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Abstract

We study same-sex role model effects of teachers with a meta-
analysis and our own study of three million students in 90
countries. Both approaches show that role model effects on
performance are, on average, small: 0.030 SD in the meta-analysis
and 0.015 SD in our multi-country study. Our multi-country study
documents larger average role model effects on job preferences
(0.063 SD), which are concentrated in rich and gender-equal
countries. We also estimate the distribution of role model effects
for different education levels and student outcomes and find that
role model effects in secondary education are positive in almost all
countries.
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1. Introduction

Role models could serve as a powerful policy tool to reduce inequality in education. For
example, exposure to more female STEM teachers is commonly thought to increase women’s
STEM performance. Similarly, exposure to more male primary school teachers promises to
stop boys’ underperformance. While the idea of same-sex teachers boosting performance has
inspired calls for policy interventions,! it is not clear whether role models deliver what they
promise. Recently published studies have shown same-sex role model effects on student
performance that are positive (Gong, Lu, and Song 2018), insignificant (Andersen and Reimer
2019), and even negative (Antecol, Eren and Ozbekik 2015). No systematic evidence exists on
the direction or magnitude of same-sex role model effects on student performance.

In the first part of our paper, we fill this gap with a meta-analysis. We identify 538
estimates from 24 studies and find an average same-sex role model effect of 0.030 standard
deviations (SD) for grades and test scores in primary and secondary education. Although our
meta-analysis provides a useful summary of the literature, it has two important shortcomings.
First, the sign of the estimated average role model effect is sensitive to how we correct for
publication bias, with some correction methods showing small positive effects and others
showing small negative effects. Second, we cannot convincingly investigate heterogeneity in
role model effects because of differences in methodology across studies. No two studies use
the same empirical strategy, econometric specification, or sample selection criteria. Recent
studies have shown that such seemingly innocuous decisions can have large effects on
estimates (e.g., Huntington-Klein et al. 2021; Breznau et al. 2022). It is therefore difficult to
judge to what extent differences in role model effect estimates reflect differences in empirical

approaches or true heterogeneity.

! For example, UNICEF identified the lack of female role models as a key contributor to girls’ underperformance
in STEM subjects (UNICEF 2020). The OECD and World Bank have both called for policies to attract more
female STEM teachers to increase female representation in STEM studies and jobs (OECD 2012; World Bank
2020).



Knowing the degree of heterogeneity of the true role model effects is important. With
a small average effect, a large standard deviation of the true effect implies that role model
effects are large and positive in some settings as well as large and negative in other settings.
However, it may be that we substantially overestimate the standard deviation and role model
effects are actually small and positive in most settings. To go beyond the mean and better
understand the heterogeneity of role model effects, we need an approach that allows us to
explicitly hold the methodology constant.

In the second part of our paper, we estimate role model effects with a multi-country
study that applies a consistent methodology to data from 90 countries. Our multi-country
approach has two key advantages. First, it uses a much larger sample size—over 90 times the
sample size of the median study in our meta-analysis—which makes it possible to detect
smaller average effects. This feature is particularly important when plausible effect sizes are
small. Second, it allows us to investigate how stable results are across countries and the
explanations for any differences between countries. Compared to a meta-analysis, we can
conduct this investigation without having to worry about differences in methods and
publication bias.

To estimate role model effects, we build a large-scale multi-country dataset. We
combine science and math test scores for 4" and 8" grade students from the Trends in
International Mathematics and Science Study (TIMSS) with literacy test scores of 4" grade
students from the Progress in International Reading Literacy Study (PIRLS). Our resulting
dataset contains 3,047,752 children taught by 231,942 teachers in 105,916 primary and
secondary schools across six continents.

Two key features make this combined dataset particularly useful to study role model
effects. First, test scores in this data are designed to be comparable between countries. This

feature allows us to make cross-country comparisons of role model effects. Second, both



datasets contain measures of students’ subject enjoyment and subject confidence, and TIMSS
also has data on job preferences. These outcome variables allow us to obtain evidence on role
model effects that go beyond students’ test-scores.

To identify the causal effects of same-sex role models, we estimate a complementary
set of fixed effects models that differ in their source of identifying variation and their key
identifying assumptions. We start with a country fixed effects model, which serves as our
baseline estimate with minimal controls. Beyond this base specification, we estimate role
model effects with four additional sets of fixed effects: (1) school fixed effects, (2) classroom
fixed effects, (3) student fixed effects, and (4) student and teacher fixed effects. The gradual
inclusion of more-restrictive fixed effects makes concerns about omitted variables increasingly
implausible. In our most restrictive specification, we exploit that the same student has a female
math teacher but a male science teacher (or vice versa) while additionally holding unobserved
teacher characteristics constant. All our fixed effects specifications deliver virtually identical
results. From the least to the most conservative specification, the point estimates hardly change
while the R? increases from 0.38 to 0.96. The consistency of our estimates together with the
stark increase in R? show that omitted variables bias is unlikely to drive our results.?

The results of our multi-country study show very small average same-sex role model
effects on test scores of 0.015 SD. Across all specifications, the 99% confidence intervals allow
us to rule out effects smaller than 0.009 and larger than 0.022 SD. However, teachers’ influence
on students might go beyond test scores (Jackson 2018). Teachers may inspire students to
follow in their footsteps and to make similar educational or occupational choices (Carrell, Page,
and West 2010; Card et al. 2022). We therefore estimate role model effects for three non-test

score outcomes. Here we observe larger effects. We see role model effects of, on average,

2 When restricting our sample to countries with institutional random assignment of students to classrooms, we
find very similar results for all our outcomes of interest. These results are further evidence that omitted variables
bias does not threaten the validity of our identification strategy.



0.064 SD on students’ preferences for working in a job that involves math or science. We also
find role model effects of similar magnitude on subject enjoyment (0.089 SD) and subject
confidence (0.050 SD).

To go beyond these average effects, we leverage meta-analysis methods to estimate the
distribution of role model effects at the country level. We quantify the share of countries with
positive role model effects on test scores and non-test scores outcomes in primary and
secondary education. In primary education, role model effects vary substantially, and we find
positive effects in between 46 and 94 percent of countries, depending on the outcome
considered. By contrast, in secondary education we find role model effects to be near
universally positive. For all outcomes, our results suggest that role model effects are positive
in more than 95 percent of the countries.

In the final empirical part of the paper, we focus on one policy-relevant outcome that
varies markedly between countries: job preferences. We show that role model effects on job
preferences are more pronounced in rich and gender-equal countries. These also happen to be
the countries where women are particularly underrepresented in STEM fields (see Breda et al.
(2000) and Stoet and Geary (2018) on the “gender equality paradox’). Our results suggest that
hiring more female teachers may be an especially useful policy tool to increase women’s
representation in STEM in the United States, Canada, and Europe.

This paper makes two key contributions. First, our meta-analysis provides a convenient
way to see the current state of the role-model effects literature. This is particularly important
for a literature about an effect that has inspired many calls for policies. Without this summary,
researchers and policy makers risk being swayed by individual studies that happen to find a
large effect. Our meta-analysis provides convincing evidence that role model effects are, on
average, small. Second, our multi-country study provides new rigorous evidence on role model

effects using data from 90 countries, including 55 countries in which these effects have not yet



been studied. This rich dataset allows us to study role model effects that go beyond test scores,
estimate the distribution of role model effects, and shed light on how role model effects differ
between countries. Taken together, our paper provides the most exhaustive evidence on same
sex role model effects in education to date.

We follow in the footsteps of several recent papers that combine data from multiple
settings and estimate credible causal effects. For example, DellaVigna and Linos (2022)
investigate the effectiveness of 126 nudge interventions run by two large Nudge Units in the
United States covering 12 million people. They compare these estimates to 74 estimates from
a meta-analysis on similar effects published in the academic literature. All included effect sizes
in their own study and meta-analysis come from randomized controlled trials (RCTs), ruling
out many endogeneity concerns that often consume economists’ attention. Yet, effect sizes
published in the academic literature are four times as large as those in the field (8.4 versus 1.4
percentage points). The authors show that most of this gap can be explained by publication bias
exacerbated by low statistical power. In another study, which uses data similar to ours,
WoBmann and West (2005) study the impact of class size on test scores in 11 countries. The
authors rule out meaningful class-size effects in nine out of 11 countries and provide suggestive
evidence that benefits of class-size reductions are negatively correlated with countries’ teacher
salaries. Altmejd et al. (2021) study sibling spillovers on field-of-study choices in four
countries and show that results are remarkably consistent across very different settings. Kleven
et al. (2019) study how the arrival of a child affects earnings in six countries and provide
evidence on the country-level determinants of the child penalty. We see this multi-setting
approach as the natural progression of the credibility revolution in economics. Estimating
causal effects in multiple settings helps us to learn whether and why effects differ by context.

In the remainder of this paper, we investigate the importance of same-sex role models

in education. In the next section, we define same-sex role model effects and summarize the



literature on these effects using a meta-analysis. In Section 3, we briefly discuss the benefits of
analyzing one research question with data from multiple settings. We describe the data for our
own analysis in Section 4 and our empirical strategy in Section 5. Section 6 presents our results.
Besides estimating average role model effects, we also estimate the distribution of role model
effects and explore which factors predict differences in effects between countries. Finally, we

conclude in Section 7.

2. A Meta-Analysis on Role Model Effects
2.1 What are role model effects?
We follow the existing literature and define the same-sex role model effect as the premium of
having a same-sex teacher—on top of the general effect of having a female or male teacher
(Hoffmann and Oreopoulos 2009; Muralidharan and Sheth 2016; Lim and Meer 2017; Eble
and Hu 2020). Such role model effects are typically estimated with variations of the following
regression model:
Outcome = [, + pFemale Student + f,Female Teacher +
psFemale Student X Female Teacher + u. (1)

In this model, 3 captures the role model effect. A positive role model effect could be
driven by female students benefitting more from female teachers than male students, male
students benefitting more from male teachers than female students, or both. This effect is
distinct from sex differentials in teacher effectiveness. For example, there would be no role
model effect if girls and boys benefit equally from having a female teacher. However, there
would be positive role model effects if girls benefit more than boys from having a female
teacher.

Although we follow the literature and call 5 a role model effect, note that this effect

could be driven by the behavior of teachers, students, or both. For example, we could observe



role model effects because teachers use teaching styles that students of their own sex can more
easily relate to. However, we could also observe role model effects because students behave
differently with teachers of their own sex.

Several studies have estimated role model effects on career choices and performance in
tertiary education. For example, Carrell, Page, and West (2010) show positive role model
effects on the probability of taking math and science classes and the probability of graduating
with a STEM degree. Mansour et al. (2022) follow up on these students and show positive role
model effects on the probability of obtaining a STEM master’s degree and working in a STEM
occupation. Porter and Serra (2020) show that exposure to female economists increases female
students’ probability of majoring in economics by 90 percent. Neumark and Gardecki (1998)
find that female doctoral students with female mentors graduate faster without having worse
placements. Hoffmann and Oreopoulos (2009) exploit within-student and within-instructor
variation and find only small same-sex role model effects of at most 0.05 SD on grades and 1.2
percentage points lower probability of dropping a class. These effects are not present for math
and science instructors and disappear when the authors include student fixed effects.

In this paper, our focus is on role model effects on student performance in primary and
secondary education. We summarize the role model effects shown in previous studies with a

meta-analysis.

2.2 A meta-analysis on role model effects in primary and secondary education
For our meta-analysis, we identified 24 studies on role model effects on grades and test scores

in primary and secondary education.’ The median study investigates role model effects with

3 These studies are Ammermiiller and Dolton (2006), Antecol, Eren and Ozbekik (2015), Bhattacharya et al.
(2022), Buddin and Zamarro (2008), Carrington et al. (2008), Coenen and Klaveren (2016), Dee (2007), Eble
and Hu (2020), Escardibul and Mora (2013), Evans (1992), Gong, Lu, and Song (2018), Hermann and Diallo
(2017), Holmlund and Sund (2008), Hwang and Fitzpatrick (2021), Lee, Rhee, and Rudolf (2019), Lim and
Meer (2017), Lim and Meer (2020), Lindahl (2007), Mulji (2016), Muralidharan and Sheth (2016), Neugebauer,
Helbig and Landmann (2011), Rakshit and Sahoo (2020), Xu and Li (2018), Xu (2020).



10,196 observations from one country. From these studies we extract all 538 role model effect
estimates from the main text of the papers and their appendices. These estimates either stem
from estimations of variations of Equation (1) or were obtained by combining coefficients from
split sample regressions estimating the effect of having a female teacher (compared to a male
teacher) separately for girls and boys (see Appendix A for more details on how we construct
those estimates and their standard errors). To make estimates comparable, we ensure all
estimates and standard errors are measured in standard deviations of the outcome of each study.
We do this by dividing estimates and standard errors by the standard deviation of the outcome
in all studies that did not report their estimates in standardized units. We describe our pre-
registration and data collection in greater detail in Appendix A. In this section, we focus on
describing the results.

Our included estimates cover many different settings: 238 use data from Europe, 187
from Asia, 94 from North America, and 19 from Africa; 153 are based on data from primary
education, 375 from secondary education, and 10 from both; 57 estimates come from settings
that use experimental methods with an explicit random manipulation of the student—teacher
assignment, the remaining 481 estimates come from settings with naturally occurring variation
in classroom assignment; 37 estimates of role model effects are on grades and 501 are on test
scores. Many of these estimates are not precise enough to reliably detect small effects. The
median ex-post minimum detectable effect size (MDE)—calculated for 95 percent confidence
and 80 percent power by multiplying the standard error by 2.8 (see e.g., Chabé-Ferret, 2022;
Ch. 7)—is 0.129 SD.

We summarize all 538 estimates using a three-level random effects model (Connell,
McCoach, and Bell 2022).* This model allows true role model effects to differ by study and

accounts for the dependence of estimates within each study. By fitting the distribution of the

4 Appendix Figures A2 and A3 show funnel plots for these role model effects and their standard errors.



role model effect point estimates and accounting for their uncertainty (as measured by their
standard errors), this approach also produces estimates of the distribution of underlying true
role model effects. We estimate the three-level random effects model via restricted maximum
likelihood and apply the Hartung—Knapp adjustment. This adjustment incorporates estimate
uncertainty in the calculation of the standard deviation in the distribution of role model effects
(Harrer et al., 2021, Ch. 4). Applying this procedure, we estimate the average role model effect
to be 0.030 SD with a standard error of 0.013 (p-value = 0.0194).°

Note the vast increase in power to detect role model effects once we combine studies.
Our combined estimates imply a minimum detectable average role model effect of 0.036 SD,
which is 3.6 times smaller than the median MDE (0.036 SD versus 0.129 SD). Only 79 of the
538 point estimates would have had enough statistical power to detect the average role model
effect 0f 0.030 SD.

The estimate of the standard deviation of the distribution of the true role model effect
is 0.058 SD. Leveraging the assumption that the true role model effects come from a normal

distribution, we take the estimates of the mean and standard deviation to infer that

0.030

1-9 (— m) = 70 percent of true role model effects are positive and 30 percent of true role

model effects are negative. This distribution implies that 36.5 percent of role model effects are
larger than 0.05 SD and 8.4 percent are smaller than —0.05 SD. This estimated heterogeneity is
substantial and suggests it is important to find out in which settings same-sex role models help

or hurt student performance.

5 One might be concerned that the estimated average role model effect of 0.030 SD is mainly driven by the point
estimates of a few studies that happen to contribute many precise estimates. To check whether this is the case, we
record the weight of each point estimate (i.e., how much it contributes to the calculation of the overall average
effect) and calculate the sum of the weights of the point estimates for each study. The sum of the weights at the
study level never exceeds 4.77 percent, which shows that no individual study has an outsized effect on the
estimated average role model effect. We also explore alternative models to summarize all estimates. A random
effect model that does not account for the dependence of estimates within-study yields an average role model
effect of 0.034 SD (std. err. = 0.003) and a standard deviation of 0.050. Using the fixed effect model that assumes
the true role model effect is the same for all studies, our estimate of the role model effect is 0.010 SD (std. err. =
0.0004).



We explore what drives the heterogeneity in role model effects using four separate
meta-regressions that includes as moderators: (1) whether studies use experimental or quasi-
experimental variation, (2) the continent where they were conducted, (3) whether they analyze
data from elementary or secondary school students (or a mix of both), and (4) whether they use
test scores or grades as outcomes (see Appendix Table A3). Our results show no meaningful
difference between estimates of role model effects using experimental or quasi-experimental
methods nor between estimates based on test scores or grades. However, we see some evidence
of geographic heterogeneity. Compared to role model estimates from Africa, role model effects
estimates are 0.051 SD smaller in Asia, 0.053 SD smaller in Europe, and 0.128 SD smaller in
North America, with the difference between Africa and North America being statistically
significant at the 5 percent level. We also find evidence that role model effects are 0.058 SD
smaller in primary education than they are in secondary education; this difference is also
significant at the 5 percent level.

It is unclear to what extent this heterogeneity reflects differences in true role model
effects across continents and levels of education rather than differences in study methods. No
two studies in our meta-analysis use the same methodology. Two recent studies have shown
that even seemingly innocent differences in methodology can have large effects on estimates.
Huntington-Klein et al. (2021) and Breznau et al. (2022) apply the “many analysts” approach
in which many researchers are given the same dataset and asked to answer the same research
question. Both studies report many differences in methodological decisions between
researchers and substantial variation in point estimates. Their findings suggest that our
estimated standard deviation of the true role model effect of 0.058 SD likely also reflects

differences in methods.
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2.3 Do role model effects studies show publication bias?
Publication bias could bias our estimated average role model effect of 0.030 SD. For example,
researchers could be more likely to report specifications that show positive role model effects,
studies that show positive and significant role model effects—either by chance or p-hacking—
may be more likely to be written up, or reviewers and editors could behave more favorably
toward studies that show positive effects. We will use all 538 main estimates to probe the
existence of publication bias with two approaches.

In our first approach, we focus on discontinuities around z-scores of 1.64, 1.96, and
2.58—the critical values for statistical significance at the 10 percent, 5 percent, and 1 percent
levels. Appendix Figure A4 shows no evidence of heaping at the right side of these critical
values. In our second approach, we estimate the relationship between estimated effect sizes
and the precision of the estimate. If there is publication bias favoring positive role model effect
estimates, we would expect more-imprecise estimates to be larger.

There are three popular ways to estimate the relationship between effect sizes and
statistical precision. We apply all three of them. First, we regress the effect size on the ex-post
MDE using a standard least squares estimator. Second, we perform the precision effect test or
PET (Stanley and Doucouliagos 2014). Similar to the MDE regressions, this test consists of
regressing the effect size on the standard error, and it tests for significance of the slope. The
key difference from the MDE regressions is that observations in the precision effect regressions
are weighted by the inverse of the estimated variance of the estimates. This test therefore gives
more weight to more-precise estimates. Third, we perform Egger’s test (Egger et al., 1997).
This test consists in regressing z-scores on the inverse of the standard error. In contrast to the

other two tests, the Egger’s test shows evidence of publication bias if the constant is statistically
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significant (see Harrer et al., 2021, Ch. 9). In all three regressions, we account for the
dependence of estimates within the same study by clustering at the study level.°

All three tests show evidence of publication bias. The estimated effect size significantly
increases with the size of the MDEs (p-value < 0.001, see Figure AS). When we remove three
outlier estimates from Ammermiiller and Dolton (2006), the relationship between effect sizes
and their respective MDEs remains similar but is no longer statistically significant (p-value =
0.927).7 The PET and Egger’s test results also indicate the presence of publication bias
regardless of whether the outlier estimates are included (all p-values for these tests are smaller
than 0.001). In the next section, we explore how our estimated average role model effect

changes if we correct for publication bias.

2.4 How do publication bias corrections affect our estimate?
Figure 1 shows the estimated average role model effect and estimated standard deviation of the
true role model effect after applying 12 of the most popular publication bias correction
procedures. Trim and fill, PET-PEESE, and limit-meta focus on correcting for publication bias
by using information from more-precisely estimated effects in the analysis to quantify and
account for potential publication bias present in less precisely estimated effects. The methods
of three-parameter selection and Andrews and Kasy (2019) focus on correcting for publication
bias by modeling the probability that an estimate is published based on its sign and significance

at conventional significance thresholds.

¢ We cannot correct for the mechanical dependence between effect size and standard error (Pustejovsky and
Rodgers 2019) because the input required for this correction are generally not reported in the included studies.
However, this correction is likely to be small because it shrinks with the model’s degrees of freedom, and most
estimates in our meta-analysis have samples many orders of magnitude larger than the typical study in fields
where this correction is used (see e.g., Bierwiaczonek and Kunst 2021; Kalén et al. 2021).

7 These outliers are role model effect estimates of 1.15, 2.07, and 0.92 SD with MDEs of 14.10, 15.19, and 19.13
SD, respectively. These estimates are very large and imprecise compared to the other estimates included in our
meta-analysis.
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Figure 1 shows that the different procedures deliver broadly similar effect sizes.
Corrected role model estimates range between —0.039 and 0.038 SD. Corrected estimates are
generally of lower magnitudes, which is to be expected. Four out of the 12 corrected estimates
are no longer statistically significantly different from zero at the 5 percent significance level.
Trim and fill, PET-PEESE, and limit-meta reduce the role model estimate to roughly a third to
half of the three-level random effect estimate. The three-parameter selection models do not
change the role model estimate much, varying between 0.029 and 0.038 depending on which
significance threshold is assumed to drive publication bias. The Andrews and Kasy (2019)
corrections, however, show a curious pattern. When the underlying effects are assumed to
follow a t-distribution, the effects shrink to around 0.012 SD, but assuming an underlying
normal distribution of true effect yields negative corrected estimates, ranging between —0.027
and —0.039 SD. The estimated standard deviations are also broadly similar between the
different methods ranging from 0.015 SD to 0.088 SD.8

Taken together, we have shown that there is substantial heterogeneity in role model
effect estimates and evidence of publication bias. Depending on how we correct for publication
bias, we find small positive effects or small negative effects. Taken together, these estimates
suggest role model effects are small, but we cannot conclusively determine the sign of the
average effect. Our meta-analysis is also not conclusive about the heterogeneity of role model

effects. The estimated standard deviations suggest substantial heterogeneity in effects between

8 In Appendix A we show alternative meta-analysis estimates using the set of “most controlled” estimates within
each study, defined as those from model specifications using the largest number of control variables and narrowest
within-group variation. From this alternative meta-analysis, we also exclude “first difference” estimates, defined
as effects of role models on test score or grade gains (i.e., the difference between test scores or grades at two
points in time for each student). This latter restriction only affects one estimate from Dee (2007). Our resulting
subset of most-controlled estimates includes 297 estimates. The alternative meta-analysis produces very similar
estimates, with an average role model effect estimate of 0.032 SD (std. err. = 0.020) and a standard deviation of
0.060 SD. We also see: (1) similar effect heterogeneity, though with less statistical precision to detect differences;
(2) little graphical evidence of publication bias in z-scores histograms and funnel plots; (3) more-conclusive
evidence for publication bias on MDE plots and related tests; and (4) similar (though generally more muted)
publication-bias corrected effects. See Tables A4 and A5 and Figures A6, A7, A8 and A9 for these results.
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settings. However, meta-analysis methods struggle to distinguish between heterogeneity due

to differences in true effects and due to differences in methodology.

Figure 1: Role Model Estimates After Correcting for Publication Bias
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Notes: All estimated mean effects and estimated standard deviations are in the unit of standard deviation of the outcome
variable. As benchmark, 3-level restricted maximum likelihood (REML) shows the estimated role model effect without
correcting for publication bias as shown and described in Section 2.2. All other estimates apply different publication bias
corrections. Trim and Fill: Inverse variance method used for pooling estimates. REML estimator of the standard deviation of
the effect size. Knapp—Hartung adjustment for the uncertainty in the between-study heterogeneity applied to the standard error
of the effect size. PET-PEESE: Estimates from the PET model rather than from the precision-effect estimate with standard
error (PEESE) model used because the one-sided #-test of intercept for the PET model does not reject the null hypothesis at
the 5 percent level (p-value = 0.3055). Estimates weighted by their inverse variance. Assumption. Correction uses an REML
estimator. Limit-Meta: Uses 3-level REML as input. In the figure, the confidence intervals of this estimate were cut for
readability reasons; the lower bound is —0.373 and the upper bound is 0.397. 3-Parameter Selection: We use 0.05, 0.025, and
0.01 as jumps in the publication probability function. REML estimator of the standard deviation of the effect size and the
standard deviation of the effect size. Andrews and Kasy: We use the Andrews and Kasy (2019) correction method, assuming
the effects are either t-distributed or normally distributed. We estimate separate corrections for cutoffs at the 0.05, 0.05, and
0.025, and 0.05, 0.025, and 0.01 significance levels for both positive and negative effects. We allow the probability of
publication bias to be asymmetric. We produce estimate using Kasy’s App: https://maxkasy.github.io/home/metastudy. Other
correction methods: Andrews and Kasy (2019)’s non-parametric GMM method did not produce a useful corrected estimate
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due to singularity issues. We also tried various continuous selection models assuming underlying beta, half-normal, and
logistic publication probability distributions, which also did not yield useful estimates due to non-convergence issues. Table
A2 shows more details on the estimates shown in this figure. The bars on the right show the estimated standard deviation of
the true role model effects.

In theory, meta-regressions can tease out the effect of differences in methodology. In
practice, this is challenging for three reasons. First, there are too just too many methodological
differences between studies. We have 24 different studies and researchers made more than 24
decisions in each study in terms of, for example, how to code their variables, how to restrict
their sample, which outliers to delete, and which controls to include (Huntington-Klein et al.,
2021; Breznau et al., 2022). Second, we cannot rule out that methodological differences are
correlated with other factors (e.g., the context of the study) that affect the outcome. Third, while
methodological differences would inflate our estimate of the standard deviation of the true role
model effects, the presence of publication bias would likely shrink it. In the presence of both
these issues we cannot determine whether our estimates overstate or understate the variation in
true role model effects across studies. To better understand the heterogeneity of role model
effects, we therefore need an approach that allows us to explicitly hold the methodology

constant and that is free of publication bias.

3. The advantages of multi-setting analyses
We estimate role model effects by applying a consistent methodology to data from many
countries.” This multi-country approach has the obvious advantage of increasing the sample

size. The resulting increase in statistical power is particularly important if, as in our case,

% Answering one research question with data from different settings is also done in mega-analyses. We have not
found one agreed-upon definition of mega-analysis. Some researchers describe them as studies that re-analyze
individual-level data from previous studies (e.g., Sung et al., 2014; Eisenhauer 2021). In contrast, the Global Trust
Consortium (2017, p.2) has defined a mega-analysis as “the use of the largest possible number of observations of
a phenomenon to quantify the strength of its correlates.” While similar in spirit, our approach does not fit either
of these descriptions.
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plausible effects are small. It also allows us to see how stable effects are across different
settings and explore what drives differences in effect sizes.

Beyond these obvious advantages, our multi-country study has two more advantages
over traditional meta-analyses. First, it allows us to apply the same methodology across data
from different countries. For example, having access to individual-level data allows us to apply
the same sample restrictions and include the same controls across different countries. Those
seemingly innocuous methodological choices haven been shown to meaningfully affect
estimates (Huntington-Klein et al. 2021; Breznau et al. 2022). Second, our approach alleviates
concerns about publication bias. We do not have to worry about estimates disappearing in the
publication process.

More generally, the approach of analyzing data from multiple settings with a consistent
methodology is not new. There are several excellent studies that follow this approach. For
example, Altmejd et al. (2021) study sibling spillovers on field-of-study choices using data
from Chile, Croatia, Sweden, and the United States. The authors show siblings have a
remarkably consistent impact on study choice across very different settings. Kleven et al.
(2019) study how the arrival of a child affects women’s and men’s earnings in Austria,
Denmark, Germany, Sweden, the United Kingdom, and the United States. The authors find
that child penalties significantly differ by country and explore how countries’ family policies
and gender norms contribute to the size of child penalties in different settings. Dudek et al.
(2022) combine 12 representative surveys from nine countries to estimate the effect of siblings’
gender on personality. They find no meaningful effects on average and no meaningfully
heterogeneity across any of the 12 surveys.

Combini