and school leaving degrees. Segregation is much more prominent for individuals
graduating from low track secondary school: one in two men graduating from the
low track works in occupations with 10% of women or less, whereas only one in five
high track graduates are expected to do so. Furthermore, we see that segregation on



90 | 2 Age at Labor Market Entry and Gender Occupational Segregation

the labor market affects men and women differently: across school leaving degrees,
only one in seventeen women works in a female-segregated occupation, whereas
more than one man in four is employed in a male-segregated occupation.

Table 2.5. Occupational segregation by gender and high school leaving degree

Share of workers in male Share of workers in female
occupations occupations
Male Female Total Male Female Total
High track 0.22 0.03 0.12 0.02 0.08 0.05
Low track 0.50 0.04 0.32 0.01 0.15 0.06
Total 0.43 0.03 0.26 0.01 0.13 0.06

Notes: The table presents the share of workers in male-dominated occupations on the left side and the share
of workers in female-dominated occupations on the right side, divided by educational track. An occupation
is defined as male (female)-dominated if 10% or less of the workers are women (men). Microcensus 2014-19,
own calculations. N = 2,331,244,

Figure 2.3 illustrates the distribution of workers in occupation by gender, school
track and age. Gender segregation is fairly persistent over time: if we plot the gender
composition of occupations, we see that little difference occurs if we consider older
cohorts born before 1985, or younger ones born after 1985; the main difference is
still given by the school leaving degrees. Individuals graduating from the high track
select into occupations more at the center of the distribution (where female share
is more or less close to 50%), whereas those from the low track are much more
concentrated around the extremes, i. e. men (women) select into occupations with
a very low share of women (men).

Finally, Table 2.A.3 in the Appendix shows summary statistics for our cohorts of
interest by treatment status. We see that the two groups do not differ substantially
in their main characteristics.
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2.3.3 Effect of age at school entry on gender segregation in the labor market

Table 2.6. RDD model: The effect of age at school entry on labor market segregation

Segregated occupation (25%) Segregated occupation (10%)

All sample  Low track sample All sample Low track sample

(2) (2) (3) (4)
Before —0.020" -0.016 —0.0067 —0.00080
(0.011) (0.013) (0.014) (0.020)
Male 0.18™ 0.19" 0.30" 0.36™
(0.012) (0.014) (0.019) (0.014)
Before x Male 0.044™ 0.056™ 0.025* 0.030™
(0.015) (0.021) (0.013) (0.014)
Month of birth —0.0034 —0.000098 —0.00067 0.0013
(0.0073) (0.0068) (0.0068) (0.010)
Year of birth FE N N N N
Baseline mean 0.52 0.55 0.07 0.08
Controls N Ng N v
N 17,294 11,958 17,294 11,958
Adjusted R? 0.045 0.054 0.136 0.157

Notes: This table presents our main RDD estimates. In columns (1)-(2) is shown the effect of being born be-
fore the cutoff on the probability of working in an occupation with 25% or less other-gendered workers, and
10% or less in columns (3)-(4). We control for month of birth as running variable and year of birth FE. Further
controls include migration background, ZIP code area (NUTS 3), interview quarter year, G8 reform. To ease of
interpretation, the baseline gives the mean for women born after the cutoff (for which Before = 0). Robust
standard errors are clustered at the state level in parentheses. Microcensus 2014-19, own calculations. *
p < 0.10,™ p < 0.05, "™ p < 0.01.

Table 2.6 displays the ‘reduced form’ estimates of our fuzzy RDD using Microcen-
sus data. Our preferred specification includes two months before and two after the
cutoff. While the regressions presented here include month of birth as continuous
variable, in Table 2.A.5 we show that the results remain identical when including
month of birth FEs, as well as controlling for different combinations of year-month
of birth FEs.

The dependent variable in column (1) and (2) is a dummy variable equal to 1
if the individual works in an own-gender segregated occupation (occupation that
has 75% of own-gender workers, or more); for columns (3) and (4), we use a 10%
indicator (occupation has 90% of own-gender workers, or more). In Figure 2.A.6, we
show that our results are robust to choosing different segregation thresholds, as well
as using a continuous measure of segregation on the left hand side of the equation.
Column (1) and (3) show the results across all individuals affected by the reforms,
whereas column (2) and (4) present the estimates for the subsample of individuals
holding a low track school leaving degree only. The coefficient associated with the
variable Before identifies the treatment effect for women, whereas the effect for men
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is given by the sum of the coefficients from the variable Before and the interaction
term Before x Male, while the coefficient for Male identifies baseline differences in
occupational segregation by gender.

Estimates for men yield positive and significant coefficients in both groups. On
average, men graduating from the low track born before the cutoff (who then enroll
to school when aged six, thus younger than their counterparts) are on average 3
percentage points more likely to select into a heavily male-segregated occupation,
an increase of 7%.

For women instead, the treatment effect is not significant and very close to zero.
This means that shifting the age at labor market entrance for women within this age
interval does not seem to produce a substantial effect on their choice of occupation
in terms of gender segregation.

2.4 Robustness checks

In this section we discuss potential concerns, mechanisms, robustness checks and
explanations for our results.

2.4.1 Effect on school track choice

One concern is that individuals who go to school one year earlier are not only
younger at the school start or exit, but also at each pivotal moment of their school-
ing period. Thus, every decision they make regarding school, both at the extensive
and the intensive margin, might be affected by their younger age. If, for example,
younger, less mature children are also more likely to select into a low track secondary
school, and this in turn affects their occupational choices in terms of gender segre-
gation, then a valid concern would be that the effect that we capture does not only
reflect age, but it might be mediated by the earlier track choice.

While studies looking at international comparisons find in general a small, but
persistent negative effect for early tracking on younger individuals, evidence from
Germany shows that, on average, tracking decisions do not affect any long term labor
market outcome (Dustmann, Puhani, and Schonberg, 2017). This null effect seems
to be driven by the flexibility of the system (Miihlenweg and Puhani, 2010) in which
at least one student out of four at the end of the schooling period has changed track
(Bildungsberichterstattung, 2020). Therefore, it is unlikely that we are capturing the
only labor market outcome influenced by earlier tracking, assuming that students
who were assigned to tracks earlier because of the reform do not subsequently adjust
their educational trajectory, contrary to their peers.

To check for this possibility, we would ideally like to investigate whether tracking
is affected by earlier school entry in our sample of interest. However, due to the
cross-sectional nature of the Microcensus data, we can only look at school leaving
degrees once finished school and we cannot account for any track change within the
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schooling period. To test this, we employ two strategies: (i) we follow the analysis
of Dustmann, Puhani, and Schénberg (2017) with the cohorts most close to ours,
but not directly affected by the reforms, to see if also younger generations’ age-at-
tracking does not affect school leaving degrees; (ii) we repeat this by limiting our
sample to the 2019 survey wave, so that the first treated cohort with a sizable sample
(1999) is old enough to reasonably have already obtained a school leaving degree.

Table 2.7. RDD model for school leaving degrees

cohorts 1989-1994 cohort 1999

Low track  Technical Hightrack Lowtrack Technical High track
high track high track

(1) () (3) (4) (5) (6)
Before —0.0042 0.013 -0.017 -0.0083 0.0036  —0.063

(0.012) (0.0098) (0.010) (0.046) (0.019) (0.037)
Male —-0.0019 0.0057 —0.067" 0.062"* 0.0044 —0.098™

(0.014) (0.0061) (0.0059) (0.017) (0.018) (0.017)
Before x Male 0.0076 —0.0093 0.00070 —0.0034 —0.014 -0.019

(0.0070) (0.0055) (0.0058) (0.023) (0.021) (0.032)
Month of birth 0.00015 —-0.0013 0.0025 —0.00015 —0.0026 —0.042"*

(0.0049) (0.0029) (0.0031) (0.017) (0.0080) (0.019)
Year of birth FE NG NG NG - - -
Baseline mean 0.31 0.13 0.44 0.32 0.09 0.47
Controls Ng Ng Ng - - -
N 87,599 87,599 87,766 2,219 2,219 2,225
Adj. R? 0.055 0.020 0.109 0.002 -0.002 0.012

Notes: This table shows the RDD of probability of getting low track and (technical) high track school leaving
degrees in columns (1)-(3) for early vs. late school goers in the before-treatment period, cohorts 1989-1994
(two months around the cutoff); and for individuals born before vs. after the cutoff for the cohort 1999 in
columns (4)-(6). Interval chosen as to have cohorts near in time to our sample of interest, and so that, in the
respective survey wave, the youngest ones were aged 20 and thus had very likely finished school. To ease of
interpretation, the baseline gives the mean for women born after the cutoff (for which Before = 0). Robust
standard errors are clustered at the state level in parentheses. Microcensus 2014-19, own calculations. *
p < 0.10,™ p < 0.05, ™ p < 0.01.

As found by Dustmann, Puhani, and Schénberg (2017), also in more recent co-
horts earlier school entry does not coincide with a different probability of getting
different school leaving degrees. Individuals born before the cutoff, who then en-
roll in school earlier, do not display any differing school trajectory from their later
sorted counterparts. The effect is absent for both genders, although their baseline
differences in probability of getting specific school degrees: men are on average 7-
10 p.p. less likely to obtain a high track school leaving degree (16-19%) and 6 p.p.
more likely to get a low track school leaving degree with respect to women (although
only in the case of the 1999 cohort). This is in line with the evidence that children
who start school earlier and who then might get sorted into a lower track than their
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‘optimal’ one, eventually do not show any substantial difference in schooling out-
comes. That is, thanks to the flexibility of the German schooling system, they still
have the same chance of getting a (technical) high track degree.

Still, data limitations do not allow us to exclude that within-track sorting affects
our outcome of interest, or that, while exiting school with the same degrees, ‘wrong’
sorting could be one of the drivers.

2.4.2 Birth timing and month of birth effects

Another potential concern with our identification strategy is the possibility of sys-
tematic differences in birth patterns around the school entry cutoff dates. If parents
strategically timed births to take advantage of the cutoff rules, this could lead to
non-random sorting of individuals around the cutoff.

However, as shown in Figure A.4, the data does not indicate any unusual patterns
or discontinuities in birth rates around the school entry cutoff dates. While there is
evidence of some seasonal variation in birth rates, this seasonality appears to be
orthogonal to the school entry cutoff dates, as indicated by the smooth distribution
of births across months without any sharp changes at the cutoff points. Furthermore,
the Frandsen test results presented in Table A.2 provide additional reassurance. This
test is designed to detect any unusual heaping or nonlinearity in the distribution of
a discrete running variable (birth month) around the cutoff. For the relevant cohorts
(1996 to 2004), the test does not find significant evidence of manipulation, with p-
values above conventional significance levels even at lower levels of the K parameter
that are more sensitive to small deviations from linearity, especially for the cohorts
affected by the reforms.

Nonetheless, it could be that children born in particular months have charac-
teristics correlated with our outcome of interest. To control for this, we augment
our analysis with a difference-in-difference design (DiD), in which we apply a triple-
difference to capture (i) the difference between states that are treated and states
that are not; (ii) the difference between individuals born in different months, hold-
ing year of birth constant; and (iii) the difference between those born in the same
months, but in different years, holding state constant.

We adapt our RDD specification by controlling for state, month of birth and co-
hort fixed effects:

Yige = P1D; + ByMale; + fB3Male; x D; + ycohort 4 S?Gtexmomh +X; + ¢ (2.2)

c 8¢

where y;,. is an indicator for gender segregation of the occupation of individ-
ual i, born in state-month of birth combination g and in cohort year c; D; indicates
whether individual i is born in the states, years and months affected by the school en-
try reforms, i. e. is equal to 1 for children going to school one month earlier to their
respective counterparts. Robust standard errors are clustered at the state x month
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level in our preferred specification, and we control for a vector of individual char-
acteristics X;. The coefficients ; and f5 capture the impact of age at school entry
on occupational segregation for women and men, conditional on fixed differences
across state-months of birth and fixed differences across cohorts. Thus, the TWFE
estimator allows us to estimate the ITT effect. Fixed differences across states or sea-
sonality effects of month of birth cannot drive our results, because they are captured
by 5?““*’”"”}‘ and we exploit the variation over time within each state x month of
birth combination. Likewise, cohorts effects across states and months of births are
captured by yﬁ"h"” fixed effects. Our results are robust to changing the specification
with state x cohort and month of birth fixed effects.

Our causality claim holds under the parallel trends assumption only. This means
that, in the absence of treatment, it should be plausible to assume that the two
groups’ main outcomes would have had similar trajectories. While we never observe
counterfactuals, we provide suggestive evidence of similarity between labor market
outcomes and educational paths between treated and control states. Figure 2.A.7
shows, for example, that wages, school leaving degrees and share of workers em-
ployed in segregated occupations do not display different trends for the cohorts born
in the period just before the reforms apply. Also, to the best of our knowledge, no
competing intervention was adopted affecting the age group and states of our sam-
ple of interest.

Furthermore, we go a step beyond and compare not simply individuals born in
treated and control states, but we define our level of comparison at the state x month
of birth. This implies that a violation of the parallel trends clause, in order to affect
our results, should be year-specific across all states (or at least within treated and
control states), but differentially affect individuals born in the months of the school
entry reforms. Similarly, in order for us to pick up a spurious effect given by sea-
sonality of birth, we should assume that this month-specific trend differs precisely
across treated and control states.

We present results for the DiD specification in Table 2.8. As in the previous model,
we estimate the regression on all sample and on the subsample of low track gradu-
ates only, in column (1) and (2) respectively. In column (3) and (4) we repeat the
same regression, but we control for state x year and month of birth fixed effects; the
results remain unvaried.
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Table 2.8. Difference-in-Difference estimators: the effect of age at school entry on labor market
segregation

Segregated occupation (10%)

All sample Low track All sample  Low track

(€0 () (©) (4)

D —0.022 —0.0031 -0.022 -0.011
(0.016) (0.019) (0.020) (0.023)
Male 0.28"" 0.32" 0.28"" 0.32"
(0.0047) (0.0061) (0.0047) (0.0061)
D x Male 0.086™ 0.056™ 0.089" 0.062"*
(0.019) (0.021) (0.019) (0.022)
Year of birth FE e e - -
State x month of birth FE v v - -
Month of birth FE - - v v
State x year of birth FE - - v v
Controls v v v v
N 29,598 21,193 29,598 21,193
Adj. R? 0.134 0.143 0.127 0.139

Notes: The table shows the effect of the treatment (being born before the cutoff in states where school
entry rules changed) on the probability of working in a gender-segregated occupation, defined as a dummy
variable equal to 1 if less than 10% of workers have a different gender. The coefficient for the treatment
variable D gives the effect for girls of going to school one year earlier than girls born in the same month in
previous years in the same state, and in the same month and year but in a different state. The coefficient
of the variable Male is the baseline difference in occupational segregation by gender. The interaction term
D x Male gives the treatment effect for boys. Robust standard errors are clustered at the state x month
of birth level in parentheses for columns (1) and (2), and at the state x year of birth level in columns (3)
and (4). Controls include migration background, ZIP code area (NUTS 3), interview quarter year. Microcensus
2014-19, own calculations. * p < 0.10, * p < 0.05, ™ p < 0.01.

The variable D refers to the treatment status, so D = 1 means that individuals
went to school one year earlier than their counterparts in previous years or in the
control group. The estimates are in line with the RDD model and show that younger
men select themselves into more male-segregated professions. The effect is qualita-
tively similar to the RDD estimation: low track graduates are on average 5.6 p.p.
more likely to choose a segregated profession; across all sample, the effect is equal
to 8.6 percentage points.

For women, the effect is not significant and, if ever, slightly negative.

The results indicate that boys who enter and exit school one year earlier are
more likely to choose gender-typical occupations, while girls’ decisions remain unaf-
fected by the younger age. We consider several mechanisms that could explain these
results.
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2.4.3 Mirroring parental labor market choices

One possible explanation of this effect could be that individuals who start school
earlier, while having the same amount of education as their peers, have more lim-
ited maturity and are less exposed to experiences different from the ones revolving
around the family environment. This mirroring effect could lead them to emulate
the gendered patterns prevalent in their parents’ professions, thus perpetuating oc-
cupational segregation.

2.4.4 Stereotypes and norms

Since we observe a different effect of age at school entrance by gender, it is also pos-
sible that this age represents different maturity levels and different crucial periods
for girls and boys. One possibility is that stereotypes onset on girls is earlier, so that
it does not matter whether decision is anticipated at fifteen or sixteen because it was
already made earlier. Hence, the crucial period for making this type of decision might
differ by gender. A potential next step is to collect survey data on when adolescents
make occupational decisions and whether or not this age differs by gender.

2.4.5 Relative age effect

As mentioned in section 2.4.1, the reform shifts the age of treated individuals
throughout the entire schooling period: this means that they are also on the left tail
of the age distribution among their classmates. The literature shows that older indi-
viduals in the classroom are more self-confident (Page, Sarkar, and Silva-Goncalves,
2019), and the effect appears to be lasting in life (Du, Gao, and Levi, 2012). In most
states, the reform shifts school entry for one month of birth, so that we actually com-
pare individuals who are at the extreme tails of the distribution, and this could af-
fect our results if more self-confident individuals were also more likely to select into
more gender-atypical occupations. However, in some states, the reform shifted the
school cutoff entry by many months directly: for example, in Berlin, starting already
from the first treated cohort, the cutoff was shifted from June 30th to December 31st
abruptly. This means that we can compare there individuals who are in the middle,
and not at the tails of the age distribution in class.

Table 2.9 shows the results of the RDD specification for the Berlin subsample. We
see that the effect is qualitatively comparable, although somewhat noisier given the
small sample size. This would suggest that the results are not driven by the relative
age in class of the individuals schooled earlier.
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Table 2.9. Relative age effect: RDD in state of Berlin

Segregated occupation (25%) Segregated occupation (10%)

All sample  Low track sample All sample Low track sample

(1) (2) (3) (4)

Before —0.0043 —0.097 -0.10" -0.25"
(0.099) (0.14) (0.061) (0.10)
Male 0.068 —0.067 0.16™ 0.14*
(0.075) (0.10) (0.047) (0.074)
Before x Male —0.038 0.032 0.10" 0.19*
(0.092) (0.12) (0.061) (0.091)
Month of birth —0.0051 —0.0085 —0.024" —0.051*
(0.019) (0.025) (0.013) (0.020)
Year of birth FE N N N v
Baseline mean 0.58 0.77 0.11 0.23
N 524 285 524 285
Adj. R? -0.002 -0.019 0.113 0.146

Notes: This table presents the RDD specification for the Berlin subsample, where the cutoff was shifted by
six months directly starting from the cohort 1999. To increase the sample size to get meaningful estimates,
we consider four months around the cutoff. The coefficient of Before gives the effect of going to school
before the school entry cutoff date for girls. The coefficient of Male is the baseline difference in occupational
segregation by gender. The interaction term Before x Male gives the effect of going to school earlier for
boys. To ease of interpretation, the baseline gives the mean for women born after the cutoff (for which
Before = 0). Robust standard errors are clustered at the state level in parentheses. Microcensus 2014-19,
own calculations. * p < 0.10, ™ p < 0.05, ™ p < 0.01.

2.5 Conclusion

This paper examines persistent gender-specific occupational choices, focusing on age
at labor market entry as a potential cause of occupational gender segregation. Using
Germany’s early-tracking educational system, we analyze a series of school entry
cutoff reforms that create quasi-exogenous variation in labor market entry age. This
natural experiment allows us to identify the causal relationship between age at entry
and gender-specific occupational outcomes, particularly within vocational education
pathways.

Our findings show that entering the labor market at a younger age significantly
increases the likelihood for men to choose male-dominated occupations, whereas
women’s occupational sorting appears unaffected by entry age. This asymmetric re-
sponse suggests that younger men may default to stereotypically male occupations
when required to make early career decisions. These default choices are likely in-
fluenced by the salience of gender identity during adolescence — a period when
gender identity tends to solidify (Ramaci et al., 2017). Early decision-making may
thus contribute to the persistence of gender norms by locking individuals into same-
gendered peer groups that perpetuate traditional roles. In magnitude terms, the es-
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timated effect for men implies roughly a 7% increase in entry into male-segregated
occupations, which is economically meaningful given the size of apprenticeship co-
horts and the persistence of initial occupational matches.

Occupational choice represents one of the most significant decisions individu-
als face, with people spending over 80,000 hours working across a typical career.
Initial occupational decisions have been shown to exert durable effects on health
behaviors and well-being (Kelly et al., 2014). Moreover, switching careers becomes
increasingly difficult as individuals invest more in their chosen professions, making
regret over initial choices a persistent experience (Budjanovcanin, Arinto Martins Ro-
drigues, and Guest, 2020). Research indicates that men are more likely than women
to report work-related regret (Morrison and Roese, 2011), underscoring the poten-
tial for early, default-driven decisions to yield enduring dissatisfaction.

From a policy perspective, our results highlight the equity risks of early tracking
systems, especially those that require students to make career-defining decisions at
a young age. Since age at labor market entry can be influenced by relatively low-cost
interventions — such as adjusting school entry cutoffs — our findings point to fea-
sible policy levers. However, such reforms must be approached with caution, as later
school entry may have unintended consequences for educational and developmental
outcomes. The labor market implications are potentially broader than occupational
composition alone: if earlier entry shifts more young men into narrowly male, blue-
collar training occupations, it may also increase exposure to segments with higher
cyclical unemployment and displacement risk. In that sense, even moderate effects
on segregation can translate into non-trivial differences in subsequent unemploy-
ment risk and employment stability.

Future research could expand upon our findings by investigating whether de-
layed occupational choices lead to reduced gender wage gaps, increased career mo-
bility, or enhanced well-being. Comparative studies could also assess the validity of
our results in other educational systems, both tracked and untracked. Additionally,
a closer examination of how social context, peer effects, and parental expectations
influence the relationship between age and occupational choice could enhance our
understanding of the developmental origins of gendered labor market trajectories.

Although the current study cannot assess long-term labor market outcomes as
the reforms affect individuals still in the early stages of their careers, future re-
search could also examine how occupational segregation interacts with structural
labor market changes. Many male-dominated vocational occupations are suscepti-
ble to automation, which could put men at a disadvantage if they enter such roles
early and remain in them. This underscores the potential long-term risks of early
occupational sorting and emphasizes the importance of timing in career decision-
making.
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Notes: This figure shows the share of individuals changing occupations by highest educational level
achieved.
Source: SOEP v37, own calculations. N = 46,941

Figure 2.A.1. Changes in occupation by highest educational level
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Notes: The figure plots the compliance rate with the school entry cutoff rules for both control and treated
states, for the school years from 2013/2014 to 2017/2018. On the x axis, month of birth is normalized as to
be equal to 0 for the last month before the cutoff date, and is equal to 1 for the first month after the cutoff.
That is, in the control group, for example, the cutoff is June 30. This means that children born in June have
cutoff = 0, and those born in July cutoff = 1, and so on. Source: Microcensus 2014-2019, own calculations. N
= 3,134

Figure 2.A.2. Complience rate for school years 2013/2014 to 2017/2018
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Notes: The figure plots the share of children going to school at age six for each cohort. On the x axis, month
of birth is normalized as to be equal to 0 for the last month before the cutoff date, and is equal to 1 for the
first month after the cutoff. That is, in the never treated states, for example, the cutoff is June 30. This means
that children born in June have cutoff = 0, and those born in July cutoff = 1, and so on. Source: SOEP v37,
own calculations. N = 3,088

Figure 2.A.3. Share of children going to school at age six
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Notes: The figure plots the share of births by month (our running variable) in the relevant cohorts from 1996
to 2004, normalized by distance to the cutoff. When cutoff is 0 or lower, individuals should go to school when
they are aged six. Dotted red lines show where school cutoff months is equal to 0. If parents had strong
preferences for their children to be born either before or after the cutoff, we should see significant changes
in trends around the cutoff. While some evidence of seasonality is shown here, it seems to be orthogonal to
school cutoff dates. Source: SOEP v37, own calculations. N = 18,320

Figure 2.A.4. Patterns in births by month for relevant cohorts
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Notes: In this figure, Panel A plots the probability of being still in grade nine, conditional on attending a low
track secondary school (N = 6,965), while in panel B the probability of being still in grade ten, conditional
on being in the high track secondary school (N = 4,310). The plots are for both control and treated states
for the school years 2013/2014 to 2017/2018. On the x axis, month of birth is normalized as to be equal to
0 for the last month before the cutoff date, and is equal to 1 for the first month after the cutoff. That is, in
the control group, for example, the cutoff is June 30. This means that children born in June have cutoff = 0,
and those born in July cutoff = 1, and so on. So, for example, for the high track students, the probability of
being still in grade ten increases by 50% (15 p.p.) for those born after the cutoff in the treated states.
Source: Microcensus 2014-2019, own calculations.

Figure 2.A.5. Discontinuities in grades by secondary school track
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Table 2.A.2. Results of manipulation test (p-values) at various cutoffs

P-values at different K

K=0 K=0.01 K=0.05

Panel A: Relevant Cohorts (n = 18,320)

Pooled 0.024™ 0.031* 0.273
Treated (n = 507) 0.333 0.336 0.383
Control (n = 17,813) 0.009"*  0.013" 0.161
Pooled, placebo for August 0.775 0.788 0.936

Panel B: Pre-Reform Cohorts (n = 37,483)

Pooled 0.000"*  0.000™ 0.000™*
Placebo, February 0.000™*  0.000"* 0.000"*
Placebo, April 0.001**  0.003*** 0.191
Placebo, September 0.107 0.142 0.719
Placebo, November 0.000"™  0.000™* 0.000™*

Notes: This table presents p-values from the manipulation test around the reform cutoffs proposed by Frand-
sen (2017). The test is designed for regression discontinuities where the running variable is discrete, as in
our case (month of birth). Specifically, we test the null hypothesis of absence of manipulation by assess-
ing whether the distribution of births around the cutoff deviates from a linear trend, meaning there is no
unusual heaping. We present the results for our relevant cohorts (birth years 1996 to 2004) as well as for
pre-reforms cohorts (birth years 1989 to 1995) to check whether these trends changed over time. The pa-
rameter K used in the test represents how much nonlinearity is allowed in the distribution of births around
the threshold. When K = 0, the test is is likely to reject the null even if there is a small nonlinearity. Low
p-values (< 0.05) thus suggest evidence of manipulation. For example, significant evidence of manipulation
is found for the relevant cohorts at lower values of K, while the treated group shows no manipulation. The
pre-reform cohorts display strong evidence of manipulation, with consistently low p-values. Results from
placebo tests are also reported. * p < 0.10, ™ p < 0.05, ™ p < 0.01. SOEP v37, own calculations.
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Table 2.A.1. Effect of treatment on school enrollment: Robustness to bandwidth choice

Treatment Effect

LATE Half-BW  Double-BW

Panel A: Bandwidth = 4

Cutoff (not controlling for gender) -0.161™  -0.122* -0.280™*
(0.072) (0.062) (0.051)
Cutoff (controlling for gender) -0.155*  -0.111* -0.276™*
(0.078) (0.066) (0.056)
Mean Control 0.255 0.318 0.212
Observations 1889 758 3147

Panel B: Bandwidth = 5

Cutoff (not controlling for gender) -0.205™*  -0.054 -0.295™*
(0.061) (0.094) (0.050)
Cutoff (controlling for gender) -0.198™  -0.047 -0.291**
(0.067) (0.101) (0.054)
Mean Control 0.224 0.318 0.212
Observations 2393 1318 3165

Panel C: Bandwidth = 6

Cutoff (not controlling for gender) -0.232**  -0.057 -0.303**
(0.054) (0.094) (0.049)
Cutoff (controlling for gender) -0.226™*  -0.050 -0.300"*
(0.059) (0.102) (0.053)
Mean Control 0.212 0.283 0.212
Observations 2838 1318 3167

Notes: This table presents regression discontinuity estimates of distance from school entry dates cutoff on
school enrollment using different bandwidth choices. The variable Cutoff is the normalized distance from
the last month before the cutoff date (equal to 0). So, for example, in never treated states, the cutoff is
June 30. This means that children born in June have cutoff = 0, and those born in July cutoff = 1. Each panel
shows results for a different bandwidth (4, 5, and 6 months), with estimates using the main bandwidth (LATE),
half the bandwidth, and double the bandwidth. For each specification, we present estimates both with and
without controlling for gender. The Mean Control row shows the probability of starting school at age six for
observations just above the cutoff within each bandwidth. Robust standard errors clustered at the state
level are shown in parentheses. * p < 0.10, ™ p < 0.05, ™ p < 0.01. SOEP v37, own calculations.
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Table 2.A.3. Balance table of sample characteristics between treatment and control states

Control States Treated states Mean difference
mean/sd mean/sd
(1) (2) (3)
Gender 0.486 0.487 -0.000703
(0.500) (0.500) (0.00222)
Age 18.30 18.39 -0.0098"
(2.387) (2.397) (0.0106)
Had already worked 0.0925 0.0959 -0.00337™
(0.290) (0.294) (0.00164)
Works full time 0.731 0.751 -0.0200™
(0.443) (0.432) (0.00320)
German citizenship 0.949 0.943 0.00617"*
(0.326) (0.348) (0.00147)
Completed VET 0.0926 0.108 -0.0153"
(0.290) (0.310) (0.00131)
Abitur 0.367 0.360 0.00698™
(0.482) (0.480) (0.00291)
University degree 0.00957 0.0117 -0.00213"
(0.0974) (0.108) (0.000443)
Nonmissing ISCO3 code 0.297 0.319 -0.0215™
(0.457) (0.466) (0.00204)
% women in occupation 0.463 0.452 0.0107**
(0.312) (0.313) (0.00253)
25% segr. occupation 0.599 0.607 -0.00755"
(0.490) (0.489) (0.00396)
10% segr. occupation 0.214 0.224 -0.0100"
(0.410) (0.417) (0.00333)
N 65,550 222,884 288,434

Notes: This table compares sample characteristics between individuals in treatment and control states. The
table presents means and standard deviations for various demographic and occupational variables, includ-
ing gender, age, work status, citizenship, education levels, and occupational segregation measures. Column
(3) shows the mean differences between treated and control states. Microcensus 2014-19, own calculations.



Table 2.A.4. Robustness check: RDD with different Fixed Effects specifications on school entry rules compliance

Starting school at 6 Grade 9 VET Grade 10 (Gymnasium) Grade 11 (Gymnasium)
(1) (2) (3) (4) (5) (6) (7) (8) 9) (10) (1) (12) (13) (14) (15)
Before 0.64™" 0.40™" 0.40™  -0.29" -0.12" —0.14™ 0.031™ 0.012* 0.014" —0.34™ -0.17  —-0.17™ 0.13™ 0.094 0.095
(0.034)  (0.088) (0.088) (0.079)  (0.042) (0.048) (0.012) (0.0069) (0.0072) (0.021) (0.043) (0.034) (0.030) (0.11) (0.085)
Male -0.017 -0.018 —-0.018 —-0.028 -0.023 —0.025 0.0027 0.0029 0.0027 0.0080 0.018 0.013 —0.058" —0.068""  —-0.062"
(0.016)  (0.015) (0.016) (0.026) (0.022) (0.026) (0.0022) (0.0020) (0.0021) (0.012) (0.013) (0.012) (0.023) (0.022) (0.021)
Before x Male —0.036" —0.035" —0.034" 0.044 0.029 0.043 0.0052 0.0065 0.0054 —0.00068 —0.012 —0.0061 —0.051" —0.040 —0.047*
(0.018)  (0.017) (0.017) (0.030) (0.036) (0.031) (0.0048) (0.0047) (0.0048) (0.020) (0.019) (0.018) (0.028) (0.025) (0.025)
February 0.0087 0.098 —0.024 0.012 —0.044"
(0.024) (0.10) (0.014) (0.019) (0.023)
March —0.014 0.11* —0.014 0.034™ 0.038
(0.031) (0.060) (0.012) (0.014) (0.030)
April —0.028 0.18 —-0.023" 0.065" —0.042
(0.028) (0.010) (0.012) (0.019) (0.026)
May —0.051" 0.13" —-0.020" 0.054™* —0.066™
(0.027) (0.065) (0.011) (0.018) (0.028)
June —0.097"" 0.19" —0.030" 0.055™ —0.034
(0.026) (0.087) (0.013) (0.021) (0.032)
July —0.094™ 0.25" —0.033" 0.045 0.029
(0.043) (0.080) (0.012) (0.031) (0.075)
August —0.21" 0.29" —0.038" 0.16" —0.014
(0.055) (0.10) (0.013) (0.024) (0.086)
September —0.28™ 0.27 —-0.039™ 0.21™ —0.021
(0.058) (0.088) (0.013) (0.040) (0.089)
October —0.39" 0.26™ —-0.038"™ 0.29™ —0.040
(0.14) (0.093) (0.013) (0.048) (0.10)
November —0.43"™ 033" —0.042" 0.31"™ -0.12
(0.12) (0.10) (0.013) (0.031) (0.087)
December —0.43"™ 033" —0.042" 0.31" -0.16
(0.088) (0.094) (0.013) (0.057) (0.10)
YOB FE g - Ng Ng - Mg NG - Ng Ng - v Mg - v
YOBxMOB FE - N - - N - - v - - v - - v -
MOB FE - - Ng - - Ng - - Ng Ng - v Ng - v
N 5,535 5,535 5,535 763 763 763 7,123 7,123 7,123 4,310 4,310 4,310 4,310 4,310 4,310
Adjusted R? 0.349 0.400 0.400 0.085 0.112 0.094 0.012 0.020 0.014 0.149 0.170 0.170 0.018 0.026 0.024
F Statistic 157.4 15.4  1,099,300.5  4.90 4.99 100.3 5.16 2.56 83.4 170.3 28.5 539.0 12.2 15.1 69.9

Notes: This table presents the following results: Columns (1)-(3) show the probability change in starting school at age six when born before the cutoff for the cohorts 2007-2011.
Columns (4)-(6) estimate the probability of being still in Grade nine for the cohorts 1998-2002, conditional on being enrolled in a low track secondary school (Hauptschule).
Columns (7)-(9) show the probability of being already in VET, conditional on having obtained a school leaving degree from a low track secondary school for the cohorts 1998-2002.

Columns (10)-(12) and (13)-(15), show, respectively, the probability of being still Grade ten or already in Grade eleven for the cohorts 1997-2001, conditional on being enrolled
in a high track secondary school (Gymnasium). Columns (1),(4), (7), (10) and (13) are estimated with Year of Birth FE, columns (2), (5), (8), (11) and (14) have Year of Birth x Month
of Birth FE; columns (3), (6), (9), (12) and (15) have Year and Month of Birth FE. In each case, the baseline changes and so the interpretation of the coefficients of interest. Robust
standard errors are clustered at the state level. Microcensus 2014-19, own calculations. * p < 0.10, ™ p < 0.05, ™ p < 0.01.
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Table 2.A.5. Main RDD model with different Fixed Effects specifications

Segr. occup. (25%) Segr. occup. (10%) Segr. occup. (25%) Segr. occup. (10%) Segr. occup. (25%) Segr. occup. (10%)
All Low track All Low track All Low track All Low track All Low track All Low track
Before —0.014 —0.016 —0.0054 —0.0034 -0.023 —0.044" 0.018 0.010 —0.015 -0.026 0.0054 —0.0068
(0.010) (0.012) (0.0050) (0.0079) (0.017) (0.021) (0.024) (0.023) (0.012) (0.019) (0.013) (0.017)
Male 0.18" 0.19™ 0.30™ 0.36™" 0.18™* 0.19™ 0.30™ 0.36™ 0.18™* 0.19™ 0.30"™" 0.36™"
(0.012) (0.014) (0.019) (0.014) (0.012) (0.014) (0.018) (0.014) (0.012) (0.014) (0.019) (0.014)
Before x Male 0.044" 0.056™ 0.025" 0.030™ 0.045™* 0.057* 0.026" 0.030™ 0.044™ 0.056 0.026" 0.030"
(0.015) (0.021) (0.013) (0.014) (0.015) (0.021) (0.013) (0.014) (0.015) (0.021) (0.013) (0.014)
June —0.010 -0.012 —0.017 —-0.018
(0.013) (0.015) (0.013) (0.017)
July —0.0090 —0.025 —0.0033 -0.021
(0.019) (0.025) (0.019) (0.026)
August —0.0069 -0.018 0.011 —0.0024
(0.022) (0.027) (0.022) (0.032)
September 0.013 0.013 —0.021 —0.039
(0.026) (0.031) (0.020) (0.023)
October 0.0057 —-0.010 0.022 -0.018
(0.052) (0.029) (0.032) (0.030)
November —0.033 —0.053 0.075 0.044
(0.050) (0.050) (0.055) (0.046)
December 0.011 —0.047 —0.087 -0.13"
(0.031) (0.028) (0.053) (0.044)
YOB FE Ng N Ng Ng - - - - N Ng N N
YOBxMOB FE - - - - N Vv Ng v - - - -
MOB FE - - - - - - - - v v v v
Controls v N v v v Vv v Vv N v N N
N 17,294 11,958 17,294 11,958 17,294 11,958 17,294 11,958 17,294 11,958 17,294 11,958
Adj. R? 0.045 0.054 0.136 0.157 0.044 0.054 0.137 0.158 0.045 0.054 0.137 0.157

Notes: This table presents the following results: Columns (1)-(4) show the regression of the effect of being born before the school entry cutoff date on the probability of working in
a segregated occupation, controlling for year of birth. In columns (5)-(8), the same regression is presented with year x month of birth FE; and in columns (9)-(12): same regression
is shown, but with year and month of birth FE. Throughout all specifications, we limit the sample to those born in the two months before and after the cutoff, so that the baseline
is May for never treated states, and we run the regression first on all sample, then on the subsample of individuals with a low track school leaving degree (our main sample
of interest). Further controls include migration background, ZIP code area (NUTS 3), interview quarter year. Robust standard errors are clustered at the state level. Microcensus
2014-19, own calculations. * p < 0.10, * p < 0.05, ** p < 0.01.
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Notes: The figure above shows the coefficients of the variable of interest D; of the DiD specification, B, for
women and B; for men, when choosing different thresholds for the indicator of occupational segregation.
The results are stable across the different thresholds above which we define an occupation to be segregated
or not.

Source: Microcensus 2014-2019, own calculations. N = 21,193

Figure 2.A.6. Coefficients’ graph for different segregation thresholds
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Notes: The figure shows the trends in relevant education and labor market outcomes in treated and control
states for the cohorts born just before the school entry reforms (1985-1995). In detail, we see in the first
quadrant the share of people holding the highest school leaving degree (‘Abitur’), in the second the trends
in monthly wages, and in the third and fourth the trends in female and male-dominated occupations. Due
to data availability, we cannot show directly trends of the pre-period, but only current trends for individuals
born in the pre-period, since we do not have repeated observations over time for the same individuals.
Source: Microcensus 2014-2019, own calculations.

Figure 2.A.7. Parallel trends of cohorts born before the reforms in treated and control states
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Appendix 2.B Additional institutional background

2.B.1 The German education system

In Germany, education and thus also the educational system falls under the authority
of the 16 federal states. To coordinate certain standards, however, there exists the
assembly of ministers of education of the German states called “Kultusministerkon-
ferenz” (KMK) that regularly decides on non-binding directives for harmonization
and common development in the states. Thus, while the system of schooling varies
in its details across states, there are important common components. Further, the ed-
ucational system underlies constant changes. In the paper, we mention the common
components across time and states. We only highlight changes and differences in
case they matter for our identification strategy. It is important to note that the states
that were part of the GDR displayed a markedly different system between 1946 and
1990. In particular, the school system of the GDR did not contain early tracking. Af-
ter the reunification with the school year 1991/92, the school system of the states of
the former GDR was harmonized towards the system of the West German states(see
e.g., Fuchs and Reuter, 1995, for details). In Saxony, this was delayed to the school
year 1992/93 (Fuchs and Reuter, 1995).

2.B.2 School entry age in Germany

The beginning of compulsory schooling, and thus the age of school entrance, is sub-
ject to state legislation. However, ever since the Hamburg Agreement from 1964,
this was harmonized across West German states and only recently diverged again.
Prior to the recent reform wave, children had to enter primary school in the year
in which they are six years old by June 30. This cutoff goes back to Prussian reg-
ulations from 1922 and was put into law in the whole German Reich in 1938 (see
Reichsschulpflichtgesetz, 1938). With the school year 1941, the cutoff was moved to
December 31. After World War II, some differences emerged across states. In West
Germany, these were unified after the Hamburg Agreement of the KMK, 1964, which
suggested shifting the cutoff uniformly back to June 30 (see Faust, 2006).

In East Germany, the cutoff was May 31 prior to reunification (see Gesetz iiber
die sozialistische Entwicklung des Schulwesens in der Deutschen Demokratischen
Republik, 2.12.1959). In the process of harmonizing the GDR school system toward
the West German system, the school entry cutoff was also changed to June 30. In
the majority of East German states, this was implemented from the school year
1991/92 onwards. Only in Thuringia, the new cutoff was introduced in the school
year 1993/94. In the preliminary law of Thuringia from March 25, 1991, it states
that all children must enter primary school when they are six years old at the begin-
ning of the school year. The beginning of the school year, however, is not specified in
the law (see Gesetz- und Verordnungsblatt (GVBI.) fiir den Freistaat Thiiringen, No.
3, 1991, p. 43). The cutoff of June 30 was introduced with the final education law of
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August 6, 1993 (see GVBI fiir den Freistaat Thiiringen, No. 21, 1993, p. 445). That
is, the cutoff was introduced in the school year 1993/94. It is unclear which cutoff
applied in the school years 1991/92 and 1992/93.

In Saxony, the cutoff of June 30 was introduced with the education law of July
1, 1991 (see SachsGVBI., No. 13, 1991, p. 213). Thus, it applied from the school
year 1991/92 onward. In Mecklenburg-Western Pomerania, the cutoff was intro-
duced with the education law of April 26, 1991 in the school year 1991/92 (see
Erstes Schulreformgesetz des Landes Mecklenburg-Vorpommern (SRG), April 26,
1991, GVBI., No. 8, 1991, p. 125). In Saxony-Anhalt, it was introduced with the ed-
ucation law of July 11, 1991 with the school year 1991/92 (see Schulreformgesetz
fiir das Land Sachsen-Anhalt vom July 11, 1991, GVBI., No. 17, 1991, p. 165).

In 1997, the German states agreed in a KMK to allow for more flexibility in the
cutoff with the aim to make students enter primary school earlier. Eight of the six-
teen federal states moved the month-of-birth cutoff away from June 30. This process
differed across states, as it did not start simultaneously, took longer in some states,
the new cutoff dates differed, and the distance between the old and new cutoff dates
was not the same in all states. In the cases of Berlin, Bavaria, and Lower Saxony, the
cutoff dates were reverted back to previous cutoffs in the 2010s and 2020s. However,
as we will not observe the affected cohorts in our sample yet, we will ignore these
reversals for now.

2.B.2.1 Early and delayed entry

In most German states, parents can apply to delay their child’s entry if they believe
the child is not ready for school, usually due to developmental concerns or lack of
school readiness ("Schulfidhigkeit”). The process typically requires an application,
sometimes accompanied by a pediatrician’s or psychologist’s assessment, and must
be submitted several months before the school year starts. In some cases, the school
management decides based on medical advice and a school readiness assessment. In
practice, postponement is relatively accessible, especially for children born close to
the cutoff date, but it does require formal steps and sometimes professional input
(Horstschriaer and Muehler, 2014).

Early school entry is possible but generally less common and subject to stricter re-
quirements. Children usually must demonstrate advanced physical, intellectual, and
social development according to a pediatrician or psychologist assessment, and of-
ten school principals have the final say in whether to admit the child one year earlier
(Horstschriaer and Muehler, 2014).

2.B.2.2 Early entry

In Baden-Wiirttemberg, Saxony-Anhalt, Schleswig-Holstein, and Thuringia early en-
try upon ‘Schulféhigkeit’ is only possible for children who turn six by June 30 of
the following year; in Berlin that date is March 31; in Bremen, Brandenburg, and
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Mecklenburg-Western Pomerania, children can enter early if they turn six before De-
cember 31 of that year. In Saxony, children that turn six years old between June
30 (normal cutoff) and September 30 can—but do not have to—go to school in
that year; children that turn six after September 30 can enter early if they display
‘Schulféahigkeit’. The dates reflect rules as of November 2008 and are taken from
Hovel (2009). Exact dates may be subject to changes over time.

2.B.2.3 Delayed entry

With respect to delayed entry, there are some states that have stricter or more le-
nient rules. In Berlin and Schleswig-Holstein, there are no provisions for delay; in
Rhineland-Palatinate and North Rhine-Westphalia, there need to be severe or impor-
tant health reasons to allow a delay; in Saxony-Anhalt, delay is decided on an indi-
vidual case basis. Rules are based on November 2008 and taken from Hovel (2009).
Exact rules may be subject to changes over time.
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Notes: Map of school entry cutoff date reforms in Germany for the cohorts born between 1997 and 2004.
Different colors depict the ‘intensity’ of the reforms, i.e., how many months the cutoff was shifted by each
federal state from the baseline, June 30. Sources: Faust (2006), Berthold (2008), Hovel (2009), and Helbig
and Nikolai (2015).

Figure 2.B.1. School entry cutoff date reforms in Germany, cohorts 1997-2004






Chapter 3

Does Stress Impact Risk-Taking?*

Joint with Si Chen, Thomas Dohmen, Anna Schulze Tilling and Elena Shvartsman

3.1 Introduction

Risk-taking is fundamental to decision-making in domains such as finance, health,
and social behavior, with significant personal and societal consequences. Yet, a key
puzzle in economics is that the same individual sometimes makes different choices
when faced with the identical risky decision, challenging the notion of stable prefer-
ences. One natural candidate for this variability is acute stress, which is pervasive
in real-world decision contexts, ranging from financial markets to medical emergen-
cies, and affects decision-critical regions of the brain (see Starcke and Brand, 2012,
for a review), potentially shaping a wide range of behaviors. However, despite years
of study, evidence on the impact of acute stress on risk-taking remains contradictory.
Some studies find that stress increases risk seeking (e.g., Buckert et al., 2014; Benda-
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Kutsch, Justus Ratz, Jadine Rauh, Lennart Schultze, Yashaswini Shekhawat, Annalena Tetzner, Gereon
tho Pesch, and Simon Wolfers. We are grateful for comments and suggestions by Jana Cahlikova,
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Scherer. We also thank audiences at the CERGE-EIL, Fernuniversitat Hagen, Universities of Bonn, Liineb-
urg, Mannheim, Milan, WHU - Otto Beisheim School of Management, and participants of the European
ESA meeting 2023, IMEBESS 2024, MBEES 2024, TIBER 2023, NGE Workshop Hohenheim 2022, and
Verein fiir Socialpolitik 2024 for helpful feedback and suggestions. Funding by the Diligentia Founda-
tion for Empirical Research is gratefully acknowledged. Further funding by the Deutsche Forschungs-
gemeinschaft (DFG, German Research Foundation) through CRC TR 224 (Project A05), and under
Germany’s Excellence Strategy EXC 2126/1-390838866 is gratefully acknowledged. The study was
approved by the Ethics Committee of the Faculty of Medicine at the University of Bonn (#021/19)
on 02.04.2019 and 05.13.2022 (amendment). The study was preregistered on AsPredicted.org under
#100204, https://aspredicted.org/t3pv74.pdf.
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han et al., 2017), others report that it increases risk aversion (e.g., Yamakawa et al.,
2016; Cahlikova and Cingl, 2017), and yet others find no effects (e.g., Sokol-Hessner
et al., 2016; Veszteg et al., 2021; Parslow and Rose, 2022).1 The inconsistencies in
previous evidence may reflect both theoretical ambiguity and methodological limi-
tations in the study of stress and risk-taking.

On the theoretical side, most studies implicitly assume a homogeneous effect
of stress on risk-taking, i.e., that stress makes all decisions more risk-seeking or
more risk-averse. However, stress might operate more subtly. In particular, it could
(i) push risk-averse decisions toward risk seeking and risk-seeking decisions toward
risk aversion (a shift toward neutrality), or (i) amplify existing tendencies, making
risk-averse decisions more risk-averse and risk-seeking decisions more risk-seeking
(a shift away from neutrality). Both patterns are plausible given the biological effects
of acute stress on decision-critical brain regions.2

On the methodological side, most existing studies have limitations that compli-
cate causal inference. First, stress is often not measured continuously during the
decision-making phase, leaving uncertainty about whether participants were indeed
under acute stress when their risk-taking behavior was measured.3 Second, most
studies rely on between-subject designs with relatively small samples.4 Between-
subject designs risk confounding the causal effect of stress with heterogeneity in par-
ticipants’ baseline risk preferences. Differences in the distribution of measured risk
preferences between treatment and control groups, stemming either from true latent
preferences (i.e., sampling variation) or from measurement error, can be mistakenly
attributed to stress. These sampling and measurement issues offer a potential ex-

1. See Table 3.A.1 in Appendix 3.A for a detailed overview.

2. Specifically, several brain regions are involved in risky decision-making, with different regions
specializing in distinct aspects. The striatum, a subcortical reward-related structure, encodes the ex-
pected value (i.e., the mean outcome) and is relatively insensitive to risk (Tobler et al., 2007; To-
bler, Dolan, and Dayan, 2009). In contrast, the lateral orbitofrontal cortex (lateral OFC), a part of the
prefrontal cortex, exhibits increased activity in response to increasing risk (variance), particularly in
more risk-averse individuals. Conversely, in risk-seeking individuals, increased risk is associated with
stronger activation in more medial prefrontal cortex regions (medial OFC) (Tobler et al., 2007). A shift
toward or away from risk neutrality may depend on which pathway dominates.

3. Notable exceptions include Bendahan et al. (2017) and Cahlikové and Cingl (2017).

4. A small number of studies have employed within-subject designs to study the effect of acute
stress on risk-taking, most notably Clark et al. (2012), Cueva et al. (2015), Daughters et al. (2013),
Von Helverson and Rieskamp (2013) and Sokol-Hessner et al. (2016). While these papers represent
important methodological advances, their analysis or effective statistical power is constrained by spe-
cific design features. For example, Daughters et al. (2013) collect control and stress observations on
the same day and in a fixed order, and Sokol-Hessner et al. (2016) split the sample across multiple
treatment sequences to account for time effects, reducing the number of observations available for the
key control-stress comparison. Interestingly, the two most highly powered between-subject studies,
Parslow and Rose (2022) and Veszteg et al. (2021), find no effect of stress on risk-taking. Our de-
sign builds on this literature by implementing a high-powered within-subject framework that cleanly
isolates the causal effect of acute stress. By separating control and stress sessions across days, coun-
terbalancing order, and focusing directly on the control-stress contrast, we increase statistical power
while avoiding confounds related to order effects, time trends, and stress-induction validity.
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planation for the contradictory findings in the literature. Albeit, the continued use
of small-sample designs is understandable given the costly and resource-intensive
nature of inducing and measuring acute stress.

We develop a novel experimental design that addresses the theoretical and
methodological issues outlined above while substantially increasing statistical power.
We employ a within-subject design in which each participant came to the laboratory
twice and completed the same set of incentivized risky choices: once in a Control and
once in a Stress condition. This design controls for baseline heterogeneity in risk pref-
erences, as each participant serves as their own control, i.e., baseline risk preferences
are by construction identical across control and treatment groups. It also increases
statistical power, enabling us to detect both homogeneous and heterogeneous shifts
in risk-taking induced by acute stress. Importantly, these gains in terms of statistical
power come at a relatively low cost: as noted by List (2025), within-subject designs
can achieve acceptable statistical power with fewer participants than comparable
between-subject designs in certain settings.

We induce acute stress using a modified version of the well-established Trier So-
cial Stress Test for Groups (TSST-G, Von Dawans, Kirschbaum, and Heinrichs, 2011).
In contrast to many studies that expose participants to a brief stressor before the
main task, we embed the risky choices within the stress procedure itself, ensuring
that participants remain stressed throughout all risky decisions. Moreover, stress lev-
els were continuously monitored using biomarkers (salivary cortisol and heart rate
variability) as well as participants’ self-reports.>

We do not find evidence of a significant causal effect of acute stress on risk-
taking. Specifically, we neither find evidence of a homogeneous shift toward more
risk-seeking or risk-averse behavior, nor a shift toward or away from risk-neutrality.
Notably, a between-subject analysis based on data from participants’ first session,
when half of our participants were assigned to the Control and half to the Stress
condition, suggests that stress reduces risk aversion. However, our better-powered
within-subject analysis does not support such a causal effect, nor does it indicate
shifts toward or away from risk neutrality. These results suggest that the apparent
effects in the between-subject analysis are likely driven entirely by differences in
baseline risk preferences between treatment and control groups. Given that our sam-
ple is larger than most previous studies,® our procedures in eliciting risk-taking are
state-of-the-art, and our rigorous collection of biomarker data confirms participants
were in a state of acute stress throughout all risky decisions in the Stress condition, it

5. The stress protocol of TSST-G features a mock job interview, which resembles a real-life sit-
uation and, hence, induces a stress level comparable to challenging daily situations. Our approach
combines continuous stress induction with continuous measurement, allowing us to closely track par-
ticipants’ stress levels during decision-making.

6. After applying our preregistration criteria, we have a main sample of N=142, and a total
of 6,805 decisions, which is substantially more than most related studies. Compare Table 3.A.1 in
Appendix 3.A for an overview of related literature and Table 3.B.1 for power calculations.
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is unlikely that the divergence between our between-subject results and our better-
powered within-subject results is specific to our experimental setting. Instead, our
between-subject results are representative of the literature: much of the variation in
findings can possibly be attributed to differences in risk preferences between treat-
ment and control groups, due to sampling variation.

Our results provide a foundational step toward evaluating whether acute stress
shapes risk-taking behavior. Our well-powered null results boost our confidence that
acute stress does not affect risk-taking,” especially in settings involving small-stakes
financial choices. Our null result thereby provides useful practical implications, for
instance, for the delegation of tasks and the allocation of decision rights. If employ-
ees can handle small-stakes financial decisions effectively even when stressed, or-
ganizations do not need to worry about the impact of stress, pervasive in everyday
working environments, when delegating such decisions to employees.

This study makes two primary contributions to the literature. First, substantively,
we do not find any evidence that acute stress, on average, shifts individuals toward
increased or decreased risk-taking. The strength of this result relies on our extraor-
dinarily clean design: since we continuously induced acute stress throughout the
decision phase and also continuously tracked the stress induction, we can rule out
that our results are driven by methodological flaws in the stress induction. Further,
our within-subject design and corresponding analysis provide us with greater sta-
tistical power than conventional between-subject designs (see also List, 2025). Our
results help reconcile prior contradictory findings: in between-subject studies, appar-
ent shifts in risk-taking can arise from baseline heterogeneity between participants,
which may create spurious increases or decreases depending on the distribution of
preferences in the sample.

Second, our analysis explicitly tests for heterogeneity in treatment effects. We
are the first to examine whether acute stress shifts risk-taking toward or away from
risk neutrality. Such a pattern could also have reconciled previous findings and
would constitute an economically meaningful effect. We find no evidence of such
a pattern, further strengthening the interpretation of our null results and increasing
our confidence that there is no causal effect of acute stress on risk-taking, particu-
larly in small-stakes financial choices.

This paper proceeds as follows: Section 3.2 describes our experimental design,
and Section 3.3 outlines our analysis. Finally, Section 3.4 discusses policy implica-
tions and concludes.

7. In Section 3.4, we discuss how our null results update the weight of evidence relative to
previous studies (see also List, 2026).
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3.2 Experimental design and data

3.2.1 Overview and chronological order of the experiment

We conducted a laboratory experiment in which participants attended two sessions
held one week apart, completing one session under acute stress (Stress condition)
and one without exogenously induced stress (Control condition). To induce acute
stress, we used a modified version of the Trier Social Stress Test for Groups (TSST-G,
Von Dawans, Kirschbaum, and Heinrichs, 2011). The Control condition mirrored all
procedural aspects of the Stress condition without the stress-inducing components.8
The order of the conditions was counterbalanced: 49% of participants experienced
the Stress condition first, while 51% completed the Control condition first.

In both conditions, we elicited participants’ certainty equivalents for the same
28 lotteries using a multiple price list (MPL) format. The lotteries were taken from
Bruhin, Fehr-Duda, and Epper (2010). Specifically, we take the same subset that they
based their Beijing 2005 experiment on. The order of the lotteries was randomized
across individuals and sessions.

To verify the effectiveness of the stress induction, we repeatedly collected sali-
vary cortisol samples and continuously monitored participants’ heart rates through-
out each session. In addition to these physiological measures, participants rated their
subjective stress levels. We also assessed participants’ chronic stress using the vali-
dated Trier Inventory for Chronic Stress (TICS, Schulz and Schlotz, 1999) and hair
cortisol concentration (HCC, Stalder and Kirschbaum, 2012).

Figure 3.1 illustrates the timeline of a session. Each session began with an
one-hour adaptation phase designed to eliminate potential pre-treatment stress or
arousal (cf. Dohmen, Rohde, and Stolp, 2023). This adaptation was followed by the
treatment phase, which included three consecutive components, referred to as ‘chal-
lenges’ in the Stress condition and ‘tasks’ in the Control condition. These components
differed in their stress-inducing properties, which we detail below.

After the first challenge/task, participants completed the first half of the 28
lottery decisions (14 decisions). They completed the second half after the second
challenge/task. They then faced the third challenge/task, immediately after which
we recorded participants’ self-assessed stress levels. Subsequently, participants com-
pleted a series of questionnaires covering demographics, health, and lifestyle infor-
mation relevant to cortisol measures and chronic stress. A full list of questionnaires
is available in Appendix 3.C.9. At the end of the participants’ second session, partic-
ipants were invited to provide a hair sample for additional monetary compensation.

8. The TSST-G is a modified version of the Trier Social Stress Test (TSST, Kirschbaum, Pirke, and
Hellhammer, 1993) that was designed to induce acute psychosocial stress. The TSST-G procedure and
our modifications are described in more detail in Appendix 3.C.4.
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Figure 3.1. Timeline

To ensure credible estimates of the causal effect of acute stress on risk-taking,
our within-subject design satisfies the balanced panel, temporal stability, and causal
transience assumptions fundamental to valid within-subject studies (List, 2025). A
detailed discussion of how these assumptions are met is provided in Appendix 3.C.1.

The following subsections and Appendix 3.C provide further details on the indi-
vidual elements displayed in Figure 3.1, including the induced exogenous variation
in stress, the risk elicitation procedure, physiological and self-reported stress mea-
sures, and further procedural details.?

3.2.2 Exogenous variation in Stress

Treatment phase in the Stress condition. In the Stress condition, we induced
stress using an adjusted protocol of the TSST-G, adapted to simultaneously induce
acute stress in several experiment participants.1° It triggers acute stress by expos-
ing individuals to a socio-evaluative threat.!! Participants were confronted with a
social-evaluative threat in three challenges: a mock job interview (conducted before
the lottery choices), a complex arithmetic challenge, and a complex letter challenge.
The order of the latter two challenges was randomized across sessions, with each
challenge conducted either halfway through the lottery decisions or after all lottery
decisions were completed. Participants performed all challenges in front of a com-

9. Appendix 3.C.3 presents the full chronological sequence of the experiment. The translated
participant instructions are provided in Appendix 3.F.
10. See Appendix 3.C.4 for details.
11. Various studies that used this stress protocol have successfully induced acute stress (e.g., Buck-
ert et al., 2014; Cahlikové and Cingl, 2017).



3.2 Experimental design and data | 123

mittee consisting of one female and one male member wearing laboratory coats, and
were filmed by video cameras.

Treatment phase in the Control condition. We implemented a control protocol
along the lines of Von Dawans, Kirschbaum, and Heinrichs (2011), to best match the
nature of the components of the Stress condition but without inducing any stress. The
three tasks in the Control condition comprised reading a text (conducted before the
lottery decisions), counting from one to 100, and reciting the alphabet (conducted
halfway through and after the lottery choices, with the order randomized across
sessions). During the tasks, participants stood in a row (segregated by their cubicles’
walls) and conducted all tasks aloud and jointly with two experimenters (one female,
one male).12 Each participant was allowed to follow at their own pace.

3.2.3 Risk-taking

We used multiple price lists to elicit participants’ certainty equivalents for 28 lotter-
ies. We based our multiple price list design on previous risk-elicitation literature (see
also Bruhin, Fehr-Duda, and Epper, 2010). For each row of a given multiple price list,
participants decided whether they preferred receiving a safe payment of a certain
amount or playing a risky lottery. Half of the 28 multiple price lists had outcomes in
the gain domain, i.e., participants chose between risky and certain gains, while the
other half had outcomes in the loss domain, i.e., participants chose between risky
and certain losses. The gains ranged from 10 to 150 experimental points, while the
losses ranged from -10 to -150 experimental points. The probability of realizing risky
gains and losses varied between 5% and 95%. In line with Bruhin, Fehr-Duda, and
Epper (2010), the multiple price lists presented safe payments in descending order
(i.e., highest safe option on top) in the gain domain and in ascending order in the
loss domain. Figure 3.2 shows an example of a decision in the gain domain, and
Table 3.C.1 in Appendix 3.C.7 provides an overview of all lotteries used.

The multiple price lists were presented in randomized order and divided into
two blocks of 14 decisions each. The first block was shown after the first, and the
second block after the second challenge/task.

Participants completed the same multiple price lists in the Stress and Control con-
ditions, and thus we observe the choices of a given participant for a given multiple
price list twice, once in the presence and once in the absence of stress. This allows us
to isolate the causal effect of acute stress in the analysis while keeping other decision
characteristics constant.

To sustain an identical experiment timeline between all sessions and conditions,
each multiple price list screen was timed at a maximum of 40 seconds. Participants

12. These two experimenters were different from the committee members in the Stress condition.
The committee members in the Stress condition did not have any other role in the experimental proce-
dures.
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Figure 3.2. Multiple price list: Gain situation

were informed that the computer would make a decision for them if they did not
submit their decision on time. Decisions that timed out were not considered in our
main analysis (compare Table 3.1), but we present an examination of the reasons for
timeouts and check the robustness of our main results in Appendix 3.D.8.

We implemented an auto-fill function to facilitate the completion of multiple
price lists and to reduce inconsistent choices. This function automatically completed
the participants’ choices based on logical dominance. Specifically, once a participant
made a choice in one row, the system inferred and auto-filled all other rows where
the preference could be clearly determined (assuming monotonicity and transitivity
in preferences).!® The auto-fill enforced a single switching point by design, helping
reduce noise from inconsistent or erratic switching patterns. However, we did not
completely eradicate the possibility of participants making stochastically dominated
choices. Specifically, participants could still make stochastically dominated choices in
the top or bottom rows of a lottery, as these always contained a first-order stochasti-
cally dominated option.4

13. For instance, if a participant chose the lottery over a safe payment of 15 points, the system
automatically selected the lottery for all lower safe payments (i.e., less than 15 points), since choosing
the lottery over 15 points implies a preference for the lottery at even lower guaranteed amounts. Con-
versely, the system did not make selections for rows with safe payments higher than 15 points, where
the participant’s preference remained ambiguous.

14. For example, in the multiple price list shown in Figure 3.2, choosing the lottery in the top row
is dominated by choosing the safe gain of 20 points. Participants should always prefer a safe gain of 20
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Participants’ decisions were incentivized: at the end of each session, 1 of the 28
multiple price lists was randomly chosen for each participant, and the choice made
in a randomly chosen row was implemented. The respective payment was added to
or subtracted from participants’ payout.

For each observed MPL, we construct a measure of how risk-seeking a participant
behaves with respect to this specific lottery. First, we observe the row in which par-
ticipants switch from preferring the safe payment to preferring the lottery (or vice
versa).!® This switching row identifies the interval in which the individual’s certainty
equivalent (CE) for the lottery must lie: bounded below by the highest safe amount
they reject in favor of the lottery and above by the lowest safe amount they accept
over the lottery.16 We estimate the CE as the arithmetic mean of these bounds. Sec-
ond, to enable comparisons between lotteries with different outcome magnitudes,
i.e., different expected values (EV), we standardize the risk premium by the absolute
value of the EV and define the standardized risk premium as RP = (EV — CE) /|EV|.17
According to this measure, a decision is classified as risk-averse if RP > 0 and as risk-
seeking if RP < 0. Table 3.2 presents the summary statistics for the average standard-
ized risk premia used in our main analysis.

Appendix 3.C.7 provides further information on our risk elicitation.

3.2.4 Stress measurement

To investigate whether we successfully manipulated the acute stress levels of partici-
pants, we measured acute stress in several ways throughout the experiment. We also
measured participants’ chronic stress levels.

Salivary cortisol. The hormone cortisol plays a key role in the stress response. It is
released when the hypothalamic-pituitary-adrenal HPA) axis is activated in response
to acute stress (Dedovic et al., 2009). Accordingly, cortisol levels are widely used as
a biomarker of stress in experimental studies (Foley and Kirschbaum, 2010).!8 Since
the release of free cortisol into the blood, i.e., biologically active cortisol, maps into

points to participating in a lottery that pays 20 points with 50% probability and 10 points with 50%
probability. Similarly, choosing the safe gain of 10 points is dominated by choosing the lottery in the
bottom row of the list.

15. Due to the use of an auto-fill mechanism in the choice interface, no participant displayed
multiple switching points.

16. For illustration, consider the example shown in Figure 3.2. If a participant chooses the safe
gain in rows 1-8 and the lottery in rows 9-21, the certainty equivalent must lie between 16 and 16.5
points.

17. Using the absolute values of the EV in the denominator allows for consistent interpretation
across both gain and loss domains.

18. If a situation is perceived as stressful, it jump-starts a physiological stress response that in-
volves activation of the HPA-axis, which initiates a cascade of reactions that result in the release of
hormones, including cortisol. Cortisol induces physiological changes alerting the body and enabling it
to bundle resources to deal with the threat (e.g., fight or flight).
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a person’s saliva (Kirschbaum and Hellhammer, 1994), cortisol levels can be conve-
niently tracked with saliva samples. Our saliva sampling procedures required partic-
ipants to chew on a cotton swab (Salivette®, Sarstedt, Nuembrecht, Germany) for
two minutes. Appendix 3.C.2 provides a detailed description of saliva sampling, ex-
plains the role of cortisol as a stress biomarker, and details how our research design
addresses the challenges inherent in measuring it.

To track changes in salivary cortisol, we took a total of five saliva samples
throughout the experiment.!® Cortisol peaks in saliva between 20 and 30 minutes
after the onset of a stressor and then falls subsequently until homeostasis is reached.
Our first saliva sample tracks a potential stress response upon entering the labora-
tory. The second sample, taken before treatment onset, serves as a baseline measure
of cortisol levels in the absence of stress, while samples three to five allow us to
measure participants’ responses to the treatment conditions and their cortisol levels
during the risk elicitation.

Heart rate. We measured the heart rate in beats per minute during the experiment
to account for stress and arousal due to the situation (Hjortskov et al., 2004). Von
Dawans, Kirschbaum, and Heinrichs (2011), for example, found a significant heart
rate response in participants who were treated by the stress protocol of the TSST-G.
To measure heart rate, we equipped participants with a pulse sensor (Polar® Verity
Sense), which is worn on the forearm or upper arm during the entire experiment.

Self-rated stress response. Finally, after the treatment phase, we surveyed subjec-
tive stress perceptions about the completed challenges by asking participants to rate
their agreement with the statement 'How stressed did you feel?’ on a Likert scale
(see Dohmen, Rohde, and Stolp, 2023).

Measures of chronic stress. We also measured participants’ chronic stress levels
to assess whether and how the impact of acute stress differs by chronic stress level.
To assess chronic stress, we use hair cortisol concentration (HCC), which has been
shown to measure long-term exposure to stress (Stalder and Kirschbaum, 2012).20
At the end of their second session, participants could voluntarily provide a hair
sample for a payment of 6 EUR. A hair sample consists of a strand of hair at least 2
cm long, cut near the scalp from the posterior vertex, close to the subcranial bone.
This 2 cm hair segment contains the history of cortisol exposure during the past
two months, based on an average hair growth rate of 1 cm/month (Wennig, 2000).

19. Specifically, we took samples 30, 60, 100, 120, and 131 minutes after the start of the experi-
ment.

20. HCC does not measure acute stress but rather provides information on long-run exposure
to stress. Importantly, hair cortisol has been found to reliably predict a wide range of psychological
diseases such as major depression, post-traumatic stress, or generalized anxiety disorders, as well as
acute myocardial infarction (see the reviews of Stalder and Kirschbaum, 2012; Staufenbiel et al., 2013,
and the references therein) and hence provides us with an established biomarker to measure chronic
stress.
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HCC was analyzed for each of the two 1 cm sub-segments.2! Seventy-one out of 156
participants provided us with hair samples, allowing us to measure their respective
HCCs and providing a retrospective measure of participants’ cortisol secretion over
the last two months (Stalder and Kirschbaum, 2012).

As an additional measure of chronic stress, we surveyed subjective chronic stress
using the Trier Inventory for the Assessment of Chronic Stress (TICS, Schulz and
Schlotz, 1999), which aims to capture chronic stress throughout the last year. The
TICS questionnaire was administered in participants’ first session.

3.2.5 Procedural details

Our study was approved by the Ethics Committee of the Medical Faculty of the Uni-
versity of Bonn. Prior to participation, all individuals provided written informed con-
sent. Participants were explicitly informed that their saliva samples would not be
used for genetic or drug testing and received details on how their personal data,
including heart rate, saliva, and video recordings, would be handled.

The experiment was conducted at the University of Bonn’s Laboratory for Ex-
perimental Economics (BonnEconLab) between June and November 2022, across
two waves. In total, 46 sessions were conducted, with each participant attending
one Stress and one Control session. Sessions included up to 8 participants and were
single-gender to control for possible gender-related effects. Each day included two
sessions, starting at 1:30pm and 5:00pm, respectively.22

Recruitment was conducted via the hroot system (Bock, Baetge, and Nicklisch,
2014). Participants were informed in advance that saliva samples would be collected
and required to comply with specific health and behavioral criteria (see Appendix
3.C.8). These precautions ensured the validity of cortisol-based stress measurements,
as factors such as cortisone medication or intense physical activity can distort hor-
monal responses.

Each participant attended both sessions in the same group, with the sessions
scheduled one week apart. We counterbalanced sessions so that roughly half of par-
ticipants would experience their sessions in the early vs. late afternoon and roughly
half would experience the Stress or Control condition first.23

The experiment was programmed in oTree (Chen, Schonger, and Wickens,
2016) and conducted in German. At the start of each session, oral instructions were
provided, including a demonstration on how to use Salivettes® (Sarstedt, Nuem-
brecht, Germany) for saliva collection. Participants then proceeded to private cu-
bicles to complete the computerized tasks.

21. Appendix 3.C.2 provides more details.

22. To control for circadian fluctuations in cortisol, participants completed both sessions either in
the early (1:30pm) or late (5:00pm) time slot (see Kirschbaum and Hellhammer, 1989).

23. This design prevented systematic confounding between condition and session timing or order.
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Across both sessions, participants spent approximately five hours in the labora-
tory and earned an average of EUR 70.37.24 Earnings were accumulated as experi-
mental points and converted to Euros at a rate of 15:1. Due to potential losses, all
participants were endowed with 535 experimental points at the beginning of each
session. Participants who opted to provide a hair sample received an additional EUR
6. All payments were made privately at the end of the second session.

3.2.6 Participants and data

A total of 156 individuals (mean age = 23.69 years; 50.64% female and 49.36%
male, with no participants identifying as diverse; 97.44% students) completed both
sessions. Following our preregistration, data from 142 participants (mean age =
23.73; 47.89% female; 98.59% students) were included in the main analysis.25
Furthermore, our main analysis excludes decisions that were either not completed
within the time limit or were first-order stochastically dominated. Our reasoning for
the second exclusion restriction is that individuals were likely making errors in these
choices (compare Dohmen and Gerasimou, 2024).26 Additionally, our main analysis
compares each individual’s decision facing the same lottery in the Stress and Con-
trol conditions. We hence restrict our main dataset to instances in which we observe
each participant’s decision for the same lottery in both the Stress and Control con-
ditions.2” Following these exclusions, we obtain a final dataset of 6,810 individual
choices, corresponding to 3,405 matched choice pairs, 1,721 in the gain domain,
and 1,684 in the loss domain. Table 3.1 provides an overview of the application of
the exclusion criteria and the resulting main analysis sample. Table 3.2 provides an
overview of the average number of lottery decisions made by each participant. Table
3.2 also displays the average standardized risk premia of the respective decisions.

3.3 Results

In this Section, we present the results of our analyses. After providing evidence on
the effectiveness of our stress induction procedure in the Stress condition in Section
3.3.1, we proceed in Section 3.3.2 to examining the effect of acute stress on risk-
taking. Section 3.3.2.1 provides descriptive evidence. We then use within-subject
analyses to examine whether risk-taking significantly differs between the Stress and

24. The average for the main analysis sample was EUR 70.33.

25. Our main results remain robust when we include individuals who were excluded from the
main analysis because of a violation of behavioral rules or self-reported health conditions, which could
be associated with the cortisol response, see Table 3.D.10 in Appendix 3.D.9.

26. Our main results remain robust when including these choices, see Table 3.D.11 in Appendix
3.D.9.

27. This restriction enhances both decision-level and individual-level analyses by ensuring that
observed differences in risk-taking behavior are not confounded by differing sets of lottery choices
across conditions.
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Table 3.1. Application of exclusion criteria

Statistic Value

Participant-level exclusions

Total 156
Excluded due to behavioral rule violations 3
Excluded due to health reasons 10
Excluded due to comprehension check failure 1
Final sample 142
Decision-level exclusions
Total after application of participant-level exclusions 7,952
- in stress condition 3,976
- in control condition 3,976
Number of dominated lottery decisions 197
- in stress condition 91
- in control condition 106
Number of timed-out lottery decisions 473
- in stress condition 222
- in control condition 251
Number of decisions without corresponding decision in other condition 472
- in stress condition 214
- in control condition 258
Final sample 6,810

Table 3.2. Summary statistics on final sample

Statistic Value

Participant-level decision statistics

Avg. number of lottery decisions taken ~ 51.28 (7.57)
- in loss domain 25.48 (3.83)
- in gain domain 25.80 (4.00)
- in stress condition 25.80 (4.29)
- in control condition 25.49 (4.48)

Average standardized risk premium 0.014 (0.243)
- in loss domain 0.055 (0.245)
- in gain domain -0.027 (0.234)
- in stress condition 0.014 (0.247)
- in control condition 0.014 (0.239)

Control conditions. We first test for a homogeneous shift toward more risk-seeking
or risk-averse behavior (Section 3.3.2.2), and subsequently, whether risk-taking be-
havior shifts toward or away from risk neutrality (Section 3.3.2.3).

In our within-subject analyses, we analyze the impact of stress on risk-taking
both at the lottery and at the participant level. In our lottery-level analyses, our unit
of observation is at the participant-lottery level. Here, we compare the participants’
standardized risk premia demanded in a given lottery between the Stress and Con-
trol conditions. This approach is deliberately theory-agnostic: it does not rely on any
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specific model of decision-making under risk, and it allows individuals to have vary-
ing degrees of risk aversion when facing different lotteries, making no assumption
about consistency across choices.

In the participant-level analysis, we aggregate our lottery-level standardized risk
premia to obtain a single measure of risk-taking for each participant. We assume that
each participant can be characterized by a single, stable risk aversion parameter, for
instance, as in expected utility theory.28

In contrast to several previous studies employing between-subject designs, we
do not find evidence of a significant effect of acute stress on risk-taking. To under-
stand whether this discrepancy owes to differences in our sample’s composition or to
the fact that our within-subject analysis approach better captures heterogeneities in
baseline risk-taking that between-subject designs overlook, we additionally perform
a between-subject analysis, presented in Section 3.3.2.4.

Finally, in Section 3.3.2.5, we provide an alternative approach to analyzing the
heterogeneous effects of stress on risk-taking by conditioning effects on baseline risk-
taking behavior in the Control condition. This approach yields differing results from
the analysis in Section 3.3.2.3, which we trace back to methodological flaws in con-
ditioning the analysis on baseline risk-taking. We provide these results, nevertheless,
to illustrate the importance of a sound econometric approach and to caution future
research.2®

3.3.1 Assessing the stress induction

We begin by verifying that our Stress treatment induced a neuroendocrine stress
response. Across all three physiological and subjective measures of acute stress, we
find strong evidence that the stress induction procedure was effective.

Figure 3.3 demonstrates that the stress induction procedure significantly ele-
vated cortisol levels, our primary indicator of stress. The cortisol trajectories re-
veal a marked divergence between the Control and Stress conditions. In the Con-
trol sessions, salivary cortisol concentrations follow the expected diurnal pattern
(Kirschbaum and Hellhammer, 1989), decreasing steadily over the course of the ex-
periment (Smyth et al., 1997).30 In contrast, salivary cortisol of participants in the
Stress condition rises markedly after the onset of the treatment phase, as is evident
from a comparison of saliva Samples 2 and 3. Saliva Sample 2 was taken immedi-

28. In our estimations, we average over choices of an individual, assuming that individuals would
make consistent choices in the absence of decision errors. Strictly speaking, a framework like expected
utility theory (EUT) assumes that individuals make consistent choices under risk and fully comply with
its core axioms. In practice, however, participants may make decision errors. Observed inconsistencies
across all 28 lottery tasks could still be reconciled with the EUT framework, once such errors are taken
into account. Averaging across all choices allows us to smooth out these errors. Hence, we do not
assume perfect choice consistency.

29. We provide the results of further preregistered analyses in Appendix 3.D.9.

30. See Appendix 3.C.2 for more details on the diurnal cycle.
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Notes: This figure depicts the average salivary cortisol, measured in nmol/l, in the Stress (red) and Control
condition (blue). Samples 1 and 2 were collected before the onset of the TSST-G procedure. Samples 3, 4,
and 5 were collected after the onset of the TSST-G procedure. The bars indicate the 95% confidence interval
around the mean.

Figure 3.3. Salivary cortisol during the experiment

ately prior to the treatment phase, while Sample 3 was collected after the first chal-
lenge/task. Evidently, cortisol levels rise sharply: cortisol concentrations in Sample
3 are significantly elevated in the Stress condition relative to the Control condition
(two-sided t-test, p-value < 0.001). On average, cortisol increased by 5.67 nmol/1 in
the Stress condition, while it declined by 0.69 nmol/1 in the Control condition, fol-
lowing the diurnal cortisol pattern.3! This significant difference persists across sub-
sequent measurements. Sample 4, taken after the second challenge/task, and Sam-
ple 5, taken after the third challenge/task, both show significantly elevated cortisol
levels in the Stress condition relative to the Control (both two-sided t-tests, p-value
< 0.001).

As an additional manipulation check, we analyze participants’ heart rate, an-
other biological marker of acute stress.32 Figure 3.4 illustrates heart rate patterns

31. Beyond aggregate effects, we assess individual stress responses during the TSST-G using a 2.5
nmol/1 salivary cortisol increase threshold (Cahlikova and Cingl, 2017). In our sample, 59.86% of par-
ticipants in the Stress condition are above this threshold, compared to none in the Control conditions,
comparable to Cahlikova and Cingl (2017) and Parslow and Rose (2022). Kirschbaum, Pirke, and Hell-
hammer (1993) report a 70% rate among men in an individual TSST. Disaggregated by gender, 74%
of males and 44% of females in the Stress condition meet the 2.5 nmol/1 criterion, consistent with find-
ings that women, while experiencing stress via other markers, often release less free cortisol (Uhart
et al., 2006; Allen et al., 2014).

32. The heart rate analyses pertain to 282 observations, since there is no recording for two obser-
vations, due to a technical issue with one of the heart rate devices.
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by treatment status throughout the treatment phase of the experiment. At the start
of the preparation phase, indicated by minute 0 in Figure 3.4, the average heart rate
does not differ between the Stress and the Control condition (two-sided t-test, p-
value = 0.849).33 However, following the onset of the treatment phase, heart rates in
the Stress condition had increased significantly above those of the Control condition
(two-sided t-test, p-value< 0.001). By the time participants had reached the middle
of task one, i.e., 16 minutes into the treatment phase, the average heart rate had
increased by 22.29 beats/min in the Stress condition, and 13.34 beats/min in the
Control condition. This elevated heart rate persists throughout all challenges/tasks,
risk elicitation blocks, and until the end of the session. Notably, these patterns are
consistent between genders, with no significant gender differences in heart rate dy-
namics observed.34

Heart Rate
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Notes: This figure depicts the average heart rate in beats per minute during the experiment. It plots the heart
rate measurements averaged for all participants in the Stress (red) and Control condition (blue). The bars
indicate the 95% confidence interval around the mean.

Figure 3.4. Heart rate during the experiment

Lastly, participants self-reported their perceived level of stress measured on a 5-
point Likert scale, with results displayed in Figure 3.5 by treatment condition. Con-
sistent with our physiological measures, perceived stress was significantly higher in
the Stress condition than in the Control condition (meang,.,; = 3.77, meanc, ;o1 =

33. In the immediate minutes before treatment onset there is a visible spike in the Stress condition,
reflecting that these participants had to stand up and switch rooms, i.e., walk, for the task preparation.

34. Note that at the end of challenge one, the average heart rate falls more quickly in Control than
in Stress because participants in the Control condition are allowed to sit down earlier than in the other
condition for procedural reasons.
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1.73; two-sided t-test, p-value < 0.001). We find no significant gender differences
in self-reported stress within either condition (two-sided t-test: p-value= 0.796 and
p-value= 0.350 in Stress and Control, respectively).
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Notes: This figure depicts the averaged self-rated stress for all participants in the Stress (red) and Control
condition (blue). The bars indicate the 95% confidence interval around the mean.

Figure 3.5. Self-rated stress

Overall, all three measures of acute stress confirm that the Stress treatment con-
dition effectively induced a neuroendocrine stress response. Appendix 3.D.1 shows
that there are no substantial differences with respect to our manipulation markers
between participants who had the Stress treatment in their first session and those
who had it in their second session.

3.3.2 Main analyses

Having established that the Stress treatment successfully induced a neuroendocrine
stress response, we now turn to our main analysis, which examines the causal impact
of stress on risk-taking behavior. As detailed in Section 3.2.3, we standardize the risk
premium by the absolute value of the EV and define the standardized risk premium
as RP = (EV — CE)/|EV|. For the sake of brevity, we refer to the ‘risk premium’ in the
following.

3.3.2.1 Descriptive analysis

Figure 3.6 plots the risk premia demanded in the Stress and Control conditions. Vi-
sually, there is no difference between these two conditions. A series of tests supports
this insight: applying the conventional p-value of 0.05, we do not find a statisti-
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cally significant difference between the means (two-sided Student’s t-test, p-value
= 0.916), nor the standard deviations (two-sample F-test for equality of variances,
p-value =0.057), nor in the distribution functions (two-sample KS-test, p-value
=0.822).
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Notes: This figure depicts the standardized risk premium for all participants in the Stress (red) and Control
condition (blue).

Figure 3.6. Distribution of the standardized risk premium

3.3.2.2 Within-subject analyses

Next, we leverage the advantages of our within-subject design to investigate how
risk-taking behavior changes when participants are exogenously exposed to stress.
We first analyze potential changes at the lottery level.

The outcome variable is the within-subject change in the risk premium de-
manded for a given lottery, i.e., the difference between participants’ demanded risk
premium in the presence of stress and the risk premium demanded in the absence
of stress. This differencing approach controls by design for individual- and lottery-
specific time-invariant factors that remain constant across both experimental ses-
sions. These factors are, for instance, individuals’ underlying risk preferences as well
as the domain, skewness, and expected payoff of the lottery. A positive value of ARP;
indicates a shift toward greater risk aversion under stress, while a negative value re-
flects increased risk-taking.

We estimate the following equation:

AR_Pil =a+ Eil» (31)
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where ARP;; is the change in risk premium demanded by individual i for lottery [,
between the Stress, R_Pil’smm, and Control, R_Pil’COnm,l, conditions. The constant term
a captures whether this term is, on average, positive or negative, capturing any sys-
tematic move toward risk aversion or risk seeking. Participants attended both of their
sessions within the same group of participants; hence, the order of the Control and
Stress condition sessions was assigned at the group level. We thus cluster standard
errors at the group level as the level of treatment assignment (Abadie et al., 2023).35
Hence, our main analysis is equivalent to a t-test clustering standard errors at the
group level. Our differencing approach yields the same results as directly regressing
the demanded risk premium on a Stress condition dummy, including individual and
lottery fixed effects and clustering standard errors (compare Table 3.D.2 in Appendix
3.D.3).36

The estimation results are presented in Table 3.3. Column (1) estimates Equa-
tion (3.1), clustering standard errors at the group level. We do not find evidence of
a significant effect of stress on the demanded risk premium. Notably, the coefficient
we estimate is quite small: ~ 0.001 and 4% of the demanded risk premium averaged
across individuals and decisions.3” Columns (2) and (3) restrict the analysis to the
gain and the loss domains, 38 respectively, and find similar results. While the analyses
in Columns (1)-(3) are at the lottery level, Column (4) displays the results of analy-
ses at the participant level.3 To this end, we average R_Pﬂ,Sm:ss and R_Pﬂ’COmOl for each
participant, and then test for a change between these two averages by defining an
outcome variable, which is their difference. Here, we also do not find any significant
effects, with an estimated coefficient of 0.002.

Importantly, we find no evidence that acute stress affects risk-taking, and this
result is robust to a variety of sensitivity checks. First, our results do not differ de-
pending on whether participants experienced the Stress condition in their first or
second session (see Table 3.D.3 in Appendix 3.D.4).

Next, instead of focusing on the standardized risk premium, we assess whether
stress induces systematic changes in the MPL row, in which participants’ preferences
change from lottery to safe payment or vice versa, i.e., their ‘switching row’. Directly
analyzing the switching row instead of the certainty equivalent (CE) allows for a
more straightforward analysis, since it does not require any assumption on partic-
ipants’ true CE, which we assume in the main analysis to lie in the middle of an
interval bounded by the safe payoffs of the switching row and the preceding row.

35. Table 3.D.1 in Appendix 3.D.2 shows that alternative clustering approaches (individual level,
lottery level, no clustering) yield qualitatively similar results.

36. While we preregistered the analysis shown in Appendix 3.D.3, we prefer to display here the
analysis according to Equation (3.1) for ease of exposition.

37. Back of the envelope calculation: 0.0006/0.014 = 0.042. The Cohen’s D of the effect is ~
0.003

38. We preregistered a separate analysis by loss and gain domain.

39. We preregistered a separate analysis at both the lottery and the participant level.
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Table 3.3. Within-subject comparison in risk-taking

Change in Standardized RP

(1) () (3) (4)
(Full) (Gain) (Loss) (Full)

Constant 0.001 -0.002 0.003 0.002
(0.005) (0.006) (0.006) (0.005)

Observations 3405 1721 1684 142
Observation-Level Decision Decision Decision Participant
R? 0.000 0.000 0.000 0.001

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable
is the change in the standardized risk premium (RP, see Section 3.2.3), between the Stress and Control con-
dition. The analysis is at the participant-decision level in Columns (1) - (3), and at the participant-level in
Column (4). Columns (1) and (4) report estimates for the full sample, Column (2) reports estimates for the
gain domain, and Column (3) for the loss domain. The values in parentheses represent standard errors clus-
tered at the participants’ group level (23 clusters). The statistical significance is reported on the * p < 0.1, **
p < 0.05, and *** p < 0.01 level.

Figure 3.D.1 in Appendix 3.D.5 plots the difference between the switching row in
Stress and Control per lottery and participant over all observations used for the main
analysis. We find that the same switching row occurs for 26% of all lottery pairs, and
that the majority of lottery pairs (55%) show a difference within one row, which is
consistent with the absence of a systematic stress effect on risk-taking.

Further, Appendix 3.D.6 estimates different parametric models of risk-taking be-
havior, derived from expected utility theory, assuming a power utility function (as
in Bruhin, Fehr-Duda, and Epper, 2010; Murad, Sefton, and Starmer, 2016), as well
as prospect theory, using a linear in log odds function (as in Goldstein and Einhorn,
1987; Lattimore, Baker, and Witte, 1992). Estimates do not substantially differ de-
pending on whether we use data from the Stress or Control sessions to estimate our
models, supporting the rejection of a substantial change between session types.4°

Finally, previous research has shown that chronic stress, defined as stress sus-
tained over extended periods, influences how individuals respond to acute stressors
(Chida and Hamer, 2008). Hence, our main results could deviate for chronically
stressed individuals. We therefore provide a detailed analysis using multiple physio-
logical and subjective measures of chronic stress in Appendix 3.D.7. It is important
to note that our sample does not comprise individuals with pathological levels of
chronic stress. Within this non-pathological range, we observe almost no heterogene-

40. Such an analysis sets out to infer a risk preference parameter from task performance, assum-
ing a specific functional form for risk preferences. To this end, we estimate and compare the parameters
that best fit the observed risk-taking behavior in the Stress and Control conditions, respectively. This ap-
proach, of course, hinges on the assumption that the chosen functional form reasonably approximates
individuals’ true preferences.
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ity in the null effect of chronic stress,#! but this result may not generalize to more
extreme cases.

3.3.2.3 Is the effect of stress contingent on baseline risk-taking?

While we do not find evidence of increased risk aversion or increased risk seeking
under stress, the effect of acute stress may also be more nuanced. We preregistered
the hypothesis that the effect of stress on risk-taking is contingent on an individual’s
risk-taking behavior when not stressed. Two possibilities emerge: First, acute stress
might make previously risk-averse decisions more risk-seeking, while making pre-
viously risk-seeking decisions more risk-averse. This implies that acute stress shifts
decisions toward risk neutrality. A second possibility is that acute stress intensifies
baseline tendencies in risk-taking behavios, i.e., making risk-averse behavior more
risk-averse and risk-seeking behavior more risk-seeking. In both cases, such patterns
would not or only marginally (depending on baseline composition) affect the aver-
age risk premium demanded, and are thus not detectable in a regression analysis
based on Equation (3.1).
We thus estimate a second within-subject regression:

AlR_Pi” = a+eg;. (32)

The dependent variable in Equation (3.2) is the change in the absolute value of
the risk premium, i.e., calculated as the difference between the absolute risk pre-
mium in Stress and the absolute risk premium in Control. If acute stress were to
influence risk-taking behavior by shifting decisions toward risk-neutrality (the first
pattern described in the paragraph above), this would be visible in a decrease in the
absolute risk premium demanded. If acute stress were to shift decisions away from
risk-neutrality (the second pattern), this would be visible in an increase in the abso-
lute risk premium demanded. Again, we do not find any evidence for either effect.
The coefficient in Column (1) is estimated at 0.002, 1% of the average absolute risk
premium demanded (0.15).42 Columns (2) and (3) find similar results examining
the gain and loss domains separately.*3

Column (4) again switches gears, examining the relationship in a participant-
level analysis. We average the absolute risk premium demanded across each individ-
ual,** estimating an insignificant coefficient of 0.001.

41. An exception is one of the six sub-scales of our subjective chronic stress measure, which seems
to suggest some heterogeneity in treatment effects depending on self-reported experience of social
strain within the past year. However, given that the other five sub-scales do not show evidence of
a heterogeneous effect and that there is no other supporting evidence in the data, we refrain from
further interpreting this pattern.

42. The Cohen’s D of the effect is ~ 0.009

43. We preregistered a separate analysis by loss and gain domain.

44. We preregistered a separate analysis on both the lottery and on the participant level.
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Table 3.4. Within-subject comparison in absolute measure of risk-taking

Change in Absolute Standardized RP

(1) () (3) (4)
(Full) (Gain) (Loss) (Full)

Constant 0.002 0.007 -0.004 0.001
(0.005) (0.005) (0.007) (0.006)

Observations 3405 1721 1684 142
Observation-Level Decision Decision Decision Participant
R? 0.000 0.002 0.000 0.000

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable
is the change in the absolute standardized risk premium (RP, see Section 3.2.3), i.e., the difference between
the absolute risk premia demanded in the Stress and Control conditions. The analysis is at the participant-
decision level in Columns (1) - (3), and at the participant level in Column (4). Columns (1) and (4) report
estimates for the full sample, Column (2) reports estimates for the gain domain, and Column (3) for the loss
domain. The values in parentheses represent standard errors clustered at the participants’ group level (23
clusters). The statistical significance is reported on the * p < 0.1, ** p < 0.05, and *** p < 0.01 level.

3.3.2.4 Between-subject analysis

To compare our results to previous literature that has often used a between-subject
analysis, we also offer a between-subject analysis below. To this end, we only use
data from participants’ first session as this resembles a clean between-subject design,
drawing on a sample size comparable to that of previous studies.*s Specifically, we
compare the risk-taking behavior of participants who were assigned to the Stress
condition in their first session with the risk-taking behavior of participants who were
assigned to the Control condition in their first session. Thereby, we can provide a
conventional between-subject estimate of the average treatment effect of stress on
risk-taking behavior for our sample of participants.
We estimate the following equation:

RP;; = a+ BStress;, + Xy + €4, (3.3)

where RP, is the risk premium demanded by individual i in session s for lottery L.
Stress;, is an indicator whether individual i was in the Stress condition in session s,
and Xj; are controls at the individual- and lottery-level. Again, we cluster standard
errors at the group level.
The results of this analysis are displayed in Table 3.5.

The coefficient estimate for 3; in Column (1) is -0.029 (p-value = 0.032), in-
dicating that individuals take, on average, less risk-averse decisions under stress.
Adding controls for participants’ age and gender (Column (2)) barely changes the

45. See also our preregistered analysis.
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Table 3.5. Between-subject comparison in risk-taking (first-week sessions)

Standardized RP

(1) () 3) (4) (5)

(Full) (Full) (Full) (Gain) (Loss)

Stress -0.029* -0.028" -0.031* -0.037* -0.025
(0.013) (0.012) (0.013) (0.014) (0.016)

Female 0.014 0.017 0.007 0.027
(0.012) (0.013) (0.014) (0.016)

Age 0.000 0.000 -0.001 0.002
(0.002) (0.001) (0.001) (0.002)
Constant 0.030" 0.019 -0.142"*  -0.097* -0.138"

(0.007)  (0.037) (0.036) (0.035)  (0.054)

Lottery FE X X X
Observations 3405 3405 3405 1721 1684
R? 0.004 0.004 0.448 0.442 0.426

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable is
the standardized risk premium (RP, see Section 3.2.3). Columns (1) - (3) report estimates for the full sample,
Column (4) reports estimates for the gain domain, and Column (5) for the loss domain. The specifications in
Columns (2) - (5) control for a female dummy and participants’ age, and Columns (3) - (5) additionally include
lottery fixed effects. The values in parentheses represent standard errors clustered at the participants’ group
level (23 clusters). The statistical significance is reported on the * p < 0.1, ** p < 0.05, and *** p < 0.01 level.

estimated treatment effect to -0.028 (p-value = 0.033). Next, in Column (3), we
add lottery fixed effects, which account for lottery-specific characteristics. While the
main coefficient of interest remains qualitatively unaffected, the explanatory power
of the model largely increases, implying that specific lottery attributes affect the RP
that participants demand.

While the between-subject analysis suggests a difference in risk-taking between
stressed and non-stressed participants, the absence of a corresponding effect in the
better-powered within-subject analysis indicates that this difference is unlikely to
be caused by acute stress itself and is instead consistent with preexisting differ-
ences in baseline risk preferences between treatment and control groups.4¢ Such
differences may also be one reason for observing contradictory results in previous
between-subject studies. Our within-subject analysis does control for these differ-
ences by design. Importantly, the presence of a between-subject difference in our

46. As an imperfect test of this, we compare the average risk premia chosen in Control between
participants, who experienced the Control condition first, and those who experienced it as their second
session, i.e., the individuals who are in the Stress condition in our between-subject analysis. The differ-
ence between these two groups is 0.033, i.e., roughly in line with the coefficient estimate for the effect
of stress on risk-taking in our between-subject analysis. This difference is also statistically significant
(two-sided t-test, p-value < 0.01), thereby supporting the notion that there are baseline differences
between these two groups.
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own data suggests that our null within-subject result is not driven by an unusually
selected or unresponsive sample relative to earlier studies. Rather, the divergence
appears to reflect the additional control and statistical power offered by the within-
subject design, which eliminates baseline heterogeneity by construction. By increas-
ing statistical power, this design strengthens the credibility of our null result. Ta-
ble 3.B.1 in Appendix 3.B illustrates this advantage by comparing our experiment’s
power to detect effect sizes reported in previous studies under both between-subject
and within-subject specifications.

Relying on a sample size common in the literature, our between-subject analysis
illustrates how observed differences in risk-taking behavior between the Stress and
Control groups can be mistakenly attributed to a treatment, even when they likely
reflect a combination of differences in latent baseline risk preferences across individ-
uals and limited randomization in small samples.

3.3.2.,5 Alternative analysis conditioning on baseline risk-taking

An intuitive and straightforward alternative to the approach in Equation (3.2) to
test whether the effect of stress on risk-taking depends on an individual’s baseline
propensity to take risks in a given lottery is to estimate whether ARP; systemati-
cally differs depending on whether the respective lottery choice was risk-averse or
risk-seeking in the Control session. To this end, one could define RiskAverse;;, which
equals 1 if individual i made a risk-averse choice in lottery [ in the Control condition,
and RiskSeeking;;, which equals 1 if individual i made a risk-seeking choice in lottery
l in the Control condition, and then estimate the change in risk-taking under stress
according to the following equation:

ARP; = a + ByRiskAverse; + ByRiskSeeking; + &, 3.4

The coefficient estimates of an OLS regression of Equation (3.4), shown in Ta-
ble 3.A.2 in Appendix 3.A, point to a heterogeneous effect of stress on risk-taking:
for decisions in which an individual behaves risk-averse in the absence of stress, the
demanded risk premium seems to decrease in the presence of stress. Likewise, for
decisions in which an individual behaves risk-seeking in the absence of stress, the de-
manded risk premium is estimated to increase. This pattern suggests a shift toward
risk neutrality.

However, these results are ill-founded because conditioning on observed risk-
taking in the Control condition produces results that are likely compromised by mea-
surement error and resulting regression to the mean. The intuition for this is as
follows: even if we assume individuals to have a set of stable latent risk preferences,
it is plausible that individuals make errors in their decisions, resulting in (sometimes
positive and sometimes negative) measurement error.
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If individuals’ choices reveal an overstated risk premium in one elicitation be-
cause of a positive draw from a measurement error distribution with mean zero,
their choices will be expected to reveal a lower risk premium in a second elicita-
tion.4” Correspondingly, if we classify individuals based on the preference revealed
by their possibly overstated (understated) risk premium in the Control condition, we
would observe on average a less overstated (understated) risk premium in the Stress
condition, even if there was no effect of stress on risk-taking behavior. As a result, on
average, those who are classified as risk-averse based on the noisy decision in Control
would appear to become less risk-averse; and those who are classified as risk-seeking,
on average, would appear to become less risk-seeking in the Stress condition.

To determine whether the observed result reflects a genuine shift toward risk-
neutral behavior or is merely an artifact of the measurement error described above,
we ‘flip’ the analysis and base the classification of the independent variable on risk-
taking behavior in the Stress condition (see Table 3.A.3 in Appendix 3.A). If stress
truly induced risk-neutrality, we would observe in the ‘flipped analysis’ that the ab-
sence of stress drives individuals away from risk-neutrality. However, in the ‘flipped
analysis’, it appears that the absence of stress rather than the presence of stress drives
people toward risk-neutral behavior. This contradiction provides evidence that the
shift toward risk-neutrality we originally observed is an artifact of measurement er-
ror, consistent with the main results in Table 3.4.

3.4 Concluding discussion

Using a novel within-subject laboratory experiment, we investigate how stress influ-
ences individual risk-taking behavior. We neither find evidence that acute stress in-
creases or decreases risk aversion, nor that it shifts behavior toward or away from risk
neutrality. We demonstrate that when applying methods common in this strand of
literature, we find that our data can produce different conclusions. This pattern illus-
trates that previously diverging findings in the literature may in part be attributable
to small sample sizes and measurement error.

The absence of evidence that stress either increases or decreases risk-taking dif-
fers from findings in several previous studies that rely on between-subject designs.
Strikingly, in a between-subject analysis similar to the previous studies, we also es-
timate a statistically significant effect of stress on risk-taking. Our better-powered
within-subject analysis, however, finds no statistically significant effect.#8 A likely

47. Suppose an individual’s expressed risk premium is subject to symmetric measurement error
around the true risk premium (mean). If an observed risk premium is below the true premium (a
negative error), the expected value of the next observation is higher than the current draw, reverting
back to the mean.

48. Table 3.B.1 in Appendix 3.B compares the power of our within-subject analysis and between-
subject analysis to detect effect sizes common in the literature.
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explanation for this discrepancy lies in heterogeneity in participants’ latent risk pref-
erences: since risk preferences vary across individuals, a relatively small sample size
(as common in the existing literature) may, by chance, create alleged differences
between treatment groups.4® Our within-subject analysis, in contrast, by design con-
trols for heterogeneity in individual risk preferences and thereby yields higher sta-
tistical power.

In addition, we do not find evidence of stress shifting risk-taking toward or away
from risk neutrality, adding a new perspective on our understanding of risk-taking
behavior. Specifically, given previous results and the neurological effects of stress,
a plausible explanation for the previously mixed findings on the effect of stress on
risk-taking could have been that the effect is heterogeneous: stress might push risk-
averse decisions toward risk seeking and risk-seeking decisions toward risk aversion.
We provide first evidence on a possible shift from or toward risk neutrality by con-
structing an outcome variable that directly captures a decision’s distance from risk
neutrality. We do not find any evidence for such patterns, making it unlikely that the
inconclusiveness of the previous results was driven by heterogeneity in the relation-
ship between acute stress and risk-taking, rather than the unfortunate combination
of measurement error and sample size outlined above.

The presence of measurement error in capturing individuals’ risk-taking atti-
tudes implies that the methodology used for heterogeneity analyses must be cho-
sen with extreme caution. Specifically, while conditioning on individuals’ behavior
as measured at baseline seems the most intuitive approach to assess potential het-
erogeneities driven by baseline behavior, our results illustrate that this approach pro-
duces spurious treatment effects. It is well known that measurement error in baseline
variables leads to attenuation bias in regression estimates. However, researchers still
often assess treatment effects across groups defined by their baseline behavior, even
if these are measured with noise.

In the context of our study, the most intuitive approach to analyze hetero-
geneities by baseline behavior is to compare within-subject differences in risk-taking
between the Stress and Control conditions across groups classified by their risk-
taking behavior in the Control condition. We show that this approach is flawed be-
cause baseline risk-taking is measured with noise, such that an analysis yields mis-
leading results. This methodological concern is not restricted to our setting but also
arises in other contexts. For instance, estimates of the effectiveness of educational
programs targeted at low-achieving students can be flawed if program participation
is assigned based on students’ noisily measured initial performance.5°

49. Notably, two large-sample studies using a between-subject design, Parslow and Rose (2022)
and Veszteg et al. (2021), both report null effects of acute stress on risk-taking.

50. Other examples include evaluating personnel policies across productivity groups when base-
line productivity is measured with error, or assessing a regional growth policy if the policy measure is
implemented in specific regions based on their noisily measured GDP.
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From a methodological perspective, our study highlights three key considera-
tions: (1) the importance of an adequate experimental design when examining the
effects of stress on risk-taking—or, more generally, of visceral factors on behavior, pref-
erences, traits, or beliefs; (2) the need to account for measurement error; and (3)
the role of statistical power.

In light of our well-powered null results and the mixed findings in the existing
literature, we conclude with considerable confidence that acute stress is unlikely to
causally affect risk-taking in small-stakes financial decisions. To be concrete about
how our results update beliefs about the existence of such an effect, consider the
following post-study probability calculation. Based on the literature, a reasonable
prior probability of a causal effect of acute stress on risk-taking is in the range of 25-
75% (see Appendix 3.B for details). Given our null result, and noting that our study
is powered to detect all significant effect sizes reported in previous studies with at
least 80% power (see Table 3.B.1), we update a prior of 25% (the lower bound of
our range) to a post-study probability of approximately 7%, and a prior of 75% (the
upper bound of our range) to a post-study probability of approximately 39%. This
substantial downward revision indicates that our null result meaningfully reduces
the likelihood of a causal effect of acute stress on risk-taking (Maniadis, Tufano,
and List, 2014; Abadie, 2020; List, 2026).

In terms of practical implications, our evidence boosts confidence that acute
stress does not causally drive individual fluctuations in risk-taking behavior, espe-
cially in small-stakes financial decisions. This central result has practical relevance,
for example, for research on delegation and decentralization (Aghion and Tirole,
1997), which largely does not consider the psychological and physiological state of
the agent. Our study complements this literature by examining whether the acute
psychological and physiological conditions of the decision maker affect choice behav-
ior. Our results suggest that acute stress does not introduce additional variability that
principals need to consider when deciding whether to delegate risky financial deci-
sions. For organizations, this insight provides an important implication: supervisors
can delegate many decisions without concern that acute stress, which is pervasive in
many work environments, will systematically alter employees’ decisions.

More generally, our study highlights that credible policy inference requires care-
ful attention to measurement error, adequate sample size, and a study design that
isolates treatment effects from underlying heterogeneity.
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Table 3.A.1. Literature summary
Paper Mixed domains Gain Loss N
Shields, Malone, and Gray (2025) more risk-seeking - - 147
Parslow and Rose (2022) no effect - - 194
Dreyer et al. (2022) more risk-seeking (low- - - 80
cortisol responders)
Veszteg et al. (2021) no effect - - 192
Nowacki et al. (2019) - no effect - 90
Kluen et al. (2017) more risk-seeking (men); no  — - 103
effect (women)
Cahlikova and Cingl (2017) - more risk-averse (men); no  — 146
effect (women)
Bendahan et al. (2017)? - more risk-seeking (directly — — 352
after stressor); no effect (20
and 45 min after stressor)
Yamakawa et al. (2016) - more risk-averse no effect 26
Sokol-Hessner et al. (2016) (within- no effect no effect - 120
subject)
Cueva et al. (2015) (within-subject) more risk-seeking - - 34
Cohn et al. (2015) more risk-averse - - 162
Finy et al. (2014) more risk-seeking (low- - - 88
constraint individuals); no
effect (high-constraint indi-
viduals)
Gathmann et al. (2014) no effect - - 38
Kandasamy et al. (2014) (within- - more risk-averse (chronic); — 36
subject®) no effect (acute)
Buckert et al. (2014) no effect more risk-seeking (cortisol  no effect 75
responders®)
Daughters et al. (2013) (within- more risk-seeking (boys); no — - 132
subject) effect (girls)
Reynolds et al. (2013) more risk-seeking (high - - 34
social anxiety group); no
effect (low social anxiety
group)
Von Helverson and Rieskamp (2013)  more risk-seeking (low-risk); — - 70
(within-subject) more risk-averse (high-risk)
Pabst, Brand, and Wolf (2013) - no effect more risk-averse 80
Clark et al. (2012) (within-subject) more risk-averse no effect more risk-averse 65
Mather, Gorlick, and Lighthall (2009)  more risk-averse (elderly); - - 85
no effect (young adults)
Lighthall, Mather, and Gorlick (2009)  more risk-seeking (men); - - 48
more risk-averse (women)
Porcelli and Delgado (2009) - more risk-averse more risk-seeking 33

2 Of these, approximately one-third underwent an experimental procedure to test the effect of stress on
risk-taking immediately after the stressor, which is closest to our research question.
® The within-subject design applies to the study of chronic, not acute, stress.
¢ The authors note that limiting the analysis to cortisol responders makes the results correlational, which is
also highlighted by Trautmann (2014).
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Table 3.A.2. Within-subject change in standardized RP (alternative analysis)

Change in Standardized RP

(Full) (Gain) (Loss)

RiskAverse -0.026" -0.022™ -0.031""
(0.006) (0.004) (0.010)
RiskSeeking 0.031* 0.023" 0.039**
(0.007) (0.011) (0.006)
Observations 3405 1721 1684
Observation-Level Decision Decision Decision
R? 0.022 0.015 0.030

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable
is the change in the standardized risk premium (RP, see Section 3.2.3), between the Stress and Control con-
dition. Column (1) reports estimates for the full sample, Column (2) reports estimates for the gain domain,
and Column (3) for the loss domain. The values in parentheses represent standard errors clustered at the
participants’ group level (23 clusters). The statistical significance is reported on the * p < 0.1, ** p < 0.05,
and *** p < 0.01 level.

In Table 3.A.3, we flip the analysis, keeping the same dependent variable, i.e.,
the dependent variable is the difference between the risk premia in Stress and Con-
trol, but changing the classification of risk aversion (or risk seeking), based on the
decision in the Stress condition (rather than on decisions in the Control condition
as in Table 3.A.2). If stress shifted individuals toward risk-neutrality, we would ex-
pect a positive coefficient for RiskSeeking and a negative coefficient for RiskAverse.
However, we do not find this pattern, but rather a regression to the mean.

Table 3.A.3. Within-subject change in standardized RP (alternative analysis, flipped)

Change in Standardized RP

(Full) (Gain) (Loss)

RiskAverse 0.030"* 0.030"™* 0.029*
(0.007) (0.004) (0.012)
RiskSeeking -0.032""  -0.041™ -0.024™"
(0.007) (0.012) (0.006)
Observations 3405 1721 1684
Observation-Level Decision Decision Decision
R? 0.026 0.037 0.018

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable
is the change in the standardized risk premium (RP, see Section 3.2.3), between the Stress and Control con-
dition. Column (1) reports estimates for the full sample, Column (2) reports estimates for the gain domain,
and Column (3) for the loss domain. The values in parentheses represent standard errors clustered at the
participants’ group level (23 clusters). The statistical significance is reported on the * p < 0.1, ** p < 0.05,
and *** p < 0.01 level.
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Appendix 3.B Informativeness of our null results

3.B.1 Statistical power in our design vs. a between-subject design

We evaluate statistical power under both our main within-subject design and our
auxiliary between-subject analysis with the same total number of participants. The
starting point is the standard decomposition (following the notation in List, 2025)

RP;, = my+ T Stress;; + Wi + €, (3.B.1)

where RP, is the average risk premium demanded by participant i at time t (averaged
across all lottery choices in that session), Stress;; indicates exposure to acute stress
at time t, u; captures time-invariant subject-level heterogeneity in risk taking, and
€; is an idiosyncratic error. Random assignment implies Stress;, is independent of y;.

Simulation Model and Distributional Assumptions. To approximate power, we
simulate datasets from a parametric data-generating process consistent with equa-
tion (3.B.1). We assume the participant-specific component is normally distributed,
i ~ A0, oﬁ), and idiosyncratic errors are normally distributed and homoscedas-
tic, &;; ~ A(0, 03), independent across participants and independent of u;. We cal-
ibrate 7, and the untreated-outcome variance o2 using our Control-session data.
Since we only observe one untreated outcome per participant, we cannot separately
identify oﬁ and ag in our data. We, therefore, impose a correlation parameter p
for repeated outcomes within a participant and set O'i =p 012, and O'? =(1- p)a%.
Our baseline specification uses p = 0.41, based on the test-retest correlation of 0.41
risk-taking in a lottery choice task, reported in Falk et al. (2023). In their experiment,
participants from the BonnEconLab subject pool who participated in two sessions of
an experiment scheduled one week apart made a decision in a single incentivized
lottery choice in both weeks. Since risk-taking in Falk et al. (2023) is measured us-
ing only lottery choices (versus 28 choices in our experiment), we view p = 0.41 as
a conservative lower bound. Dohmen and Jagelka (2024) show that the test-retest
correlation of personality trait measures and preference measures increases with the
number of items. For example, the test-retest correlation of personality trait neuroti-
cism increases from 0.59 when based on one item only to 0.85 when based on 12
items.

Effect Sizes from the Literature. Prior studies used different outcome measures.
To make the effects across studies comparable, we translate each reported effect into
Cohen’s d (Table 3.B.1) and interpret d as a standardized treatment effect. For these
power calculations, we use the studies from our literature review (compare Appendix
3.A).
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Power Calculations. For each literature effect size d, we set the treatment effect
in the simulations to T = |d| - oy. We then estimate T using OLS under an equal-
allocation between-subject design (N = 140) and participant fixed effects under a
two-period cross-over within-subject design (N = 140), and test Hy : T = 0 using a
two-sided test at the conventional level of a = 0.05. The power is the share of Monte
Carlo replications for which the null is rejected.
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Table 3.B.1. Power implied by effect sizes from prior studies

Study Cohen’s |d| Power (BS, N=140) Power (WS, N=140)
Shields, Malone, and Gray 0.350 0.539 0.965
(2025)

Parslow and Rose (2022) — 0.470 0.792 0.999
Detectable effect bound

Dreyer et al. (2022) — Respon- 0.348 0.532 0.962
ders vs. Control

Nowacki et al. (2019) - 0.935 1.000 1.000
Women

Kluen et al. (2017) — Men 0.646 0.964 1.000
Cahlikova and Cingl (2017) - 0.600 0.941 1.000
ATT Men

Bendahan et al. (2017) - Early 0.513 0.856 1.000
(standard risk)

Yamakawa et al. (2016) — 0.812 0.997 1.000
Lower bound

Cueva et al. (2015) 0.863 0.999 1.000
Cohn et al. (2015) 0.370 0.581 0.976
Finy et al. (2014) — Low- 0.702 0.985 1.000
constraint adolescents

Buckert et al. (2014) — Respon- 0.585 0.933 1.000
ders vs. Control in gains

Daughters et al. (2013) — Boys 0.303 0.425 0.905
Reynolds et al. (2013) — High 0.440 0.728 0.997
social anxiety adolescents

Von Helverson and Rieskamp 0.592 0.936 1.000
(2013) — Interaction estimate

Pabst, Brand, and Wolf (2013) 0.672 0.976 1.000
— Losses

Clark et al. (2012) — Losses 0.357 0.549 0.973
Mather, Gorlick, and Lighthall 1.151 1.000 1.000
(2009) - Older adults

Lighthall, Mather, and Gorlick 0.702 0.985 1.000
(2009) — Men

Lighthall, Mather, and Gorlick 0.895 1.000 1.000
(2009) — Women

Porcelli and Delgado (2009) - 0.450 0.754 0.998
Gains

Porcelli and Delgado (2009) - 0.260 0.328 0.799
Losses

MDE Between-Subject 0.477 0.805 1.000
MDE Within-Subject 0.258 0.329 0.796

Notes: Power is computed by simulation from the data-generating process Y; = mg + TD;; + u; + & with y; ~
A(0, O'ﬁ) and g; ~ (0, U?). We calibrate 7y and 0'}2, using participant-level Control-session means in our data
and impose correlation p = 0.41 across repeated outcomes by setting oﬁ = ,00'32, and O'Z =(1- p)o%. For each
study, we sett = |d| - oy and estimate T by OLS (between-subject) or by participant fixed effects (within-subject,
T = 2, one treated period per participant; equivalent to estimating the first-differences equation). The final two rows
calculate our study’s minimum detectable effect size while maintaining at least 80% power, for our between-subject
and within-subject analysis. Power is the fraction of simulated samples rejecting Hy : T =0 in a two-sided test at
a = 0.05 over 20,000 replications. Derivations of Cohen’s d. Derivations of Cohen’s d are reported in Appendix 3.B.2.
In several studies, the authors find statistically significant effects at the conventional threshold of p-value < 0.05
on specific subsamples of their data. We indicate the subsamples chosen by the authors in the ‘Study’ column, but
calculate our study’s power to detect a similar or larger effect size in an ITT analysis based on our full sample. For
brevity, we do not include Null results, because power under d = 0 is mechanically a = 0.05. See Table 3.A.1 for a
complete summary of the most related studies.



154 | 3 Does Stress Impact Risk-Taking?

3.B.2 Derivations of effect sizes in Table 3.B.1

The entries below document how each Cohen’s d in Table 3.B.1 is obtained from the
original study’s reports.

Shields, Malone, and Gray (2025). We base our power calculation on the
frequentist robustness analysis reported in the Appendix. In the Type III Analy-
sis of Deviance for risky-choice frequency, the Appendix reports a main stress ef-
fect, y2(1) = 5.43, p = .020, and provides group summaries: stress-condition partic-
ipants chose the risky option more frequently (mean proportion = 0.58, SE = 0.02)
than control participants (mean proportion = 0.52, SE = 0.02), with Ng.;; = 72 and
Neontrol = 75. Interpreting the reported SE values as standard errors of the group

means across participants, we back out within-group standard deviations via SD =

. —1)SD?+(n,—1)SD?
SE+/n, compute the pooled standard deviation SD,, = o )nlinz(izz )5D; , and then

compute Cohen’s d = (Xgtress — Xcontrol) /SDp ~ 0.35 (sign defined as Stress—Control).
We focus on this main-effect contrast (rather than stressxsex interactions) because,

within their risky decision-making results, it is explicitly characterized as a small
stress effect and is smaller than the prominent stress-by-sex and parameter effects
reported for other decision components, making it a conservative benchmark for
power calculations.

Parslow and Rose (2022) - Detectable effect bound. Not a point estimate.
Included as a reference bound based on the paper’s stated power: 90% power to
detect approximately d = 0.47 at a = 0.05 with N=194.

Dreyer et al. (2022). Computed from reported CD-AB cards means and SDs
for the HighCort group (Treatment; N; = 20, mean= 5.17, SD= 8.42) versus the
Non-Stress group (Control; N, = 40, mean= 2.15, SD= 8.81). Computed the pooled

SD as SD, = 1/ MU IP; 5,68, then Cohen’s d = (% —%,)/SD, ~ 0.348
(sign defined as Treatment—Control).

Nowacki et al. (2019) - Women. Approximated from the paper’s figure
(women-only subgroup; men insignificant). Read mean effects as Treatment ~
0.371 and Control ~ 0.224, with error bars interpreted as standard errors
(SEty ~ 0.043, SE¢; ~ 0.038) and Ny, = Ngy; = 15. Converted SE to SD via SD =
SE+/n, yielding SDr ~ 0.167 and SD¢y & 0.147. Computed pooled SD as SD, =

—1)SD? —1)SD? - -
\/(nl )nli:fz LYY 0.157, then Cohen’s d = (Xry, —Xce)/SD, & 0.935.

Kluen et al. (2017) — Men, Low Risk (pooled). Approximated from the rele-
vant figure panel by reading the four cell means and assuming error bars are SEM
with n =12 per cell: Plac ~ 14.5 (SEM = 1.6), Yoh ~ 12.2 (SEM =~ 1.45), Cort
~ 18.2 (SEM ~ 2.4), and Cort+Yoh ~ 16.9 (SEM ~ 2.0). Converted SEM to within-
cell SD via SD = SEM+/n. Following the pooling implied by the authors’ analysis,
formed Control = Plac+Yoh and Treatment = Cort+ (Cort+Yoh) with pooled means
Xcm = (plac + Xyon) /2 and Xpy = Kot + Xcortavon) /2. Computed each pooled-group
SD using the combined-sample variance identity (within-cell SS plus between-cell
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SS around the pooled mean), then computed Cohen’s d as (Xry —Xcer1) /SDpooled US-
ing the pooled SD across the two pooled groups.

Cahlikova and Cingl (2017) — ATT Men. Used Cohen’s d reported by the au-
thors for the male subgroup simple comparison (treatment vs. control).

Bendahan et al. (2017) - Early (standard risk). Approximated from Figure 3
(solid gray bars). Read means as control ~ 0.638 and stress ~ 0.541. Assumed error
bars are SEM, and allocation across time points is approximately equal, implying
Neontrol & 60 and Ngyeqs & 58. Converted SEM to SD via SD = SEM y/n, then computed
pooled-SD Cohen’s d for (Stress—Control), yielding d ~ —0.513.

Yamakawa et al. (2016) — Lower bound. No SDs reported for the simple-effect
contrast; computed the minimal |d| consistent with a two-sided p = 0.05 test given
N; =14, Ny = 12: d,y,, = toiev/1/n7 + 1/n, with df = 24.

Cueva et al. (2015) (within-subject). Study reports a Wilcoxon signed-rank
test, Z = 2.17. Converted to an effect-size correlation via r = Z/+/N using the within-
subject sample size, and translated to a Cohen’s-d metric using d = 2r/v1 —r2, yield-
ing d ~ 0.86 (sign follows the reported direction of the effect).

Cohn et al. (2015). We recover Cohen’s d from the reported regression coeffi-
cient and standard error in Table 1, Col. (1). The implied test statistic is t = /3 / SE(ﬁ)
(here, [3 =—9.827 and SE = 4.177, so |t| &~ 2.35). We then convert to a standardized
mean difference using d = [t|+/1/Mpoom + 1/Mpust With Npeem = 85 and npyg = 77,

yielding |d| ~ 0.370 (the sign follows the Bust—Boom coding).

Finy et al. (2014) - Low-constraint adolescents. Only the significance of the
stress slope is reported for the low-constraint subsample (stress entered as a contin-
uous predictor). Using total N = 43 and a two-sided p = 0.03 for the 1-df test of the
slope implies residual degrees of freedom df =N —2 =41 and |t| = t;_, /5 4 =~ 2.25.
We convert this 1-df test statistic to a partial correlation via r= 4/t2/(t2 + df) ~
0.332, and map to a Cohen’s-d metric using d = 2r/v1—r2 ~ 0.703. This d re-
flects the standardized magnitude of the stress-risk-taking association (not a stress—
control mean difference).

Buckert et al. (2014). Computed from reported risky-choice means and SDs for
cortisol responders (N=26, mean=0.54, SD=0.26) vs. controls (N=20, mean=0.41,
SD=0.16) using pooled SD.

Daughters et al. (2013) - Boys (within-subject). Study reports a 1-df simple-
effect test for boys, F(1,58) = 4.5. For a 1-df contrast, t = +/F, so t ~ 2.121. With
within-subject sample size N = 58, computed the paired standardized effect d, =
t/v/N ~ 0.279. Converted d, to an outcome-SD Cohen’s d assuming within-subject
correlation p = 0.41: d = d,+/2(1 — p), yielding d ~ 0.303.

Reynolds et al. (2013) - High social anxiety adolescents. Used the Cohen’s
d reported by the authors for the High SA subgroup, d = —0.44 (sign follows the
paper’s coding).

Von Helverson and Rieskamp (2013) - Interaction estimate. The paper’s
headline result is a 1-df interaction test, F(1,67) = 5.87. To express the magni-
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tude on a standardized scale comparable across studies, we convert the interac-
tion F statistic to partial eta-squared, nf) =F/(F +df,), then to Cohen’s f via f =
1/77; /(1 —'r);), and report the heuristic mapping d ~ 2f, yielding d ~ 0.592. This
d summarizes the standardized magnitude of the interaction (not a stress—control
mean difference).

Pabst, Brand, and Wolf (2013). Used the reported simple-effect test for the loss-
domain stress—control contrast: F(1,76) = 4.52. For a 1-df contrast, t = +/F. Con-
verted to Cohen’s d via d =t+/1/n; + 1/n, with N; = N, = 20, yielding d ~ 0.672
(sign defined as Stress—Control).

Clark et al. (2012) - Losses. Within-subject design. Reported losses-only con-
trast t(56) = 2.48 implying d, = t/+/n with n = 57. Converted d, to an outcome-SD
Cohen’s d assuming p = 0.41: d = d,+/2(1 — p), yielding |d| ~ 0.357 (sign depends
on coding threat—safe).

Mather, Gorlick, and Lighthall (2009) - Older adults. Converted reported
independent-groups t-test for older adults: t(38) = 3.64. Older-adult sample to-
tals N=40 implies approximately 20/20 split across stress/control. Computed d =
tv/ 1/n; +1/n, yielding |d| ~ 1.151 (sign depends on Stress—Control).

Lighthall, Mather, and Gorlick (2009) — Men. Backed out within-cell SDs from
reported 95% CI half-widths and N, then computed Cohen’s d as the stress—control
mean difference divided by the pooled SD.

Lighthall, Mather, and Gorlick (2009) — Women. Backed out within-cell SDs
from reported 95% CI half-widths and N, then computed Cohen’s d as the stress—
control mean difference divided by the pooled SD.

Porcelli and Delgado (2009) — Gains. Used the Cohen’s d reported by the au-
thors for the stress effect in the gain domain.

Porcelli and Delgado (2009) — Losses. Used the Cohen’s d reported by the
authors for the stress effect in the loss domain.

3.B.3 What can we learn from our null result?

The above power calculations demonstrate that our study would have been powered
to detect the results of previous studies with at least 80% power. Additionally, our
minimum detectable effect (MDE) size is Cohen’s d = 0.477 in a between-subject
analysis and d = 0.258 in a within-subject analysis with power 80% at a = 0.05.

Based on our null result, we compute a post-study probability (PSP) of a relevant
relationship between acute stress and risk-taking behavior. We follow List (2026)
and calculate the post-study probability of a true association after a null result as
one minus the fraction of the non-true associations being declared non-true and all
associations that are declared non-true:

Q1-—a)d—m)

PSPt = 4 A~ —n)’

(3.B.2)
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where (1 —a)(1 — 7) represents the probability of a non-true association being de-
clared non-true, and B represents the probability of a true association being de-
clared non-true. We set 3 = 0.20 and a = 0.05. To find a reasonable prior 7, we
calculate the proportion of statistically significant associations reported in the stud-
ies presented in our literature summary in Table 3.A.1 in Appendix 3.A. We follow
the suggestions in Maniadis, Tufano, and List (2014) and consider a range of pos-
sible priors. On the lower bound, we only consider studies that report a statistically
significant result for their entire sample. We count 6 out of 24 papers as reporting
a statistically significant association,>! resulting in 7t = 0.25. On the upper bound,
we consider all studies that report a significant association between acute stress and
risk-taking at least in one subsample. We count 18 out of 24 papers as reporting a
statistically significant association,>2 resulting in 7 = 0.75. For this range of priors,
our well-powered null result lowers the likelihood of a causal effect of acute stress
on risk taking by 18.4 to 36.3 percentage points: with a prior of 25%, a null result at
80% power implies an update to a PSP of 6.6%, while a prior of 75% implies a PSP
of 38.7%. In both cases, this range constitutes a large update from the prior, high-
lighting that there is considerable information in our null result (see also Maniadis,
Tufano, and List, 2014; Abadie, 2020; List, 2026).

51. Lighthall, Mather, and Gorlick (2009), Porcelli and Delgado (2009), Von Helverson and
Rieskamp (2013), Cohn et al. (2015), Cueva et al. (2015), and Shields, Malone, and Gray (2025)

52. Lighthall, Mather, and Gorlick (2009), Mather, Gorlick, and Lighthall (2009), Porcelli and
Delgado (2009), Clark et al. (2012), Daughters et al. (2013), Pabst, Brand, and Wolf (2013), Reynolds
et al. (2013), Von Helverson and Rieskamp (2013), Buckert et al. (2014), Finy et al. (2014), Cohn
et al. (2015), Cueva et al. (2015), Yamakawa et al. (2016), Bendahan et al. (2017), Cahlikova and
Cingl (2017), Kluen et al. (2017), Dreyer et al. (2022), and Shields, Malone, and Gray (2025)
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Appendix 3.C Experiment

3.C.1 Assumption necessary for within-subject designs

List (2025) stresses that, in addition to assumptions necessary to recover an average
treatment effect in a between-subject design, a within-subject design relies on three
additional assumptions: balanced panel, temporal stability, and causal transience.
Below, we argue that each of these assumptions is met in our context.

3.C.1.1 Balanced panel

As noted by List (2025), this assumption is typically not a concern in laboratory
experiments. Moreover, our incentive structure is in line with his recommendation
to backload incentives, as participants received their payout at the end of the sec-
ond session. Of the 163 participants who showed up for their first experiment ses-
sion, 156 completed both experiment sessions. Of the seven participants who did
not complete both sessions, two participants (one in the Stress and one in the Con-
trol condition) chose to leave the experiment during the first session. This type of
attrition would have also occurred had we conducted a between-subject design. Of
the remaining five participants, three excused themselves from the second session
due to illness or other appointments. Two of these had experienced the Stress con-
dition as their first session, while one had experienced the Control session as their
first session. Two participants (both of whom had experienced the Stress condition
as their first session) did not show up for the second session without a statement of
reasons.

In our analysis, we only include participants who completed both sessions, i.e.,
we lose 3% of participants due to our within-subject design. We consider it unlikely
that experiencing the first experimental session induced selective attrition for the
second experimental session, and that this low attrition may have affected our re-
sults.

3.C.1.2 Temporal stability

For the temporal stability assumption to be violated, participants’ risk-taking behav-
ior would need to change systematically from one week to the next, when elicited
on the same day of the week, at the same time, and under the same conditions as
the previous elicitation, and conditional on treatment condition. We consider such
a change as highly unlikely. Nevertheless, note that possible temporal effects would
be averaged out in our effect analysis since we counterbalance the order in which
participants experience the Control and Stress sessions.
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3.C.1.3 Causal transience

This assumption implies the absence of ‘carryover’ effects from previous treatments
and rules out anticipation effects whereby future treatments influence current behav-
ior. Violation of the causal transience assumption would imply that we conduct what
List (2025) denotes an ‘overt’ within-subject design. Such a violation could arise, for
example:

* if acute stress experienced by participants assigned to the Stress condition in their
first-week session persisted into their second-week experiment session, when
they are in the Control condition. This could lead to an underestimation of ef-
fect sizes. However, such persistence appears implausible given the short-lived
nature of acute stress.

* Alternatively, participants who experience the Control condition in their first-
week session might respond more strongly to stress in their second-week Stress
session. While we do not find evidence that the physiological stress response
differs depending on whether stress is administered in the first or second week
(see Appendix 3.D.1), such an effect, if present, could lead to an overestimation
of effect sizes.

While we consider these violations unlikely, our design allows us to assess their
potential magnitude. Specifically, we report our main results separately for partic-
ipants who experienced the Control condition in their first session and those who
experienced the Stress condition first (Appendix 3.D.4). Because treatment order dif-
fers across participants, potential violations of causal transience would affect these
groups asymmetrically. In the examples above, persistence effects would only affect
participants assigned to Stress first, whereas differential stress responsiveness would
only affect those assigned to Control first. Regardless of treatment order, we find
no evidence of an effect of acute stress on risk-taking, with all p-values well above
conventional significance levels.

3.C.2 Biomarker measurement: Overview

We collected saliva samples to measure salivary cortisol throughout the experiment.
Our cortisol elicitation protocol was designed to address several well-known chal-
lenges associated with measuring salivary cortisol in laboratory experiments. First,
salivary cortisol does not rise immediately after a psychological stressor. Instead,
cortisol is released into the bloodstream with a delay of approximately 5-20 min-
utes, and biologically active (free) cortisol appears in saliva within 2-3 minutes (Bo-
zovic, Racic, and Ivkovic, 2013). As a consequence, salivary cortisol peaks around
20-30 minutes after the onset of a stressor and typically returns toward baseline
within 40-60 minutes. Second, cortisol levels follow a strong daily rhythm: They
peak roughly 30 minutes after awakening and decline steadily throughout the day.
In the afternoon, the diurnal slope is relatively flat, reducing the risk of confounding
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experimental effects with natural fluctuations. Third, participants may experience
elevated cortisol levels upon arrival due to uncertainty and novelty, regardless of be-
ing assigned to the Stress or Control condition (Dohmen, Rohde, and Stolp, 2023).
If not accounted for, such initial arousal could mask treatment-induced effects.

To capture meaningful cortisol responses while avoiding confounds, we incorpo-
rated several design elements: (1) Repeated sampling throughout the experiment to
track the cortisol trajectory across the entire window in which stress responses oc-
cur. (2) Afternoon-only sessions with a consistent starting time to minimize diurnal
variation. (3) A one-hour adaptation period between arrival and treatment onset to
allow any arrival-related cortisol elevation to subside.

In addition to salivary cortisol, we also measured two additional biomarkers: (1)
participants’ heart rate, and (2) participants’ hair cortisol. Participants were free to
withdraw from the experiment at any time, while still receiving compensation for
the time they had already invested in the experiment. After the data collection was
completed, we debriefed study participants via email on the purpose of the Stress
protocol and biomarker measurement, and offered our contact data for any further
questions. The role of salivary cortisol as a biomarker of acute stress, as well as proce-
dures for saliva sampling, heart rate measurement, and hair sampling, are described
in more detail below.

3.C.2.1 Salivary cortisol as a biomarker for the psychological stress reaction

Salivary cortisol is a biomarker for activation of the hypothala-
mic—pituitary—adrenocortical (HPA) axis. The HPA axis is one of the body’s
major neuroendocrine systems, involving interactions between the hypothalamus,
pituitary gland, and adrenal glands. It regulates digestion, energy balance, immune
function, mood, and emotional processes, and is “vital for supporting normal
physiological functions and regulating other systems” (Dickerson and Kemeny,
2004, p. 356).

A stress reaction begins with the release of adrenocorticotropic hormone (ACTH)
by the anterior pituitary, which triggers the secretion of cortisol from the adrenal cor-
tex into the bloodstream. Free cortisol appears in saliva within a few minutes, mak-
ing saliva a reliable medium for detecting biologically active cortisol (Kirschbaum
and Hellhammer, 1994).

3.C.2.2 Saliva sampling procedures

We collected saliva samples to measure salivary cortisol throughout the experiment.
Participants were informed in the invitation email and during the study’s general in-
formation that saliva samples would be collected. At the beginning of the session in
the first week, participants received detailed instructions on saliva sampling. An ex-
perimenter demonstrated how to handle the Salivette®. The experimenter informed
participants that they should not touch the cotton swab of the Salivette® by hand
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and should try to chew on it for approximately 2 minutes. A leaflet detailing the
most important steps was distributed to all cubicles.

During the experiment and before the first saliva sample, participants were in-
structed on-screen that several saliva samples would be taken during the experiment.
Furthermore, it informed participants that they could read the instructions for sam-
pling on the leaflet again in their cubicle, and that each sample would be announced
via (i) a screen notification and (ii) the sound of a triangle (the musical instrument).
The Salivette® for the first saliva sample was distributed to the cubicles before the
onset of the experiment. Subsequently, a new Salivette® was handed out to the par-
ticipants when the previous one was collected. Thereby, the total number of saliva
samples and their timing remained obscured from the participants. Each saliva sam-
ple was accompanied by a screen that briefly reminded participants to try keeping
the cotton swab for 120 seconds in their mouth and integrated a timer to facilitate
timekeeping.

Taking a saliva sample took approximately three minutes: The participants first
chewed on a cotton swab of a Salivette® for two minutes, and it then took approx-
imately one minute for the experimenters to collect the used Salivettes® and dis-
tribute the Salivettes® and stickers for the next saliva sample.

To avoid compromised samples due to glucose intake, participants were not al-
lowed to eat during the experiment. To prevent diluted samples, we also asked partic-
ipants not to drink anything except for water that we offered them during scheduled
water breaks.53

Saliva sample number one was taken 30 minutes after participants’ arrival in
the laboratory, which is referenced as minute -33 in Figure 3.1 in Section 3.2. At
this point, cortisol might be elevated due to potential stress and arousal upon enter-
ing the laboratory, as well as any pre-laboratory stress (Dohmen, Rohde, and Stolp,
2023) warranting an adaptation period as implemented in our design. Sample num-
ber two, our baseline sample, was taken around 30 minutes later, shortly before the
onset of the experimental treatment. The cortisol levels are very similar between the
the treatment and control conditions and do not differ statistically (two-sided t-test,
p-value = 0.922). Samples three to five allow us to measure participants’ responses
to the treatment conditions and their cortisol levels during the risk elicitation.

The saliva samples obtained during the experiment sessions were stored in a
freezer (-20 ) and sent on dry ice to the Dresden LabService GmbH, where, after
thawing, the samples were centrifuged for 5 minutes at 3000 rpm, which resulted
in a clear supernatant of low viscosity, to determine salivary cortisol. Salivary con-
centrations were measured using a commercially available chemiluminescence im-
munoassay with high sensitivity (Tecan - IBL International, Hamburg, Germany; cat-

53. We scheduled these in a way that ensured sufficient distance in timing to the next saliva
sample.
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alogue number R62111). The intra- and interassay coefficients of variance were be-
low 9%.

3.C.2.3 Heart rate measurement

To measure participants’ heart rate, we equipped them with a pulse sensor (Polar®
Verity Sense), which is worn on the forearm or upper arm during the entire experi-
ment. At the beginning of each session, participants were instructed on the use of the
pulse sensor via on-screen information. An experimenter then controlled the correct
fit and application for each participant. The operation of the pulse sensors did not
require any qualified medical personnel.

3.C.2.4 Hair sampling procedures

We also collected hair samples from participants who were willing to provide such a
sample. The hair samples were stored in aluminum foil and also sent to the Dresden
LabService GmbH for analysis. They were analyzed using a Liquid chromatography-
tandem mass spectrometry (LC-MS/MS)-based method to determine the individ-
ual level of cortisol concentration in the hair (Rauh, 2010; Gao et al., 2013). The
hair samples were washed with isopropanol, and cortisol was extracted from 10 mg
whole, nonpulverized hair by methanol incubation. A column switching strategy for
online solid phase extraction (SPE) was applied, followed by analyte detection on an
SCIEX Triple Quad 6500 mass spectrometer. The intra- and interassay coefficients of
variation were 9.1% and 12.7%. The average weight for segment 1 was 7.32 mg (SD:
0.73), and 7.21 mg (SD: 0.96) for segment 2.

3.C.3 Chronological sequence of study

The experiment was conducted at the University of Bonn’s Laboratory for Experi-
mental Economics (BonnEconLab) between June and November 2022. We addition-
ally conducted a pilot study with 12 participants in May 2022 to test the experi-
mental procedures. Each session took approximately two and a half hours. During
the Adaptation Period’, we conducted all registration, provided study information,
and instruction procedures as described below. During the ‘Treatment Phase’, par-
ticipants underwent either the Stress or the Control condition. The treatment was
followed by a set of questionnaires (compare Appendix 3.C.9), and a voluntary hair
sample as well as payout in participants’ second session.

3.C.3.1 Adaptation phase

The experiment took place in two rooms. Participants entered Room A, the room
that hosts 24 computer cubicles. In the experiment, we only used 8 of these cubicles
and randomly assigned the numbers 1 to 8 to them. In the middle of the room, we
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put a desk with two chairs, where the committee was placed during the Stress treat-
ment. Adjacent to Room A is Room B, where participants received instructions and
prepared for the tasks.

On arrival, participants entered Room A, registered, and then were directed to
Room B. In the first experiment session, once all participants had arrived, the experi-
menters familiarized the participants with the consent form and general information
about the study, stressing the handling of sensitive physical data such as saliva sam-
ples. Participants were explicitly informed that they would only participate in the ex-
periment if they provided consent for participation. After participants had signed the
consent form, an experimenter demonstrated saliva sampling to participants. Partici-
pants were also informed that they could also provide a hair sample for an additional
payment at the end of the second session. Before participants returned to Room A,
they picked a random card with their cubicle number and got seated in their cubicle.
In their second session, they were guided to the same cubicle they had used in their
first session of the experiment.

Each cubicle was equipped with a computer, magazines, the Salivette® for the
first saliva sample, a printout reminding participants how to retrieve a saliva sample,
a sticker, and a pen to label the sticker for the first saliva sample. At their cubicle,
participants put on their heart rate monitoring devices, whose fit and function were
then checked by one of the experimenters. At the start of the experiment, partici-
pants received instructions on the screen and familiarized themselves with the risk
elicitation procedure by completing six multiple price lists as unincentivized practice
questions. They could then read magazines and relax in the remaining time before
the onset of the treatment. They were allowed to go to the bathroom54 and drink
water after the first saliva sample (minute: -33).

3.C.3.2 Treatment phase

Approximately one hour after arrival, the participants were prompted to take their
second saliva sample and then given on-screen instructions for either the Stress or
the Control procedure.

Stress condition. In the Stress condition, participants were informed that they
would undergo three challenges and that they had to move to Room B for further
instructions. The details of the TSST-G procedures are detailed in Appendix 3.C.4.
During this time, they were allowed to drink some water. While the participants
prepared themselves for the first challenge, three experimenters set up Room A,
bringing in and turning on the cameras, inviting the committee to the room, and
preparing the committee desk by placing a timer, blank sheets of paper, pens, and

54. Participants were free to take a bathroom break at other points in the experiment, but exper-
imenters explicitly announced bathroom breaks before and after the challenges/tasks to avoid disrup-
tion during the TSST-G as much as possible.
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a set of instructions on it. They did this silently, so that the participants in Room B
were not aware of a change happening.

As the participants were in Room B during this time, they only took account of
the newly set-up cameras and the committee when they re-entered Room A after the
preparation time had ended. After the first challenge was over (see Appendix 3.C.4
for details), the committee reminded the participants that they would see each other
again and then moved to Room B. The participants sat down in their cubicles, closed
their curtains, and completed the first risk elicitation block. Afterwards, they were
prompted to take the third saliva sample.

After providing the third saliva sample, participants received instructions on their
screen to stand up and turn around again for the second challenge. The committee
then re-entered Room A and gave instructions on the second challenge. After the
second challenge was over, the procedure from above was repeated: the committee
reminded the participants that they would see each other again and left the room,
the participants sat down, closed their cubicle curtains, proceeded with the second
risk elicitation block, and then provided saliva sample four.

After taking the fourth saliva sample, participants were instructed to stand up
and turn around again for the last challenge. Upon completion, the committee left
the laboratory. The participants sat down, closed their curtains, and provided the
last saliva sample. Meanwhile, an experimenter turned off and removed the cameras.
The experimenters offered water and announced a bathroom break.

Control condition. In the Control condition, the sequence of events was equivalent
except for the following differences: first, participants prepared for the first task di-
rectly in their cubicles instead of going to room B. Second, in contrast to the Stress
condition, no video cameras were installed in Room A. Third, the tasks were con-
ducted not by a designated committee, but by two of the experimenters, who did
not wear laboratory coats and whom the participants may have already seen in other
parts of the experiment. They sat down behind the desk in the middle of room B and
brought their materials and a watch.

As in the Stress condition, participants complete the risk elicitation blocks be-
tween the tasks and take the same number of saliva samples at the exact same time
as in the Stress condition.

After the TSST-G block was over, the participants first self-assessed how stressed
they felt during the challenges/tasks and subsequently filled out several question-
naires, which differed by session condition (compare, Appendix 3.C.9). In the sec-
ond week, they were also asked if they would provide a hair sample for an addi-
tional payment. The participants who agreed to do so were paid the extra amount
during payout and went to Room B to have their hair sample taken by one of the
experimenters.
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3.C.4 The Trier Social Stress Test for Groups (TSST-G)
3.C.4.1 Stress induction in the Stress condition

In the Stress condition, a two-person committee (one male, one female) wearing labo-
ratory coats observed participants.55 In addition, we informed participants that their
performance would be recorded on video. We made slight modifications to the stan-
dard Trier Social Stress Test for Groups (TSST-G) protocol to align with standards
regarding potential deception in experimental economics and to improve procedural
control. First, to adhere to the non-deception rule of the BonnEconLab, we excluded
elements of the original protocol that could be misleading. For example, the origi-
nal protocol introduces committee members as ‘experts in human expressions’. Since
our committee lacked such training, we omitted this description. Second, to enhance
experimental control, we presented participants with a list of predefined job options
for the mock interview, whereas the original protocol required them to come up
with a job themselves. We randomized between two lists, A and B, of predefined
job options. List A — video game developer, digitalization officer, fundraiser, research
group leader, journalist, life coach, sustainability officer, airplane pilot. List B — am-
bassador, decarbonization manager, event manager, career coach, communications
manager, head of emergency services, helicopter pilot, project manager.

Third, to improve efficiency, we allowed for group sizes of up to eight partici-
pants, compared to six in the original TSST-G. Lastly, we added a third challenge,
reciting the alphabet backward (compare, Cingl, 2019), to extend the stress period
and allow for two phases of risk elicitation. The third challenge ensured that partic-
ipants were stressed throughout the entire risk-elicitation period, i.e., once the sec-
ond challenge was completed, participants would still experience anticipatory stress
in expectation of the third challenge. While all participants began with the mock
interview, we randomized the order of the arithmetic and the alphabet challenges
across sessions.

During each challenge, participants stood in a row (segregated by cubicle walls)
facing the committee. The committee called them individually to step forward to
perform the challenge. Participants could be summoned multiple times within one
challenge. Since the committee selected participants in random order, they were un-
aware of when or how often they would be called upon. The committee’s role was to
manage turn-taking, monitor timing, prompt participants to continue speaking, ask
questions, and instruct participants to restart in the event of a mistake. The commit-
tee members were trained to maintain a neutral demeanor throughout, avoid any
emotional responses, empathy, interest, or verbal feedback.

At the beginning of the treatment phase in the Stress condition, participants saw
an on-screen announcement which informed them of the three upcoming challenges.

55. The committee members did not assume any other roles during the experiment.
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They were then escorted by an experimenter to a separate room, where they re-
ceived verbal and written instructions for the first challenge, a mock job interview.
These instructions informed participants that two additional challenges would fol-
low, with further information provided in due time. After reading the instructions,
we granted participants three minutes to prepare for the mock interview. The in-
structions explicitly stated that note-taking was permitted during preparation but
that these notes could not be used during the interview. They also informed that
each interview would last two minutes and would not focus on specific qualifica-
tions but on participants’ personal aptitude for the job.

Following the preparation period, participants returned to the main experiment
room. During their absence, the room was rearranged to accommodate the commit-
tee: cameras were set up and activated, and a desk for the committee was prepared.
As participants re-entered, the committee was already seated, and the first challenge
began immediately.

At the end of the first challenge, the committee reminded participants that a
second challenge would follow. The committee then left the room, and participants
completed the first set of risk elicitation tasks. Subsequently, the committee returned
to introduce the second challenge. After this challenge, and once the committee had
exited again, participants completed the second set of risk elicitation questions, fol-
lowed by a third challenge.

Importantly, we consistently referred to these components as ‘challenges’ in the
Stress condition to distinguish them from the control protocol, where they were re-
ferred to as ‘tasks’. The written and oral instructions provided to participants in the
Stress conditions are in Appendix 3.C.5.

3.C.4.2 The Control condition

Prior to the intervention phase in the Control condition, participants received an on-
screen message explaining that three tasks would follow. The message also provided
procedural details and explicitly stated that neither the participants nor their per-
formance would be evaluated or judged. Participants were informed that the task
would be to read a text that they would then receive and that they would have six
minutes to prepare for this task.>¢ The experimenters and the participants read the
text out loud for the same duration as the mock interview challenge in the Stress con-
dition. Instead of the difficult arithmetic challenge, participants counted from one to
100 together with the experimenters, and instead of the difficult alphabet challenge,
they recited the alphabet together. None of these tasks needed to be completed si-
multaneously with the other participants or the experimenters.

56. By allowing for a preparation time of six minutes, we ensured that the timing of each task
and risk elicitation segment was identical across both the Stress and Control conditions, maintaining
temporal consistency throughout the experiment
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The written and oral instructions provided in the Control condition is available
in Appendix 3.C.6.

3.C.5 Translation of the instructions: Stress condition

Please see Appendix 3.F for the on-screen instructions of the entire experiment.

3.C.5.1 Instructions challenges: Read aloud by the experimenter

Please take a seat and read the instructions on the table for the following challenges.
Please do not talk to the other participants.

[The participants sit and read the instructions. After their preparation time is over,
the experimenter says: ]

I will now take you back to the computer room. Before you follow me into the room,
I will briefly explain the procedure again: Each of you will have about two minutes to
present yourselves to a committee. You will be called up by your cubicle number. You
will be filmed during your presentation. The committee members will closely moni-
tor your behavior and take notes. The committee may ask you follow-up questions,
inquiries, or questions not directly related to your presentation, including questions
directed at you during presentations by other applicants.

The other two challenges will be explained to you by the committee in due course.
You will be called at random and can be called again at any time. Do you have any
questions?

3.C.5.2 Instructions challenges: Read by the participants

The first challenge is as follows: Imagine you have applied for one of the positions
listed below and are now at the interview. In contrast to a real interview, you have
to give an approximately 2-minute presentation in which you convince a committee
that you are the best candidate for the position.

You can choose from the following positions:

computer game developer, digitization officer, fundraiser, research group leader,
journalist, life coach, sustainability officer, pilot (aircraft).

OR [ list of eight jobs randomized between sessions ]

ambassador, decarbonization manager, event manager, career coach, communi-
cations manager, head of emergency services, pilot (helicopter), project manager.
You should focus primarily on your personal strengths — in other words, your per-
sonal characteristics that differentiate you from the other candidates for this posi-
tion. You shouldn’t focus on your knowledge and skills — assume the committee al-
ready knows about your academic and professional trajectory. The committee mem-
bers will closely monitor your behavior and take notes. You will also be filmed. You
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should try to make the best possible impression and assume the role of the appli-
cant as best you can for the duration of the challenge. The committee may ask you
follow-up questions, inquiries, or questions not directly related to your presentation,
including questions directed at you during presentations by other applicants.
Please maintain an upright posture during all challenges and do not put your hands
in your pockets.
The other two challenges will be explained to you by the committee in due time. You
will be called up randomly and can be called up again at any time. The challenges
will last approximately one hour in total. Please remember your cubicle number, as
this will be used to call you up. Once you've read these instructions, you have 3 min-
utes to prepare for the first challenge. You can take notes, but you are not allowed
to take them with you to the presentation.

Please give a show of hands if you have any questions. Please do not chat with
the other participants.

3.C.5.3 Instructions given by the committee

Challenge 1. Number X: Please step forward. Please begin.

[The interview takes place. The participants can be interrupted. They can be asked
questions. They can be asked to sit down before their time is up. They can be called
up again. |

Please return to your seat and close the curtain. You may continue working on the
computer.

Challenge 2 (or 3). The next challenge is to recite the alphabet backwards,
starting at a certain letter. Please say it out loud. For example, if you get the letter
M, the next letter is L. Please say it as quickly and correctly as possible. If you make
a mistake, either you or another participant will have to try again or start from the
beginning. You may also be asked to repeat the challenge or continue for another
participant. We will call you by your cubicle number. You can also be called several
times. Number X: Please step forward. Please begin with the letter ...

Challenge 2 (or 3). The next challenge is to solve math problems. Please count
backward from the number we give you to zero in steps of 17. For example, if you
are given the number 102, you should calculate 102 - 85 - 68 - 51 and so on. Please
calculate as quickly and correctly as possible. If you miscalculate, either you or an-
other participant will have to try again or start from the beginning. You may also be
asked to solve the challenge repeatedly or to continue it for another participant. We
will call you with your cubicle number. You can also be called several times. Number
X: Please step forward. Please begin with the number ...
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3.C.6 Translation of the instructions: Control instructions

Please see Appendix 3.F for the on-screen instructions of the entire experiment.

3.C.6.1 Instructions given by the committee

Task 1. Please place your drinking cups on the table. We will now start with the
first task. This consists of reading aloud together the text that was handed out to
you earlier. We will now read aloud together for 16 minutes. You only need to speak
loud enough for your voice to be audible for all other participants and the staff to
hear you. If you finish the task prematurely, please start again.

Task 2 (or 3). The second/third task is to recite the alphabet together with the
other participants and staff for 4 minutes. You can take short breaks and recite the
alphabet at your own pace. You only need to speak loud enough for your voice to be
audible for all the other participants and the staff to hear you. If you finish the task
prematurely, please start again.

Task 2 (or 3). The second/third task is to count to 100 (1, 2, 3, 4, ... 100) together
with the other participants and the staff for 4 minutes. You can take short breaks
and count at your own pace. You only need to speak loud enough for your voice to
be audible for all other participants and the staff to hear you. If you finish the task
prematurely, please start again.

3.C.7 Details on risk-taking decisions

Between the challenges/tasks of the TSST-G procedure, we elicited participants’ risk-
taking behavior via 28 lotteries. The lotteries were presented between the tasks in
blocks of 14 each. We informed participants that one of the lotteries would be ran-
domly selected for payment in each session. From the selected lottery, one row from
the corresponding multiple price list, displaying a choice between a lottery and a
safe payment, was randomly drawn. If the participant had chosen the lottery in that
row, the lottery was played out, and the participant was paid accordingly. If the par-
ticipant had selected the safe payment, the respective amount (gain or loss) was
added to their experimental endowment of 535 experimental points (exchange rate
of point to EUR 15:1). The endowment was high enough to ensure that participants
could not incur financial losses from participating in the experiment.

During the first phase of each session, participants received detailed information
on their financial incentives to respond accurately in the lottery decisions, and had to
pass a comprehension check to ensure understanding. They then completed six non-
incentivized decisions (three in the gain and three in the loss domain) to familiarize
themselves with this type of decision.
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Our set of lotteries is adapted from Bruhin, Fehr-Duda, and Epper (2010). Specif-
ically, we use the set of lotteries used in the Beijing 2005 experiment. Table 3.C.1
provides an overview of all used MPLs, including the probabilities of the lottery, p1
and p2, as well as the highest and lowest safe payments, x1 and x2. All lotteries are
visible in the screen shots in Appendix 3.F.

Table 3.C.1. Overview of lotteries used in the study

pl x1 X2 pl x1 x2

0.1 20 10 || 0.1 -10 | -20
0.5 20 10 || 0.5 -10 | -20
0.9 20 10 || 0.9 -10 | -20
0.05 | 40 10 || 0.05 | -10 | -40
0.25 | 40 10 || 0.25 | -10 | -40
0.5 40 10 || 0.5 -10 | -40
0.75 | 40 10 || 0.75 | -10 | -40
0.95 | 40 10 || 0.95 | -10 | -40
0.05 | 50 20 ([ 0.05 | -20 | -50
0.25 | 50 20 || 0.25 | -20 | -50
0.5 50 20 || 0.5 -20 | -50
0.75 | 50 20 || 0.75 | -20 | -50
0.95 | 50 20 ([ 0.95 | -20 | -50
0.05 | 150 | 50 (| 0.05 | -50 | -150

3.C.8 Recruitment criteria and behavioral rules

The following individuals were not allowed to participate in the study according to
the invitation email:

* currently pregnant or breastfeeding

* somatic, neurological or psychiatric illnesses

* heavy smoking

* addiction to alcohol or drugs

* adisease or impairment of the heart

* a disease or impairment of the kidneys

* an eating disorder

* ametabolic disorder

* diabetes

* severe underweight or overweight

* weakened immune system on the day of the experiment

» diarrhea on the day of the experiment

 painkillers on the day of the experiment

Furthermore, the invitation email specified the following behavioral rules on the day
of the experiment:
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no consumption of alcoholic beverages in the last 12 hours before the experiment
no sports in the last 12 hours before the experiment

no visit to the dentist in the last 12 hours before the experiment

no meals two hours before the experiment

no teeth brushing one hour before the experiment

no consumption of sugary, carbonated or caffeinated drinks one hour before the
experiment

no smoking one hour before the start of the experiment

3.C.9 Overview questionnaires

3.C.9.1 Participants’ first session

Self-assessed stress, effort, exhaustion, calmness, tension, satisfaction, and tired-
ness (Dohmen, Rohde, and Stolp, 2023)

Altruism (Falk et al., 2018)

Reciprocity (Perugini et al., 2003; Fehr and Schmidt, 2006) according to SOEP
(Dohmen et al., 2008, 2009; Richter et al., 2013)

General and domain specific risk (Dohmen et al., 2011) according to SOEP
(Richter et al., 2013)

Trier Inventory for the Assessment of Chronic Stress (TICS, Schulz and Schlotz,
1999)

Demographics: age, gender, year of high school degree, last mathematics grade
in school, field of study, disposable monthly income (after rent)

Well-being on session day and observation of behavioral rules (sickness today, al-
cohol consumed in last 12 hours, sports today, dentist visit today, teeth brushed
an hour before the session, food intake two hours before the session, consump-
tion of carbonated, sugary, or caffeinated drinks one hour before the session,
smoking one hour before the session, painkiller intake today)

3.C.9.2 Participants’ second session

Self-assessed stress, effort, exhaustion, calmness, tension, satisfaction, and tired-
ness (Dohmen, Rohde, and Stolp, 2023)

15-item Big-Five (Costa and McCrae, 1985) according to SOEP (Gerlitz and
Schupp, 2005)

Experiment-related questions: knowledge about TSST-G, knowledge about mul-
tiple price lists, number of previous experiments at BonnEconLab, acquaintance
with other participants in the session

Health-related questions: size in cm, weight in kg, self-assessed general health
state, regular intake of cortisone medication, previous or current mental condi-
tion, use of hormonal contraception
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* Well-being on session day and observation of behavioral rules (sickness today, al-
cohol consumed in last 12 hours, sports today, dentist visit today, teeth brushed
an hour before the session, food intake two hours before the session, consump-
tion of carbonated, sugary, or caffeinated drinks one hour before the session,
smoking one hour before the session, painkiller intake today)



Appendix 3.D Additional results | 173

Appendix 3.0 Additional results

3.D.1 Does the effectiveness of the Stress treatment differ by session order?

Here, we check whether there are systematic differences in the treatment responses
between participants who were in the Stress condition in their first session and those
who were in this condition in their second session.

To this end, we conduct simple t-tests comparing the increases between base-
line and treatment for heart rate and salivary cortisol. We also compare the aver-
age of self-reported stress post-treatment between the two groups. The so-called
‘responder’ rate, which is the threshold of a minimum of 2.5nmol/1 increase in cor-
tisol between baseline and treatment, is 66.67% for those who received the Stress
treatment in their first session, and 53.42% for those who received it in their sec-
ond session. However, this difference is not statistically significant (two-sided t-test,
p-value= 0.109). For the heart-rate increase, the difference is not statistically signif-
icant either (two-sided t-test, p-value= 0.893), being on average 22.11 beats/min
for Stress in participants’ first session, and 22.48 beats/min on average for Stress in
participants’ second session. Finally, the statistical difference in the post-treatment
self-reported stress is also not significant (two-sided t-test, p-value = 0.632), being
on average 3.74 points for Stress in participants’ first session, and 3.81 points on
average for Stress in participants’ second session.

3.D.2 Alternative clustering of the standard errors

Table 3.D.1. Within-subject comparison in risk-taking (alternative clustering of the standard er-
rors)

Change in Standardized RP

(1) (2) ®3) (4) (5) (6) (7) (8) 9) (10) (11)

(Full) (Gain) (Loss) (Full) (Gain) (Loss) (Full) (Full) (Gain) (Loss) (Full)
Constant 0.001 -0.002 0.003 0.001 -0.002 0.003 0.002 0.001 -0.002 0.003 0.002

(0.005) (0.006) (0.006) (0.004) (0.008) (0.004) (0.004) (0.003) (0.004) (0.005) (0.005)
Observations 3405 1721 1684 3405 1721 1684 142 3405 1721 1684 142
Cluster-Level Individual  Individual Individual  Lottery Lottery Lottery Lottery - - - -
Observation-Level  Decision Decision Decision  Decision Decision Decision Participant Decision Decision Decision Participant
R? 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.000 0.000 0.000 0.001

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable
is the change in the standardized risk premium (RP, see Section 3.2.3), between the Stress and Control con-
dition. The analysis is at the participant-decision level in Columns (1) - (6), (8) - (10), and at the participant-
level in Columns (7) and (11). Columns (1), (4), (7), (8), (11) report estimates for the full sample, Columns (2),
(5), (9) report estimates for the gain domain, and Columns (3), (6), (10) for the loss domain. The values in
parentheses represent standard errors clustered at the individual level (142 clusters for Full and Loss sam-
ple, 141 for Gain sample) for Columns (1) - (3), at the lottery level (28 clusters, 14 clusters for samples by
domain) for Columns (4) - (7), and no clustering for Columns (8) - (11). The statistical significance is reported
onthe*p < 0.1, ** p < 0.05, and *** p < 0.01 level.
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3.D.3 Analysis as a fixed effects regression

Table 3.D.2 replicates the results presented in Table 3.3, i.e., implementing a fixed
effects regression, replicating the within-individual changes analysis. Instead of the
standard fixed-effects XxTREG command in STATA, we use the high-dimensional fixed
effects regression, implemented in the command REGHDFE (Correia, 2014, 2016),
as it allows for clustering standard errors. This specification absorbs individual fixed
effects, and subsumes lottery fixed effects by design. Standard errors are clustered
at the group level. The table is organized in the same way as Table 3.3 in the main
analysis, with Columns (1)-(3) pertaining to the lottery level, and Column (4) to the
individual level.

Table 3.D.2. Within-subject comparison in risk-taking (fixed effects specification)

Standardized RP

(1) (2) (3) (4)

(Full) (Gain) (Loss) (Full)
Stress 0.001 -0.002 0.003 0.002

(0.005) (0.006) (0.006) (0.005)
Constant 0.014**  -0.026"™*  0.054™* 0.011**

(0.002) (0.003) (0.003) (0.002)

Observations 6810 3442 3368 284
Observation-Level Decision Decision Decision Participant
R — within 0.000 0.000 0.000 0.001

Notes: All columns report estimates from individual Fixed Effects (FE) regressions. The dependent variable
is the standardized risk premium (RP, see Section 3.2.3). The analysis is at the participant-decision level in
Columns (1) - (3), and at the participant-level in Column (4). Columns (1) and (4) report estimates for the
full sample, Column (2) reports estimates for the gain domain, and Column (3) for the loss domain. The
values in parentheses represent standard errors clustered at the participants’ group level (23 clusters). All
specifications include participant fixed effects. The statistical significance is reported on the * p < 0.1, **
p < 0.05, and *** p < 0.01 level.



Appendix 3.D Additional results | 175

3.D.4 Order effects

Table 3.D.3. Within-subject comparison in risk-taking by order of the Stress treatment

Change in Standardized RP

(1 ) (3) (4)

(ST-CO) (Co-sT) (ST-CO) (Co-sT)
Constant 0.004 -0.002 0.004 -0.000

(0.007) (0.007) (0.007) (0.007)
Observations 1687 1718 69 73
Observation-Level Decision Decision Participant Participant
Treatment Order Stress-Control  Control-Stress  Stress-Control  Control-Stress
R? 0.000 0.000 0.006 0.000

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable
is the change in the standardized risk premium (RP, see Section 3.2.3), between the Stress and Control con-
dition. The analysis is at the participant-decision level in Columns (1) and (2), and at the participant-level
in Columns (3) and (4). Columns (1) and (3) report estimates for participants who were in the Stress con-
dition first, and Columns (2) and (&) for participants who were in the Control condition first. The values in
parentheses represent standard errors clustered at the participants’ group level (23 clusters). The statistical
significance is reported on the * p < 0.1, ** p < 0.05, and *** p < 0.01 level.

3.D.5 Change in switching row

.25

Density

.05

0 T T S y
-20 -15 -10 -5 -101 5 10 15 20
Change in switching row between Stress and Control

Notes: This figure plots the difference between the switching row in the Stress and Control conditions for
all participants and lotteries. For 54.7% of the 3,405 observed participant-lottery combinations, the row in
which the participant switched preference between the safe payment and lottery in the Stress condition was
at most one row apart from their respective choice in the Control condition.

Figure 3.D.1. Difference between switching row in Stress and Control
3.D.6 Analyses assuming a functional form for risk preferences

3.0.6.1 Main model

We write the equivalence relation between the safe payment and lottery G as:

U(CEg) = UG)w(py) + UGq) (1 —w(py)), (3.D.1)
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where x; , p; , and x;, indicate the high outcome, its probability, and the low outcome.
In order to estimate U(-) and w(-), we follow Bruhin, Fehr-Duda, and Epper (2010)
and Murad, Sefton, and Starmer (2016) and assume a sign-dependent CRRA utility
function,

x“, ifx > 0,

Uk =
—(—0)B, otherwise,

and the linear-in-log-odds probability weighting function proposed by Goldstein and
Einhorn (1987) and Lattimore, Baker, and Witte (1992),

op”

YO = S =y

0=>0,y >0,y <1

The advantage of this specification is that the two parameters have a clear interpre-
tation: the & parameter captures the elevation of the probability weighting function,
while y captures its curvature.

3.D.6.2 Estimation of the above model on our data

Table 3.D.4. Structural estimation of parameters

(1)

alpha 0.93*
(0.10)

delta 0.90™
(0.05)

gamma 0.47
(0.01)

beta 1.05"
(0.11)

Observations 6,810

Notes: Least-squares estimation of parameters based on 6,810 observations by 142 individuals, using
choices made in the Stress and in the Control condition. Starting values follow Bruhin, Fehr-Duda, and Epper
(2010) for the pooled EUT parameters in the gain domain: a = 0.981, 6 = 0.911, y = 0.943, and for losses
B = 1.015. We assume that parameters are homogeneous across participants, and that 6 and y do not differ
across domains. y is constrained to lie in (0, 1), while a, B, and & are restricted to positive values. The statis-
tical significance is reported on the * p < 0.1, ** p < 0.05, and *** p < 0.01 level.

We use the estimated parameters reported in Table 3.D.4 to compute the predicted
certainty equivalent for each decision in the data, treating the estimates as the true
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underlying structural parameters. For each lottery, this yields a model-implied cer-
tainty equivalent that represents the choice participants would make if they behaved
exactly according to Equation (3.D.1).

We then compare these predicted certainty equivalents to participants’ actual
choices. For each observation, we compute the deviation from the predicted value
and square this deviation for comparability across positive and negative residuals.
The mean squared deviation is 28.9 (SD 141) in the Control condition and 29.1 (SD
164) in the Stress condition, a difference that is not statistically significant. Within
domains, the pattern is similar. In the loss domain, the squared deviation is 32.2 in
the Control and 30.2 in the Stress condition; in the gain domain, it is 25.7 in the
Control and 28.0 in the Stress condition. None of these differences are statistically
significant.

3.D.6.3 Estimation of the above model on our data, separately by Stress and Control

We also estimate the structural model separately using only data from the Stress and
only from the Control condition. Estimated parameters change little, and the result-
ing model fit improves only minimally. Using condition-specific parameters yields
average squared deviations of 28.9 (SD 140) in the Control and 29.1 (SD 166) in
the Stress condition.

Table 3.D.5. Structural estimation of parameters, separately by condition

(1) Control  (2) Stress

alpha 0.89"** 0.97*
(0.14) (0.14)
delta 0.93"* 0.86™
(0.07) (0.07)
gamma 0.47" 0.47"
(0.01) (0.01)
beta 1.09" 1.02
(0.15) (0.15)
Observations 3,405 3,405

Notes: Least-squares estimation based on the subsamples of choices made in the Control (Column 1) and
Stress (Column 2) condition. Starting values follow Bruhin, Fehr-Duda, and Epper (2010). Parameter restric-
tions are identical to Table 3.D.4. The statistical significance is reported on the * p < 0.1, ** p < 0.05, and ***
p < 0.01 level.

3.D.6.4 Estimation of deviations based on Bruhin, Fehr-Duda, and Epper (2010)
estimated parameters

As an alternative exercise, we follow the approach of Bruhin, Fehr-Duda, and Ep-
per (2010) and classify individuals according to whether their observed certainty
equivalents are better explained by an Expected Utility (EUT) model or by Cumu-
lative Prospect Theory (CPT). For this purpose, we treat the pooled structural pa-



178 | 3 Does Stress Impact Risk-Taking?

rameters reported in Bruhin, Fehr-Duda, and Epper (2010) as fixed type-specific
preference parameters. For EUT types, we use the pooled gain-domain parameters
agEUT =0.981, )/§UT =0.943, 58UT = 0.911 and the loss-domain parameters /31EUT =
1.015, y/%" = 0.950, 5;V" = 1.072. For CPT types, we use the pooled gain param-
eters ang =0.941, yng =0.377, SgCPT =0.926 and loss parameters 3" = 1.139,
yPT =0.397, 6P =0.991. As in the original study, curvature and probability-
weighting parameters are allowed to differ by domain, and given a type, parameters
are assumed to be homogeneous across individuals.

For each participant, we compute the model-implied certainty equivalent for ev-
ery lottery using both the EUT parameter vector and the CPT parameter vector, and
we classify individuals according to which model yields the lower sum of squared
deviations from their actual choices. Using this classification rule, 88 participants
are classified as CPT types and 54 as EUT types, which is consistent with the strong
curvature in probability weighting estimated in our own structural model above.

Using each participant’s assigned type, we compute model-predicted certainty
equivalents and compare them to their actual choices. The resulting mean squared
deviation is similar across treatments, with 25.2 (SD 121.3) in the Control and 25.7
(SD 141.0) in the Stress condition.

Finally, we repeat this exercise separately for data from the Control and Stress
conditions. Using only the Control-condition choices, 85 individuals are classified as
CPT and 57 as EUT, with a resulting mean squared deviation of 23.9 (SD 120.4).
Using only the Stress condition data, 83 individuals are classified as CPT and 59
as EUT, with a mean squared deviation of 24.6 (SD 140.4). These results suggest
a modest but only minor improvement in fit when type classification is performed

separately by condition.

3.D.7 Chronic stress and acute stress interaction

Next, we examine whether participants’ chronic stress levels moderate the observed
relationship between acute stress and risk-taking behavior. Previous research has
shown that chronic stress, defined as stress sustained over extended periods, influ-
ences how individuals respond to acute stressors (Chida and Hamer, 2008).57 Hence,
we a priori expect that chronic stress may influence how acute stress affects risky
choice.58

57. Ockenfels et al. (1995) find no correlation between chronic stress and an individual’s reaction
to an acute stressor, whereas Matthews, Gump, and Owens (2001) and Kudielka et al. (2006) find that
individuals with higher chronic stress levels tend to show attenuated physiological responses to acute
stressors.

58. To our knowledge, no prior study has directly examined whether chronic stress moderates
the effect of acute stress on risk-taking. Some studies have analyzed the direct effect of chronic stress
on risk-taking, with mixed results (e.g., Kandasamy et al., 2014; Ceccato, Kudielka, and Schwieren,
2016).
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We collected two validated markers of chronic stress: (i) hair cortisol concentra-
tion (HCC), a biological indicator of cumulative cortisol exposure over recent months
(Stalder and Kirschbaum, 2012), and (ii) the Trier Inventory of Chronic Stress (TICS)
questionnaire (Schulz and Schlotz, 1999).

A total of 71 participants provided hair samples. Applying our preregistration ex-
clusion criteria and using our main analysis sample, we retained 60 participants for
analysis. Following standard practice, we log-transform HCC values to mitigate the
influence of outliers (Dettenborn et al., 2012). The average log-transformed HCC is
1.76 (SD = 0.72; min = 0.06; max = 3.67) in the first segment, and 1.67 (SD =
0.85; min = -.60; max = 3.41) in the second segment. These values are compara-
ble to previous studies (Staufenbiel et al., 2013) and fall within a range typically
observed in healthy populations, indicating that our sample does not include indi-
viduals with clinically elevated chronic stress.

The TICS questionnaire is available for all 142 participants. It has 39 items rated
on a five-point agreement scale and comprises the following sub-scales: ‘work over-
load’ (8 items), ‘worries’ (6 items), ‘social strain’ (6 items), ‘lack of social recogni-
tion’ (8 items), ‘work discontent’ (5 items), and ‘intrusive memories’ (6 items). We
reverse-code items for which agreement indicates the absence of chronic stress so
that higher values uniformly reflect greater chronic stress across all items. We com-
pute indices for all six sub-scales: ‘work overload’ (mean = 2.95, SD = 0.79; min =
1.5; max = 4.75), ‘worries’ (mean = 2.91, SD = 0.83; min = 1.17; max = 4.83),
‘social strain’ (mean = 2.20, SD = 0.59; min = 1; max = 4.33), ‘lack of social recog-
nition’ (mean = 1.56, SD = 0.49; min = 0.5; max = 3.5), ‘work discontent’ (mean
= 2.33, SD = 0.76; min = 0.8; max = 4.4), and ‘intrusive memories’ (mean = 2.73,
SD = 0.88; min = 1; max = 5). We also compute a summary index by averaging
responses across all 39 items (mean = 2.43, SD = 0.53; min = 1.18; max = 3.82).

First, we assess the relationship between chronic stress and acute stress re-
sponses by regressing the increase in cortisol between the first sample after onset
of the treatment phase (Sample 3) and baseline (Sample 2) (compare Appendix
3.C.2.2), on each of our chronic stress markers. Table 3.D.6 presents the results. We
find no significant correlations between participants’ salivary cortisol responses to
treatment and any of our chronic stress markers. This suggests that in our sample,
there is no evidence for chronic stress predicting acute cortisol responses.
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Table 3.D.6. Correlation between acute and chronic stress

Increase in Salivary Cortisol

(1) (2) (3) (4) (5) (6) (7) (8) (9)
(Hair) (Hair) (Full) (Full) (Full) (Full) (Full) (Full) (Full)

log(HCC1) -0.508
(1.063)
log(HCC2) -0.708
(0.828)
Total TICS -0.947
(1.066)
Work Overload -0.642
(0.847)
Worries -0.167
(0.670)
Social Strain -2.003
(1.203)
Lack of Soc./ Recognition 0.238
(1.299)
Work Discontent 0.433
(0.739)
Intrusive Memories -0.826
(0.615)
Constant 6.743™  7.030"™ 7.968™ 7.560™  6.150™" 10.063"" 5.293"™  4.654™  7.924™
(1.905) (1.579) (2.563) (2.547) (1.868) (2.914) (1.848) (1.657) (1.754)
Observations 60 60 142 142 142 142 142 142 142
R? 0.003 0.009 0.006 0.007 0.000 0.036 0.000 0.003 0.013

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable is
the difference between salivary cortisol (in nmol/l) in the first sample after onset of the treatment, Sample
3, and the baseline sample, Sample 2 (compare Appendix 3.C.2.2). Columns (1) and (2) include only data
from participants who provided a hair sample, while Columns (3) - (9) include the full sample. The values in
parentheses represent standard errors clustered at the participants’ group level (23 clusters). The statistical
significance is reported on the * p < 0.1, ** p < 0.05, and *** p < 0.01 level.

We preregistered a robustness check, in which we account for participants’
chronic stress by interacting the Stress condition with a chronic stress measure, HCC;,
TICS;, or the respective TICS sub-scales. Note that in our setup, the coefficient esti-
mate of the chronic stress measure is equivalent to the coefficient of an interaction
term in a classical moderation analysis. Table 3.D.7 presents the corresponding re-
sults. Note that we focus on the first hair segment (i.e., HCC1) due to its high corre-
lation with HCC2 (rho = 0.914).

With the exception of the ‘social strain’ sub-scale (Column (5)), all results are
in line with our main results, which cannot reject that there is no effect of stress on
risk-taking. Results in Column (5) suggest some heterogeneity in treatment effects
depending on self-reported experience of social strain within the past year. After cor-
recting the coefficients relating to the six TICS sub-scales for multiple hypothesis
testing (the respective p-values are provided in Table 3.D.7), we find an effect signif-
icant at the 10% level. We are cautious about giving this result too much weight, as
our overall evidence overwhelmingly supports a nil effect.
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Table 3.D.7. Within-subject change in standardized RP and chronic stress

Change in Standardized RP

(1) () ®3) (4) (5) (6) ™) (8)

(Hair) (Hair) (Full) (Full) (Full) (Full) (Full) (Full)
Constant 0.025 -0.023 -0.006 -0.011 -0.035" -0.011 -0.004 -0.013
(0.028) (0.022) (0.019) (0.017) (0.017) (0.016) (0.016) (0.012)
log(HCC1) -0.011
(0.014)
Total TICS 0.010
(0.009)
Work Overload 0.002
(0.006)
[0.643]
Worries 0.004
(0.006)
[0.848]
Social Strain 0.016™
(0.008)
[0.079]
Lack of Soc./ Recognition 0.008
(0.010)
[0.988]
Work Discontent 0.002
(0.007)
[0.919]
Intrusive Memories 0.005
(0.004)
[0.898]
Observations 1423 3405 3405 3405 3405 3405 3405 3405
Observation-Level Decision Decision Decision Decision Decision Decision Decision Decision
R? 0.002 0.001 0.000 0.000 0.003 0.000 0.000 0.001

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable
is the change in the standardized risk premium (RP, see Section 3.2.3), between the Stress and Control
condition. The values in round parentheses represent standard errors clustered at the participants’ group
level (23 clusters). The values in square parentheses represent Romano-Wolf p-values adjusted for multi-
ple hypothesis testing. Columns (1) and (2) include only data from participants who provided a hair sample,
while Columns (3) - (9) include the full sample. The statistical significance levels (* p < 0.1, ** p < 0.05, ***
p < 0.01) are based on the clustered, non-adjusted standard errors.

3.D.8 Analysis of decision timeouts

Here, we analyze the extent to which the timeout of decisions affects our results.
First, we check whether decisions are more likely to time out under certain condi-
tions. Second, we present our main analyses limited to individuals who did not have
any timed-out decisions.

In Table 3.D.8, we present the probit estimates from regressing whether a deci-
sion was timed out on a lottery’s skewness (dummy for respective skewness vs. all
the other categories), stake sizes (dummy for respective stake size vs. all the other
categories), an indicator for first decision in session, participants’ session (dummy
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for whether it is a participant’s first session), female (dummy), and a dummy for the
Stress condition.

According to this table, we see that ‘easier’ MPLs (skewness 50:50) and low
stakes (10 vs. 20) decrease the probability of a timeout, likely because they are eas-
ier to process for individuals. Accordingly, we find that high-stakes lotteries (50 vs.
150) increase the probability of a timeout. Furthermore, lotteries in the beginning,
be it the first decision or participants’ first session, are more likely to time out. Also,
female participants are less likely to have a timed-out decision. However, most impor-
tantly, being in the Stress condition does not increase the probability of a timeout.

Table 3.D.8. Probability of a timeout

Probability of a Timeout

(1) ) (3) (4) (5) (6)

Skewness 5/95 0.164*
(0.065)
Skewness 10/90 0.106
(0.081)
Skewness 25/75 0217
(0.067)
Stakes 10/40 0.042
(0.064)
Stakes 20/50 0.114*
(0.063)
Stakes 50/150 0.234™
(0.092)
First Decision 0.392
(0.1200)
First Session 0.606™*
(0.050)
Female -0.301™
(0.046)
Stress -0.062
(0.045)
Constant -1.700*  -1.635"" -1.577"" -1.932" -1.432" -1.529"

(0.053) (0.051) (0.023) (0.041) (0.029) (0.031)

Observations 7952 7952 7952 7952 7952 7952
Observation-Level Decision Decision Decision Decision Decision Decision
Pseudo — R? 0.003 0.002 0.004 0.045 0.012 0.001

Notes: All columns report estimates from probit regressions. The dependent variable is a dummy variable
that takes the value of one if a decision timed out. The values in parentheses represent standard errors. The
omitted category in Column (1) is an indicator for a lottery with a skewness 50/50. The omitted category in
Column (2) is an indicator for a lottery with stakes of 10/20. The statistical significance is reported on the *
p < 0.1, ** p < 0.05,and *** p < 0.01 level.
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Subsequently, we limit our analysis to participants who did not have a timeout
in any of the 56 choices, which applies to 42 participants. The results are in Table
3.D.9. We find that our main results are qualitatively confirmed.

Table 3.D.9. Main analyses limited to individuals who have submitted all 56 choices

Change in Standardized RP

(1) (2) (3) (4)
(Full) (Gain) (Loss) (Full)

Constant 0.010 0.000 0.020" 0.010
(0.010) (0.013) (0.012) (0.010)

Observations 1176 588 588 42
Observation-Level Decision Decision Decision Participant
R? 0.003 0.000 0.013 0.037

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable
is the change in the standardized risk premium (RP, see Section 3.2.3), between the Stress and Control con-
dition. Column (1) reports estimates for the full sample, Column (2) reports estimates for the gain domain,
and Column (3) for the loss domain. The values in parentheses represent standard errors clustered at the
participants’ group level (23 clusters). The statistical significance is reported on the * p < 0.1, ** p < 0.05,
and *** p < 0.01 level.

3.D.9 Further preregistred analyses

In this Section, we provide the results from further preregistered analyses. An
overview of our deviations from the preregistration is provided in Appendix 3.E.

3.D.9.1 Further preregistered tests of the between-subject analysis

First, we preregistered a t-test and a Wilcoxon-Mann-Whitney test to compare the
risk-taking behavior between participants who were first assigned to the Stress con-
dition and participants who were first assigned to the Control condition. According
to a two-sided t-test, there is a statistically significant difference between the means
(two-sided t-test, p-value < 0.001); however, it is marginally not significant accord-
ing to a Wilcoxon-Mann-Whitney test (p-value = 0.006). These results are broadly
in line with our between-subject analysis (see Section 3.3.2.4).

3.D.9.2 Inclusion of individuals who violated the behavioral rules or self-reported
cortisol-effective health conditions

For our main analysis, we exclude individuals who either self-report a violation of
behavioral rules or health conditions, denoted by the dummy VBH;, that may compro-
mise cortisol measures. We preregistered a robustness check, in which we keep these
individuals by interacting the Stress condition with VBH;. Note that in our setup, the
coefficient estimate of the VBH; dummy is equivalent to the coefficient of an interac-
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tion term in a classical moderation analysis. Table 3.D.10 presents the corresponding
results. This analysis comprises data from 155 individuals and 3,674 choice pairs.

Table 3.D.10. Within-subject change in standardized RP (including VBH)

Change in Standardized RP

(1) () 3) (4)

(Full) (Gain) (Loss) (Full)
Constant 0.001 -0.002 0.003 0.002
(0.005) (0.006) (0.006) (0.005)
VBH -0.013 -0.032 0.001 -0.009
(0.024) (0.032) (0.022) (0.025)
Observations 3674 1843 1831 155
Observation-Level Decision Decision Decision Participant
R? 0.000 0.002 0.000 0.002

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable
is the change in the standardized risk premium (RP, see Section 3.2.3), between the Stress and Control con-
dition. The analysis is at the participant-decision level in Columns (1) - (3), and at the participant-level in
Column (4). Columns (1) and (4) report estimates for the full sample, Column (2) reports estimates for the
gain domain, and Column (3) for the loss domain. The values in parentheses represent standard errors clus-
tered at the participants’ group level (23 clusters). The statistical significance is reported on the * p < 0.1, **
p < 0.05, and *** p < 0.01 level.

3.D.9.3 Inclusion of stochastically dominated decisions

We preregistered a robustness check incorporating stochastically dominated choices.
If we assume that some of the difference between risk-taking behavior under Stress
and Control is driven by a different rate of error taking, keeping stochastically dom-
inated decisions is reasonable. In this case, we have 3,554 choice pairs.>°

Table 3.D.11 presents the same analysis as in Table 3.3, i.e., according to Equa-
tion (3.1) but on a sample including stochastically dominated choices.

59. In comparison to the main sample (compare Table 3.1), the 3,554 observations are comprised
as follows: 7,952 potential lottery choices (7,952=142 participantsx28 lotteries xtwo sessions) minus
473 timed out decisions, minus 371 choices, for which we do not have a corresponding choice in the
other condition (because of it being excluded due to a timeout).
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Table 3.D.11. Within-subject change in standardized RP (incl. dominated decisions)

Change in Standardized RP

(1) (2) (3) (4)
(Full) (Gain) (Loss) (Full)
Constant 0.001 -0.006 0.009 0.001
(0.005) (0.006) (0.006) (0.005)
Observations 3554 1806 1748 142
Observation-Level Decision Decision Decision Participant
R? 0.000 0.001 0.002 0.000

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable
is the change in the standardized risk premium (RP, see Section 3.2.3), between the Stress and Control con-
dition. The analysis is at the participant-decision level in Columns (1) - (3), and at the participant-level in
Column (4). Columns (1) and (&) report estimates for the full sample, Column (2) reports estimates for the
gain domain, and Column (3) for the loss domain. The values in parentheses represent standard errors clus-
tered at the participants’ group level (23 clusters). The statistical significance is reported on the * p < 0.1, **
p < 0.05, and *** p < 0.01 level.

3.D.9.4 Decision order effects

We preregistered to control our main specifications for order effects. Including order
effects assumes that decision behavior differs between the first and last MPLs shown.
Hence, not all variation in decision behavior would be captured by lottery fixed ef-
fects. We, therefore, present a version of Table 3.5 including a factor variable for the
decision order from 1 to 28.

Table 3.D.12. Between-subject comparison in risk-taking (participants’ first session)

Standardized RP

(1 @) (3) (4) (5) (6)

(Full) (Full) (Full) (Full) (Gain) (Loss)
Stress -0.029"  -0.029* -0.028" -0.031" -0.038"" -0.024
(0.013) (0.013) (0.012) (0.013) (0.013) (0.017)
Female 0.014 0.017 0.007 0.027
(0.012) (0.013) (0.013) (0.016)
Age 0.000 0.000 -0.001 0.002
(0.002) (0.001) (0.001) (0.002)
Constant 0.030™* 0.012 0.003 -0.150"*  -0.090"  -0.160""
(0.007)  (0.024)  (0.040)  (0.037)  (0.041)  (0.057)
Lottery FE X X X
Dec. Number FE X X X X X
Observations 3405 3405 3405 3405 1721 1684
R? 0.004 0.011 0.012 0.452 0.450 0.434

Notes: All columns report estimates from ordinary least squares (OLS) regressions. The dependent variable is
the standardized risk premium (RP, see Section 3.2.3). Columns (1) - (4) report estimates for the full sample,
Column (5) reports estimates for the gain domain, and Column (6) for the loss domain. The specifications in
Columns (2) - (6) control for a female dummy and participants’ age, Columns (2) - (6) include decision order
effects, and Columns (3) - (6) additionally include lottery fixed effects. The values in parentheses represent
standard errors clustered at the participants’ group level (23 clusters). The statistical significance is reported
onthe*p < 0.1, * p < 0.05, and *** p < 0.01 level.
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3.0.9.5 Instrumental variable approach

Strictly speaking, in our main analysis, we estimate an intention-to-treat (ITT) effect
since not all participants exposed to the Stress condition are actually physiologically
stressed.

We, therefore, check the robustness of our main result by estimating a causal
average treatment effect (ATT), (compare, e.g., Cahlikovd and Cingl, 2017). To this
end, we run a two-stage instrumental variable regression, where we instrument phys-
iological stress with experience of the Stress condition. As the measure of physiologi-
cal stress, we use participants’ increase in cortisol between the first sample after on-
set of the treatment phase (Sample 3) and baseline (Sample 2) (compare Appendix
3.C.2.2). Table 3.D.13 presents the results of the second stage regression, where we
regress the risk premium on the instrumented physiological stress. For the first stage,
we use the same regression for all specifications, regressing the salivary cortisol in-
crease measured for a given participant in a given session on whether the session
was in the Stress condition.

Table 3.D.13. Within-subject comparison in risk-taking (1V)

Standardized RP

) ) @) (4)

(Full) (Gain) (Loss) (Full)
Increase in Salivary Cortisol 0.000 -0.000 0.001 0.000

(0.001) (0.001) (0.001) (0.001)
Constant 0.130™  -0.006™  0.265™" 0.129"

(0.001) (0.001) (0.001) (0.002)

Observations 6810 3442 3368 284
Observation-Level Decision Decision Decision Participant
R? 0.116 0.171 0.149 0.902
Stress (first stage) 6.353"

(0.541)

Notes: All columns report the second-stage estimates from two-stage least squares (2SLS) regressions. The
dependent variable is the standardized risk premium (RP, see Section 3.2.3). The analysis is at the participant-
decision level in Columns (1) - (3), and at the participant-level in Column (4). Columns (1) and (4) report
estimates for the full sample, Column (2) reports estimates for the gain domain, and Column (3) for the loss
domain. The first stage is common across all four specifications and regresses the individual increase in
cortisol between the first sample after onset of the treatment phase (Sample 3) and baseline (Sample 2)
on the Stress condition dummy and individual fixed effects (N=284). The values in parentheses represent
standard errors. The statistical significance is reported on the * p < 0.1, ** p < 0.05, and *** p < 0.01 level.
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Appendix 3.E Research transparency

This study was preregistered on AsPredicted.org under #100204, https://
aspredicted.org/t3pv74.pdf. The preregistration includes the main hypotheses, the
experimental conditions, measurement of the key dependent variables, the planned
sample size, the main analyses, and the supporting analyses. In the following, we
document where we deviate from the preregistration.

e Sample Size

— We had preregistered a target of 150 participants, whom we planned to
group in 20 experimental groups attending two sessions each (i.e., 40 ses-
sions in total). Due to lower turnout than expected (i.e., fewer than 8 partic-
ipants per session), we recruited and conducted sessions with an additional
three groups, i.e., 23 groups and 46 total sessions. The sample size of 142
participants (in the main sample) differs slightly from the preregistered sam-
ple size due to the preregistered exclusion criteria, which were only applied
after the data collection.

* Analysis

— We had preregistered that we would control for gender and age in all anal-
yses. In analyses, which refer to within-individual changes (e.g., Table 3.3),
all individual-level characteristics are by design controlled for, and the addi-
tional inclusion of gender and age controls is not possible and nonsensical.
Our fixed effects analysis in Appendix 3.D.3 includes individual fixed effects,
which also makes the inclusion of gender and age controls nonsensical.

— We preregistered our main analysis to rest on RP = (EV — CE)/|EV| as the
main dependent variable and to use an individual x lottery fixed effects re-
gression for analysis. We resort to ARP;;, which is the difference between the
RP; in Stress and Control, as our main dependent variable. Furthermore, we
regress our main dependent variable on a constant. We use this approach for
ease of exposition, but it yields the same coefficient estimates as the preregis-
tered approach (compare Section 3.3.2.2 and the results of the fixed effects
analysis in Appendix 3.D.3).

— We did not preregister any clustering of the standard errors, but we clustered
them in our main analysis. However, we provide non-clustered standard er-
rors in Appendix 3.D.2.

— In Appendix 3.D, we provide a range of results that were not preregistered,
for instance, in Appendix 3.D.5. These additional results aim to provide fur-
ther insight into the data.

— We preregistered several secondary analyses (last paragraph in the prereg-
istration) in addition to those presented in the Appendix, including further
controls and heterogeneity tests. Given that we preregistered these analyses


https://aspredicted.org/t3pv74.pdf
https://aspredicted.org/t3pv74.pdf
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as secondary and they do not provide meaningful insights into our results,
we do not include them for expositional reasons. These results are available
from the authors upon request.
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Appendix 3.F Screenshots of the experiment

The experiment was conducted in German and later translated into English. The
screenshots of the experiment as well as the translations can be found in the digital
appendix on the bonndoc publication server:
https://nbn-resolving.org/urn:nbn:de:hbz:5-91417

Note that the screenshots label screens shown to participants in their first session
as ‘Week 1’, since this was, for participants, the session they attended in the first
week of their experiment experience. Conversely, those shown to participants in their
second session are referred to as ‘Week 2’, since this was, for them, the second week
of their experiment experience. The ‘Week 1’ and ‘Week 2’ labels do not refer to the
calendar weeks in which sessions took place, i.e., we often hosted several ‘Week 1’
and ‘Week 2’ sessions within the same calendar week, and the period over which
experimental sessions took place was longer than two weeks.


https://nbn-resolving.org/urn:nbn:de:hbz:5-91417
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