Working Paper 165/16

TEACHER CHARACTERISTICS, STUDENT BELIEFS AND THE
GENDER GAP IN STEM FIELDS
Dario Sansone

October 2016

Teacher Characteristics, Student Beliefs and the
Gender Gap in STEM Fields


Dario Sansone1
October 2016

Abstract
This paper investigates how to reduce the gender gap in STEM fields in the US. It quantifies the
impact of high-school teachers’ gender, beliefs and behavior on students’ beliefs about girls’
abilities in math and science. Furthermore, it shows that such beliefs affect female students’
decision to take advanced math and science classes in high school, as well as their intentions to
choose a STEM major once freshman in college.
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1. Background
This paper studies how student-teacher interactions in high school shape female students’
decisions to take advanced math and science classes in high school and to major in a STEM
(Science, Technology, Engineering and Mathematics) field once in college. In order to
contextualize such analysis, this introduction provides background information on the gender gap
in science and math for the US and it motivates the importance of increasing workers,
particularly female ones, in STEM fields.
Historically, male students have outperformed female ones in math test scores. Nevertheless,
such gender gap has been narrowing down in the National Assessment of Educational Progress
(NAEP) mathematics scores since 19732 (National Center for Education, 2013). Similarly, the
gender gap in the Programme for International Student Assessment (PISA) of 2012 for math and
science was not statistically significant ((OECD, 2014), (OECD, 2015)). Furthermore, (Hyde,
Lindberg, Linn, Ellis, & Williams, 2008) found a rather small gender gap using data available
following the No Child Left Behind legislation.
Looking at course choice in high school, male students are more likely to take AP courses in
mathematics, physics and computer science, while the opposite is true for biology and
environmental science (National Science Board, 2014). These trends continue in tertiary
education (National Science Foundation, 2015). Indeed, the proportion of women in science is
quite high in psychology, bioscience and social science (except economics). However, women
are still a minority in engineering, computer science, physics, economics, mathematics and
statistics3. Furthermore, in some of these fields, like computer science, the proportion of women
has decreased over time, while in the other fields there has not been a consistent increase in the
proportion of degrees awarded to women. The figures are similar – or worse – at the graduate
level. Focusing instead on attrition rates, (Chen, 2013) documented that 28% of undergraduate
students chose a STEM major between 2003 and 2009, but 48% of them left the field by 2009.
Among these, around half switched to a non-STEM major, while the others dropped out of
college: relatively more women than men switched major, while more men than women dropped
out of college. As a result, researchers may wonder whether these high attrition rates are because
male and female students do not have a good preparation in these subjects from high school.
These trends translate in occupational differences: 50% of scientists and engineers are white
men. In academia, women represented one-fourth of full-time, full professors in science and
engineering in 2013 (12% in economics (Economist, 2015)). This underrepresentation is clear
also in the Silicon Valley ((Google, 2015), (Apple, 2015), (Williams, 2014)).
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This gender gap among 17-years-old students has become smaller thanks to female students’ gains, while male students had
stable performances.
Outside STEM, it is worth mentioning that the proportion of women with a business degree increased substantially between
the ‘50s and the ‘80s and it is now slightly below 50% (NCES, 2015).
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All these figures have generated a national debate about women in science ((Varma, 2010),
(Eileen Pollack, 2013), (Blow, 2015), (Eillen Pollack, 2015)) and the shortage of STEM workers
((Sabot & Wakeman-Linn, 1991), (Rosen, 2013), (Leef, 2014)). The latter issue was raised in
(Carnevale, Smith, & Melton, 2011) and (Executive Office of the President, 2012). The former
argued that more and more sectors outside STEM were requiring individuals with STEM
competencies, thus creating such a shortage. Along the same lines, the importance of women in
STEM fields have been highlighted by several other scholars ((Page, 2008), (Woolley, Chabris,
Pentland, Hashmi, & Malone, 2010), (Corbett & Hill, 2015), (Sikdar, 2015))4.
Finally, there is growing evidence that gender differences in math and science are not caused by
genetic factors ((Guiso, Monte, Sapienza, & Zingales, 2008), (Fryer Jr & Levitt, 2010), (OECD,
2015), (Wheeling, 2015), (Friedman-Sokuler & Justman, 2016)). Although it is true that men and
women approach complex mathematical problems in different ways, this does not imply that one
gender has an advantage in learning advanced mathematics (Spelke, 2005)5.
It is therefore possible to conclude that, although the gender gap in test scores has been declining
and there is empirical evidence that women are not innately inferior to men in math and science,
women tend to choose different courses in high school and to major less frequently in STEM
fields, thus decreasing productivity in those sectors and aggravating the lack of STEM workers
(as well as perpetuating the wage gender gap). This paper investigates whether it is possible to
improve college readiness in math and science among female students and to increase the
number of female students in STEM majors by changing their beliefs about girls’ abilities in
math and science through their high-school teachers.
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One may argue that a diverse group could be less productive because of coordination and communication problems. But the
point here is different: a diverse group has the potentiality to be more productive than a homogeneous group. Which
organization structure allows the full use of such potential is a different question and it is not addressed here.
It is also interesting to note that (Leslie, Cimpian, Meyer, & Freeland, 2015) showed that gender imbalances are predominant
in subjects in which practitioners believe that raw, innate talent is a key element for success in the field.
3

2. Conceptual Framework
This paper employs data in the US from the High School Longitudinal Study of 2009 (HSLS:09)
to investigate the determinants of the gender gap in STEM fields. As also summarized by (Ceci,
Ginther, Kahn, & Williams, 2014), this topic has been extensively analyzed in recent years by,
among the others, (Guiso et al., 2008), (Mechtenberg, 2009), (Fryer Jr & Levitt, 2010),
(Schneeweis & Zweimüller, 2012).
The specific channel that is investigated here is the impact of teachers’ gender, beliefs and
behaviors on students’ beliefs about boys’ and girls’ abilities in math and science. A unique
feature of this dataset is exploited: teachers, students and parents are asked to compare boys and
girls in math and science. The aim is to explore if and how teachers affect students’ responses. If
the estimates showed that teachers’ gender does drive the results, i.e. ceteris paribus female
teachers lead fewer students to believe that boys are better than girls in math or science, the
policy implications would be much different than if the estimates indicated that the key drivers
are how the teachers behave in class, or the teachers’ own ex-ante beliefs about boys’ and girls’
math and science skills.
This section of the paper has been motivated by the rapidly growing literature on the effect of the
teacher gender on student performances. Indeed, (Dee, 2005) showed that teachers’ race and
gender have large impacts on their perceptions of students’ performances and behavior.
Similarly, (Carrell, Page, & West, 2010) found positive effects of female professors on highperforming female undergraduate students. Following these papers, several analyses have been
conducted in primary and secondary schools ((Dee, 2007), (Holmlund & Sund, 2008), (Winters,
Haight, Swaim, & Pickering, 2013), (Paredes, 2014), (Antecol, Ozkan, & Serkan, 2015),
(Muralidharan & Sheth, 2016)), as well as universities ((Bettinger & Long, 2005), (Hoffmann &
Oreopoulos, 2009), (Price, 2010), (Bottia, Stearns, Mickelson, Moller, & Valentino, 2015)).
Although most of these studies have found positive effects of female teachers on female
students’ achievements, the overall mixed results indicate that the issue may be more complex.
Indeed, female teachers represent a highly heterogeneous group, so it is unsurprising that the
empirical conclusions have not been clear-cut. This paper contributes to this literature by
differentiating between several teachers’ characteristics. In fact, similarly to (Gunderson,
Ramirez, Levine, & Beilock, 2012) and (Kramer et al., 2016), the detailed dataset allowed me to
understand whether female students are more influenced by female teachers because of role
model effect (or lower stereotype threat), or whether what really matters is not the teachers’
gender, but their beliefs, how they treat the students and manage the classroom.
Using a between school-subject fixed effect, i.e. by comparing how math and science teachers
affect students’ beliefs, I show that the teacher gender is indeed pivotal. If a student (female or
male) has a female teacher in 9th grade, she is less likely to believe that boys are better than girls
in math or science. In addition to this, a similar effect on female students’ beliefs is found when
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teachers listen and value students’ ideas. On the other hand, I cannot reject the null hypothesis
that teachers’ beliefs have a null impact on students’ beliefs.
The second part of the paper looks at the effect of these female students’ beliefs on their decision
to take advanced math and science classes in high school, as well as their intentions to choose a
STEM major once in college. If the estimates proved that female students who do not believe
that boys are better than girls in math or science were more likely to take more math and science
classes in high school and major in a STEM field once in college, then policy-makers may
increase the number of female STEM undergraduates, as well as improving their college
readiness, by increasing their confidence in girls’ math abilities through their teachers in high
school.
The idea behind this model is that students choose their majors by comparing expected costs and
benefits of each field. Similarly to gender roles (Vella, 1994), beliefs enter into this decision
mechanism by affecting expectations. For instance, if a female student believed that boys were
better than girls in science, she may expect a more hostile environment because of fewer women
in STEM fields, thus increasing the expected cost of choosing such major. Similarly, such belief
may also lower the student’s confidence in her scientific abilities, thus also increasing expected
costs.
I am not claiming that this is the only channel through which the gap in STEM fields may be
filled. The goal here is to offer an explanation which is a complement rather than a substitute to
those already stressed in the literature. In other words, as (Ceci et al., 2014), I argue that precollege factors may drive the gender gap in math-intensive fields. Beliefs are particularly
important in high school: whether a female student in 9th grade plans to enroll in advance math or
science classes may depend not only on her expected earnings in or out of science after 10 years,
but also on how she compares boys and girls in math and science, that is on her confidence in
women’s abilities and on her expectation about the learning environment. However, I do not
claim that this is the only way to tackle this issue. High school teachers may play an important
role in shaping the career choices of their students, but this does not rule out that female students
take into account other variables when deciding their future path. Indeed, as summarized in
(Altonji, Arcidiacono, & Maurel, 2015), several authors have looked at the characteristics of the
labor markets, as well as individual preferences, in order to explain these differences in major
and occupational choices ((Turner & Bowen, 1999), (Weinberger & Leggon, 2004), (Zafar,
2013), (Gemici & Wiswall, 2014), (Goldin, 2014), (Reuben, Sapienza, & Zingales, 2014),
(Bronson, 2015) .
The general framework is in the vein of (Coate & Loury, 1993): negative beliefs may constitute a
self-fulfilling prophecy. In other words, lack of role models, adverse class and work
environments as well as different expectations for girls and boys may lead more female students
to believe that it is indeed true that boys are better than girls in math and science. This may affect
their choices about coursework in high school and major in college, thus causing fewer women
5

to select a STEM major, and those who do choose that path would typically be not ready since
they took fewer advanced math and science classes than their male classmates in high school.
The final result would be a shortage of highly-qualified women in STEM, which would confirm
the lower expectations held for women and lead to even worse conditions in term of role models
and environments. The aim of this paper is to prove that such a vicious cycle between beliefs and
performances exists, and that it is possible to break this cycle by improving teacher-student
interactions6.
Using again a between-subject fixed effect, I show that if a 9th grade female student believes that
boys are better than girls in math or science, she is less willing to take advance classes in those
subject while in high school. Furthermore, if a female student believes that boys are better than
girls in science, she is less likely to declare a major in a STEM field once in college. I use a
linear probability model which tackle any omitted variable issues by including several sociodemographic controls, as well as family information, school characteristics, and student choices
and performances in high school. This result is also confirmed by a linear IV model and
additional robustness checks.

6

Put differently, the underlining theoretical model has multiple equilibria where the current “bad” equilibrium has female
underrepresentation in STEM fields. If this equilibrium were stable, a marginal improvement as the one discussed in this paper
may not be enough. However, in case of instability, even a small change may initiate a virtuous circle which would eventually
lead to a more gender-balanced equilibrium. Similar cases, such as the gradual increasing participation of women to tertiary
education and the labor force, suggest that these initial equilibria are indeed unstable (probably due to their inherited
inefficiency and unfairness).
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3. Data
The High School Longitudinal Study of 2009 (HSLS:09) is a panel micro database including
around 26,000 students in 9th grade from about 940 participating schools in 2009. The survey
design has two levels: first, schools were selected at the national level (both private and public).
Second, around 30 students in each school were randomly selected among 9th grades7. Among
eligible students, around 21,440 students responded.
In the first round, information was collected from the selected 9th graders, their parents, math and
science teachers, school administrators and lead school counselors. The parent questionnaire was
completed by the parent or guardian most familiar with the 9th grader’s school situation and
experience. If the 9th grader had more than one science or math teacher, one teacher per subject
was randomly selected among those provided. The students were interviewed between
September 2009 and April 2010. The first follow-up was in the spring of 2012, while a brief
update was conducted in 2013 (summer and fall) to record students’ postsecondary plans. In
2012 students, parent, school administrators and counselors were interviewed again, but this
wave did not include new questionnaires for teachers. Finally, in 2013 only students and parents
were interviewed. The dataset with the 2013 Follow-up became publicly available in June 2015.
A math assessment was administered to the students in 9th grade (2009) and in 11th grade (2012).
Data are also available from the student transcripts including their GPA, their AP class grades,
their SAT, and the number of credits taken in each subject during high school.
Additional documentation about the HSLS:09 can be found in the online training modules
(NCES, 2016) and in (Ingels et al., 2011), (Ingels et al., 2014) and (Ingels et al., 2015). The
HSLS:09 have been used in a number of studies loosely related to this paper by (Degner, 2013)
(Jackson, 2013), and (Wagstaff, 2014).
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The complex survey design has been taken into account in the empirical analysis by clustering the standard errors at the school
level. Such analysis has been conducted using Stata 14. The dataset also includes the student analytic weights for the base year
survey and the longitudinal study. Following (Solon, Haider, & Wooldridge, 2015), such weights have been used for the
descriptive statistics. However, in this paper the sampling is independent of the dependent variables conditional on the
explanatory variables, so using weights to correct for endogenous sampling does not seem appropriate here. Moreover, using
weights in order to estimates average partial effects in case of heterogeneous effects is usually insufficient. Therefore, rather
than weighting, when I suspected heterogeneity in this paper I tried to analyze it by adding interaction terms or by focusing the
estimation on a sub-sample. Finally, the general view is that is more conservative to report heteroscedasticity-robust standard
errors rather than using weights to obtain more precise estimates under heteroscedasticity. To conclude, I do not find sufficient
reasons to justify weighting in this paper when I estimate causal effects.
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4. Descriptive Statistics
The key variables in this analysis are the respondents’ beliefs about boys’ and girls’ abilities in
math and science8. As far as high school teachers are concerned (Figure 1), around 10.6% of the
math teachers believed that boys are better than girls in math. Furthermore, this opinion was
more common among male math teachers (14%). Nevertheless, it is interesting to note that there
were also some female math teachers (8%) who believed that boys are better in math. In science,
around 8.3% of the science teachers believed that boys are better than girls in science. Male
science teachers were slightly more likely to hold such belief (10.6%), although this was also
true for some female teachers (6.5%)9. It is also important to highlight that almost 60% of math
teachers and 57.5% of science teachers in the sample were female. On the other hand, around
28.2% of the parents believed that boys are better than girls in math, while 20.4% supported this
idea in science.

Figure 1: Boys better than girls
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Source: HSLS09 baseline
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The Appendix contained a detailed description of the variables used in this and the following empirical sections, as well as all
additional robustness checks. When not reported, tables are available upon request. In addition to this, it is important to note
that all sample size numbers have been rounded to the nearest 10 for security reasons.
These gender differences across teachers are statistically significant.
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Figure 2: Boys better than girls
Students' beliefs
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Looking instead at the student data
(Figure 2), when students were in
9th grade, around 19% of the
students believed that boys are
better than girls in math, while
20.2% supported this idea in
science10. Things got worse in 11th
grade: around 25.5% of the
students believed that boys are
better than girls in math, while
22.6% had the same opinion in
science.

Math

Science

Math

Science

Student analytic weights used
Source: HSLS09

It is also important to note that
beliefs tend to be persistent: more than 80% (85% among girls) of the students who did not
believe that boys are better than girls in science in 9th grade had the same opinion in 11th grade
(while 62% of those who believed that boys are better changed their opinion). This fact offers an
additional incentive to find a way to change these beliefs early on: given that relatively few
students switched between 9th and 11th grade from thinking that boys are not better than girls in
math or science to the opposite, it seems worth trying to convince students at the beginning of
high school that indeed boys are not better than girls in these subjects. This may also push female
students to take advance classes in math and science during the first years of high school.
In fact, looking at how many students planned to take advanced math and science classes in high
school, around 25% of students intended to enroll in an AP course. This figure was similar in
math and science and for boys and
Figure 3: AP/IB course - Female students
girls. However, it seems that more
Intention to enroll after 9th grade by beliefs
Math
Science
female students were unsure about
Boys not better
Boys better
Boys not better
Boys better
their future plans. In addition to
this, it is worth mentioning that
girls who believed that boys are
28.7%
better than girls in math or science
36%
37.2%
39.7%
were less likely to enroll in
advanced classes (Figure 3). This
was true especially in science:
almost 40% of girls who did not
No
Yes
No
Yes
believe that boys were better than
girls in science intended to enroll
in an AP or IB science class, while
this was true only for 28.7% of the female students who had the opposite belief.
Base year student analytic weights used
Source: HSLS09 baseline
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Looking at female students only, the percentage was almost 15% in math and 17% in science.
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Finally, another outcome variable of interest is the proportion of students who decided to major
in a STEM field (Figure 4). The key startling fact is the big gender gap: among the students in
the sample who planned to
Figure 4: STEM major
continue in a STEM field after
Intention once freshman in college
By gender
By beliefs - female students
their freshman year in college, only
Male
Female
Boys not better
Boys better
one third was female. Nevertheless,
the proportion of female students
interested in pursuing a scientific
12.5%
14.6%
15.3%
education was higher among those
33%
who did not believe while they
were in high school that boys are
better than girls in science. Such
difference is small in absolute
No-STEM
STEM
No-STEM
STEM
terms (around 3 percentage points),
but rather substantial in relative
terms.
2013 update student analytic weights used
Source: HSLS09

These stylized facts are simple correlations and could actually reflect spurious relationships due
to omitted variables. Therefore, it is necessary to verify whether there is indeed a causal link
between students’ beliefs and their subsequent choices in high school and college, and whether
high school teachers can change such beliefs. The rest of the paper uses several econometric
techniques to test the existence of these causal relationships.
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5. Empirical Section I: Student-Teacher Interaction
5.1 Econometric Framework
I employ an econometric technique pioneered by (Dee, 2005) and employed with a binary
dependent variable by (Gershenson, Holt, & Papageorge, 2016). This identification strategy
exploits the fact that for each interviewed student in 9th grade it is possible to obtain information
about her math (M) and science (N) teachers. The specification is run separately for male and
female students. The starting point is the following regressions:

The dependent variable is whether or not student i thinks that boys are better than girls in subject
s. This depends on the math/science teacher’s characteristics for student i (zMi and zNi),
observable and unobservable student fixed-effects (µi), subject fixed-effect (αs), and the error
terms (εMi and εNi).
Note that the matrix Z contains the key regressors, i.e. teachers’ gender, beliefs and behavior in
class. One immediate issue is that some additional teacher characteristics may affect student’s
belief and be correlated with those regressors, thus leading to an omitted variable bias. In order
to tackle this concern, several teacher indicators have been added as controls. Indeed, the
regressions include whether the teacher has a graduate degree, if the teacher majored in a STEM
fields, as well as the number of year (and its squared term) of teaching experience in the subject.
Given this panel data specification, it is possible to control for unobservable variables that are
constant across subjects at the individual level by taking the difference between the two
equations. This allows me to obtain first difference (FD) estimates, where the difference is not
between time – as usually done in panel data – but between teachers. Moreover, it is worth
stressing that there is no need to impose that the impact of the math teacher is the same of the
science teacher: it is possible to add heterogeneity by interacting teacher characteristics with the
subject fixed-effect. In other words, it is possible to obtain estimates of β1s rather than just β1.
As in (Gershenson et al., 2016), a linear probability model is preferred even if the dependent
variable is a binary outcome. In addition to the advantages highlighted in (Joshua D Angrist,
2001), (J. D. Angrist & Pischke, 2009), this choice has been made since in a linear model is
straightforward to add fixed-effects and the coefficients can be interpreted as average partial
effects. A simple logit or probit model would not allow the inclusion of µi with only two
observations for student because of the incidental parameter problem. An alternative approach
would have been to estimate a conditional logit model. However, since the distribution of the
fixed effects is unknown, it would have not been possible to estimate the average partial effects
in this case, but only the effect of the regressors on the log-odds ratio11.
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See (Wooldridge, 2010). Estimation results for the conditional logit model are qualitatively similar to the linear ones.
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It is worth stressing the fact that the student fixed-effect controls for all variables which affect
student beliefs and are constant across subjects. This does not only include student individual
characteristics such as race or cognitive/non-cognitive skills, but also school characteristics, for
instance whether the school is private or public or its gender composition, and family
background, i.e. income, parental education, household demographics and so on. Nevertheless, in
order to be more confident in the results, I have added one variable which changes across
individuals and subjects at the household level: how parents compare boys and girls in math and
science. In other words, the following equation has been estimated, where xis includes parent
beliefs.

One may also worry about teachers misreporting their opinion when asked to compare boys and
girls in math and science. However, as long as such measurement error is the same for math and
science teachers and it has the same impact on student beliefs, it would be differenced out in the
final equation. In fact, there is no reason to believe that math teacher may misreport more or less
often than science teacher12. Furthermore, note that such concern should not be applied to the
indicators of teachers’ behaviors in class since they have been derived from the student
questionnaire.
Another concern is that part of the unobservable student characteristics (µi) may actually be
subject specific (i.e. µi+δMi and µi+δSi), thus the FD equation would not control for such subjectspecific student unobservables. First of all, it is possible to argue that, while these subject
specific components may be important when comparing hard science with humanities, it does not
seem that between math and science there is a substantial difference. For instance, as reported in
(Patterson & Kobrin, 2012), there is a high correlation between the SAT scores in Math and
Chemistry (0.756) or Physics (0.755). In addition to this, it is possible to control for students’
course-s grade in the previous academic year, i.e. 8th grade13.
It is also worth mentioning that around one fourth of students in the sample provided different
answers about boys’ and girls’ abilities in math and science, thus there is enough variability to
obtain estimates using variation within individuals. Moreover, the fact that there is such a
variability provides additional evidence supporting the empirical strategy of splitting math and
science beliefs. In other words, people provide different answers when they are asked to compare
boys and girls in math or science, so it would not be appropriate to combine such beliefs.
12

Likewise, the non-response rates are similar across subjects: around 15% of the students did not respond in 9th grade when they
were asked to compare boys and girls in math and science. The non-response rates are also similar for parents in both subjects
(around 32%). It is also important to note that at the individual level most of the students whose beliefs are missing in math
also have a missing for science. The same can be said for the parents. For teachers, there is a small difference: 29% of math
teachers did not reply when asked to compare boys and girls in math, while 35% of science teachers did not reply when asked
to compare boys and girls in science.
13
However, notice that these controls are potentially endogenous since they depend on 8th grade teachers’ characteristics, which
may affect students’ beliefs in 9th grade as well. Therefore, such specification is not the main equation of interest, but it is
added as a robustness check.
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5.2 Empirical Results
The results are shown in Table 1 for female students and Table 2 for male students. Column 1
includes the basic regressors, additional teachers’ characteristics are added in Column 2, while
parental beliefs are taken into account in Column 3. The key result, which holds across all
specifications, is that the gender of the teacher is pivotal in shaping students’ beliefs. Indeed,
looking at column 3, on average having a female teacher reduces the probability of believing that
boys are better than girls in math/science by almost 6 percentage points for female students. A
similar result holds for boys.
From a policy perspective, it is interesting to note that female teachers can also have an effect on
boys. Indeed, these students will become husbands, fathers and colleagues. Therefore, changing
their beliefs may have inter-generational effects as well as improving the workplace environment
which is often reported as an obstacle to women participation in STEM fields.
As expected, parents also have an important impact on what their daughters and sons think. In
addition to this, and consistent with the previous literature (Kramer et al., 2016), girls tend to be
more sensitive to the learning environment. In fact, female students tend to be more confident
about girls’ abilities when their teachers create a positive classroom environment by listening to
students’ ideas14.
On the other hand, teachers’ beliefs do not seem to have a significant effect. This may be due to
the lower variability in the regressor across subject. In fact, around 46% of the students in the
sample have math and science teachers with different gender. Moreover, 22% of the students
thinks that their math teacher listens to students’ ideas but that this is not true for their science
teacher (or vice versa). On the other hand, only 17.8% of the students have a math teacher who
believes that boys are better than girls in math and a science teacher who does not believe that
boys are better than girls in science (or vice versa).
There is also no evidence of heterogeneity between subjects: it seems that female teachers have a
similar effect in math and science (Column 4). Moreover, if the interaction between teacher’s
gender and whether the teacher listens to student ideas is added in the specification for female
students15, its coefficient is positive and significant, thus indicating a certain degree of

14

One concern about this variable is that it is reported by the student instead of the teacher. Therefore, there may be a latent
variable which drives students’ responses both when they are asked to compare boys and girls in math and science, as well as
when they are asked whether their teacher listen to students’ ideas. Omitting this regressor from the specification does not
change the impact of the gender of the teacher. In addition to this, students are also asked in 9th grade whether their math or
science teacher treats males and females differently. However, adding this variable as regressor produces an estimate which is
not statistically different from zero.
15
The same specification for male students is not reported since results were not statistically significant.
13

substitutability between a policy which increases the number of female teachers and another
which trains teachers to create a positive learning environment16.
The above results are robust to the inclusion of whether the student got an A in math or science
in 8th grade (Column 5). This reassures us about the potential omission of subject-specific
unobservable skills. As expected, if a female student got such a high evaluation in her math or
science class in 8th grade, she is less likely to believe that boys are better than girls in
math/science.
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Also note that, as usual with the FE estimation, the R2 is rather low. However, most of the variability is capture by the student
fixed-effects. Indeed, if I run the specification of column 4 as a linear regression with a dummy variable for each female
student, the R2 is close to 0.70.
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Table 1: Teacher-student interaction - Girls
Boys better than girls in math/science
Female teacher

(1)
Basic

(2)
Teachers

(3)
Parents

(4)
Interact

(5)
8 grade

-0.060***
(0.011)

-0.058***
(0.011)

-0.057***
(0.014)

-0.005
(0.019)
-0.041**
(0.016)

-0.005
(0.019)
-0.038**
(0.017)

-0.020
(0.022)
-0.049**
(0.019)

0.013
(0.011)
-0.017
(0.012)
-0.001
(0.002)
0.000
(0.000)

0.024*
(0.013)
-0.020
(0.015)
-0.001
(0.002)
0.000
(0.000)
0.058***
(0.019)

-0.127***
(0.039)
-0.007
(0.028)
-0.020
(0.022)
-0.099***
(0.029)
0.084**
(0.039)
0.024*
(0.013)
-0.020
(0.014)
-0.001
(0.002)
0.000
(0.000)
0.057***
(0.019)

-0.129***
(0.039)
-0.011
(0.028)
-0.011
(0.022)
-0.102***
(0.029)
0.087**
(0.039)
0.029**
(0.014)
-0.022
(0.015)
-0.002
(0.003)
0.000
(0.000)
0.054***
(0.019)
-0.086***
(0.019)
-0.001
(0.020)
0.314***
(0.036)
8180
0.00684
0.02379

Female teacher*math
Boys better in math/science (Teacher)
Listens students ideas
Female teacher*listen
More than bachelor
Bachelor with STEM major
Experience teaching math/science
Experience teaching math/science^2
Boys better in math/science (Parent)
A in 8th grade math/science
Subject math fixed effect

-0.002
-0.006
-0.006
-0.002
(0.008)
(0.008)
(0.010)
(0.020)
Constant
0.227***
0.228***
0.226***
0.269***
(0.016)
(0.022)
(0.026)
(0.033)
Observations
11940
11910
8380
8380
Overall R^2
0.00499
0.00483
0.00989
0.00889
Within R^2
0.00864
0.00920
0.01316
0.01479
Standard errors in parentheses. SE clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01
Only female students considered. Source: HSLS09.
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Table 2: Teacher-student interaction - Boys
Boys better than girls in math/science
Female teacher

(1)
Basic

(2)
Teachers

(3)
Parents

(4)
Interact

(5)
8 grade

-0.053***
(0.012)

-0.054***
(0.012)

-0.061***
(0.014)

-0.006
(0.020)
0.026
(0.018)

-0.003
(0.019)
0.025
(0.018)
0.015
(0.012)
0.011
(0.012)
0.004**
(0.002)
-0.000*
(0.000)

-0.014
(0.024)
0.028
(0.022)
0.013
(0.016)
0.018
(0.015)
0.005*
(0.003)
-0.000*
(0.000)
0.053***
(0.019)

-0.075***
(0.018)
0.028
(0.025)
-0.013
(0.024)
0.028
(0.022)
0.012
(0.016)
0.019
(0.015)
0.005*
(0.003)
-0.000*
(0.000)
0.053***
(0.019)

-0.080***
(0.019)
0.036
(0.026)
-0.016
(0.025)
0.023
(0.023)
0.010
(0.016)
0.019
(0.015)
0.005*
(0.003)
-0.000*
(0.000)
0.057***
(0.020)
0.036*
(0.020)
0.003
(0.017)
0.187***
(0.031)
7810
0.01308
0.01663

Female teacher*math
Boys better in math/science (Teacher)
Listens students ideas
More than bachelor
Bachelor with STEM major
Experience teaching math/science
Experience teaching math/science^2
Boys better in math/science (Parent)
A in 8th grade math/science

0.017**
0.020**
0.023**
0.007
(0.008)
(0.008)
(0.010)
(0.016)
Constant
0.238***
0.202***
0.187***
0.194***
(0.018)
(0.023)
(0.028)
(0.029)
Observations
11790
11760
8040
8040
Overall R^2
0.00192
0.00220
0.00739
0.00790
Within R^2
0.00650
0.00849
0.01414
0.01452
Standard errors in parentheses. SE clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01
Only male students considered. Source: HSLS09.
Subject math fixed effect
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6. Empirical Section II: Advanced Math/Science Courses
6.1 Econometric Framework
Trying to affect how students compare male and female in math and science is more relevant
from a policy perspective if these beliefs actually influence students’ decisions during high
school and later in life. Therefore, in order to offer an additional motivation for the first
empirical section, the aim of this second part of the paper is to investigate whether students’
beliefs affect their decision to take advanced math or science classes in high school. Since the
scope of the paper is to analyze the lack of women in STEM fields, the estimation focuses on
female students’ decisions only. Indeed, students in 9th grade are asked if they plan to enroll in an
AP/IB calculus or science course.
The identification strategy is similar to the one used in the previous section. The equations of
interest are the following:

The dependent variable is whether or not student i is planning to enroll in an advance course in
subject s while in high school17. The key regressor of interest is whether the student i believes
that boys are better than girls in subject s. However, such enrollment decision depends also on
other factors which may be correlated with student beliefs. Therefore, also in this case it is
appropriate to add as controls the 9th grade math/science teacher characteristics for student i (ziM
and ziS), observable and unobservable student fixed-effects (µi), and subject fixed-effect (αs).
As in the previous section, we may be worried about omitted variables: the error term could
include factors which determine the student’s decision to take AP classes in math or science and
are correlated with her beliefs. Indeed, according to the (National Science Board, 2014), students
in 9th grade are more likely to take courses in science and math if they are from high
socioeconomic status categories or if their parents are highly educated. However, the individual
fixed-effect allow us to control for such variables. In addition to this, subject-specific family
characteristics are taken into account by including parents’ beliefs among the regressors (xis).
Moreover, the student decision does not only depend on the teacher characteristics, but also on
how effective he or she was in engaging the students and offering a high-quality course. In other
words, the teacher’s characteristics included in the vectors ziM and ziS may not be enough to
measure her quality. Thus, the controls include a variable which indicates whether the student
enjoyed the course s in 9th grade.
17

The dependent variable is whether the student was planning to enroll in an advance math or science class during high school
when she was interviewed in 9th grade. The follow-up surveys contain the actual number of AP/IB classes taken in high school.
The reason why these are not used in the above specification is because of endogeneity issues. Indeed, the actual number of
AP/IB courses depends on teachers throughout all years of high school, and they may be correlated with students’ beliefs.
Since this dataset contains information only about teachers in 9th grade, having dependent variable, students’ beliefs and
teachers’ characteristics all reported in 9th grade solves this issue.
17

Furthermore, peers can also play an important role in shaping these decisions. Therefore, the
above specification includes whether the student wanted to take additional math/science classes
because her friends were going to. Another way to control for peer effect is to add the average
belief among the 9th graders interviewed in the school (excluding the answer for the ith
individual). Nevertheless, adding such percentages of interviewed students who believe that boys
are better than girls in math or science does not substantially changes the results shown in Table
3. The same is true if such percentages are computed considering only female students.
Finally, individual subject-specific ability may be pivotal. In the next section I have used two
strategies to tackle this issue: including among the controls the grades in the most advanced math
and science courses in middle school, or a measure of self-efficacy.

18

6.2 Empirical Results
The important result from this section is that, as shown in the first column of Table 3, female
students are more than 7 percentage points less likely to enroll in an advance math and science
courses in high school if they believe that boys are better than girls in math or science.
Therefore, influencing students’ beliefs at the beginning of high school can result in female
students taking more scientific classes, thus increasing their college readiness.
For later reference, it is important to note that most of the teacher characteristics do not
significantly affect students’ decisions. In other words, if a teacher creates a positive learning
environment by listening to students’ ideas does not directly enter into the student decision
function. If it influences such choice, it does it indirectly by changing students’ beliefs or their
satisfaction about the 9th grade courses.
As before, it is possible to check for heterogeneity across subjects in the effect of students’
beliefs: contrary to the descriptive statistics highlighted in the previous section, the interaction
between beliefs and subject fixed effect is not statistically different from zero (Column 2).
Although I control for student fixed-effects, which includes individual skills used both in math
and science courses, as in the previous section one could still be worried that omitted subjectspecific skills may drive the decision and be correlated with students’ beliefs. One way of
dealing with this potential issue is to add whether the student got an A in her 8th grade math or
science course (Column 3). The coefficient of student i’ opinion does not change substantially.
A similar conclusion is reached once a measure of student self-efficacy in math and science is
added as a regressor. However, also in this case there are reasons to be worried since the measure
is self-reported, thus if a female student believes that girls are better than boys in math, she may
also be more confident in her own abilities. In other words, self-efficacy may capture an indirect
effect of the regressor of interest. Indeed, in the last column of Table 3 the coefficient of student
i’ belief is lower than in the previous specifications. Despite this, it remains significant and with
large magnitude.
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Table 3: Intention to take AP/IB courses in math/science
Boys better in math/science (Student)

(1)
Basic
-0.074***
(0.019)

Boys better * Math
Female teacher
Boys better in math/science (Teacher)
Listens students ideas
More than bachelor
Bachelor with STEM major
Experience teaching math/science
Experience teaching math/science^2
Subject math fixed effect
Boys better in math/science (Parent)
Friends taking AP
Enjoyed 9th grade math/science course
A in 8th grade math/science

-0.005
(0.015)
-0.019
(0.022)
-0.033
(0.021)
0.038**
(0.015)
-0.016
(0.013)
-0.003
(0.002)
0.000
(0.000)
0.006
(0.010)
-0.038*
(0.021)
0.032
(0.042)
0.114***
(0.016)

(2)
Interact
-0.084***
(0.027)
0.018
(0.035)
-0.005
(0.015)
-0.019
(0.022)
-0.033
(0.021)
0.039**
(0.015)
-0.016
(0.013)
-0.003
(0.002)
0.000
(0.000)
0.003
(0.011)
-0.038*
(0.021)
0.032
(0.043)
0.114***
(0.016)

(3)
8 grade
-0.087***
(0.028)
0.027
(0.036)
-0.004
(0.015)
-0.023
(0.022)
-0.036*
(0.021)
0.041***
(0.015)
-0.018
(0.013)
-0.003
(0.002)
0.000
(0.000)
0.003
(0.011)
-0.036*
(0.021)
0.019
(0.044)
0.115***
(0.016)
0.068***
(0.021)

(4)
Ability
-0.076***
(0.027)
0.026
(0.034)
-0.003
(0.015)
-0.021
(0.022)
-0.043**
(0.021)
0.041***
(0.015)
-0.015
(0.013)
-0.003
(0.002)
0.000
(0.000)
-0.004
(0.012)
-0.030
(0.021)
0.026
(0.044)
0.078***
(0.018)

0.055***
(0.009)
Constant
0.395***
0.396***
0.365***
0.426***
(0.026)
(0.025)
(0.029)
(0.026)
Observations
6130
6130
6000
6050
Overall R^2
0.03352
0.03388
0.08706
0.09825
Within R^2
0.04523
0.04538
0.05405
0.06614
Standard errors in parentheses. SE clustered at the school level. * p < 0.10, ** p < 0.05, *** p < 0.01
Only female students considered. Source: HSLS09.
Math/science self-efficacy
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7. Empirical Section III: STEM Major
7.1 OLS
One of the aims of the paper is to reduce the gender gap in STEM field. It has already been
shown that high school teachers can change how students compare boys and girls in math and
science and that such students’ beliefs can affect female students’ college readiness. This last
section investigates whether the same beliefs can influence female students’ major choice.
This is a one-time decision, so it is possible to start with a very simple econometric model

The dependent variable is whether student i intends to choose a STEM subject as a major. This
question is asked when the student is a freshman in college. The key regressor of interest is
whether the student i believes that boys are better than girls in science. Major choice may also
depend on other individual observable characteristics (xi) and unobservable ones (εi). This model
is estimated for female students only since they represent the population of interest.
Most of the students in STEM choose engineering, biology, chemistry or physics, while only a
minority opts for mathematics. Therefore, I expect that the main role is played by the student’s
belief about boys’ and girls’ abilities in science rather than math.
I may also worry that teachers in the final year of high school may affect both students’ belief
and major choice. One way to attenuate this issue is to use as regressor student i’s belief in 9th
grade rather than 11th grade. This is the result reported in the first column of Table 4.
One reason why this estimation may be biased is because of omitted variables. One possible
solution which is usually implemented is to include additional regressors as controls. However,
here it is important to carefully choose the appropriate controls. There are some variables which
affect the major decision but not students’ beliefs, so it is not necessary to include them in a
linear model. For instance, labor market conditions such as monetary and non-monetary returns
of different major influences students’ decision to major or not in a STEM field, but the fact that
engineers on average earn more than journalists should not affect girls in 9th grade when they
compare boys and girls in math and science, so omitting them would not bias our estimator of
interest18. The appropriate controls are variables which affect both students’ beliefs and major
choice. Ethnicity, country of origin, geographical regions are examples of such variables.
Finally, I am interested in the direct and indirect effects of beliefs on major choice. As a result, I
do not want to control for variables which affect major choice but are caused by students’
beliefs. Following the previous section, female students who take more AP classes in math and
18

I may worry that students’ opinions are also affected by discrimination against women. In other words, a female student may
think that women are discriminated in STEM fields because they are less able than men. This seems implausible (Ceci et al.,
2014) and would require different levels of discrimination in STEM and non-STEM fields. Moreover, I have showed in the
first empirical section that students’ beliefs are not determined by episodes of discrimination.
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science while in high school are more likely to choose a STEM major, but they may enroll in
more advanced classes because they do not believe that boys are better than girls in math and
science, so controlling for it may underestimate the total impact of beliefs on major choice19.
Given the above discussion, it is appropriate to control for ethnicity, whether the student was
born in the US, geographical regions, and whether the school was in an urban area. As usual,
peer-effects could also play a role in this context. In order to address this issue, I have controlled
for whether the student’s best friend in 9th grade was a good student (although the dataset do not
include information about the gender of this friend) in the second specification. Family
background also play an important role in shaping college decisions and students’ opinions.
Hence, this specification includes information about household income, parents’ education, work
experience, beliefs and involvement in various aspect of their daughter’s life. This specification
includes also some relevant school characteristics such as safety and extra-curricular activities.
This is the preferred specification. The coefficient of interest remains negative and significant: if
a female student believes that boys are better than girls, she is 5 percentage points less likely to
choose her major in a STEM field.
As discussed above, including students’ achievements in high school as controls may capture an
indirect effect of students’ beliefs. Nevertheless, an advantage of this approach is that it allows
me to include proxies for abilities as regressors, thus tackling such endogeneity issue. As shown
in the last column of Table 4, the high school GPA in STEM classes, the number of STEM
credits and the normalized score in the math tests administered during the survey in 9th and 11th
grades are highly correlated with the decision of choosing a STEM major. Nevertheless, the
coefficient of student’s belief remains negative and significant20.
Another advantage of including these controls is that they reflect students’ preferences. In other
words, a female student may decide not to pursue a STEM major simply because she does not
like math or science. However, these tastes may actually due to her belief: if such a student
thinks that boys are better than girls, she may end up actually not enjoying those subject. So
preferences would then be an outcome variable and therefore a “bad” control. Furthermore, these
latent preferences are actually reflected in the actual choices made by the student during her
academic career. Consequently, including the STEM credits and grades reveals and controls for
student’s preferences.
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See also (J. D. Angrist & Pischke, 2009) on “Bad Control”.
In addition to this, I have also tried to estimate the same model by adding the 9 th grade math and science teachers’
characteristics as regressors. The estimate of the student’s belief does not change substantially, while the impacts of the
teachers’ gender, belief, class behavior, educational level or college major are not statistically different from zero. Similarly, if
I add whether the student believed in 9th grade that boys were better than girls in math, its estimated coefficient is not
statistically significant, while the student’s belief in science remains negative and significant. On the other hand, if I measure
beliefs with a dummy variable equal to one if the student believed in 9th grade that boys are better than girls in science or math,
the coefficient is -0.05 and statistically significant. Finally, I have also estimated the same models as in Column 3 Table 4 for
male students only. Whether or not a male student believes that boys are better than girls in science does not significantly
affect his major choice decision.
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As in the previous sections, from an econometric perspective some people may argue that a
linear probability model is not the best way to model a limited dependent variable model (major
choice) with an endogenous dummy regressor (student belief). However, I follow (Joshua D
Angrist, 2001), (J. D. Angrist & Pischke, 2009) and argue that this is appropriate for estimating
average causal effects. For the sake of comparison, I have also estimated a Probit model. Results
do not change substantially: the marginal effect of the student’s belief is almost -0.06 and high
significant, thus in line with the OLS estimate.
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Table 4: STEM major intention for female students - OLS
(1)
Basic
-0.040***
(0.013)

(2)
Controls
-0.050**
(0.021)
0.150***
(0.043)
-0.019
(0.036)
0.001
(0.026)
0.022
(0.030)
-0.049
(0.039)
-0.043
(0.038)
-0.001
(0.005)
0.003
(0.005)
0.006
(0.019)
0.075***
(0.019)
0.045**
(0.022)
0.049**
(0.025)
-0.059**
(0.023)
-0.110**
(0.049)
-0.004
(0.021)
-0.005
(0.019)
0.025
(0.035)
-0.013
(0.024)
0.019
(0.019)
-0.006
(0.018)

(3)
STEM
Boys better in science (Student)
-0.063***
(0.021)
Asian
0.081*
(0.044)
Black
0.050
(0.037)
Hispanic
0.047*
(0.027)
Other non-white race
0.029
(0.029)
US born
-0.056
(0.036)
Best friend has good grades
-0.062
(0.037)
HH income 2011
-0.004
(0.005)
HH income 2008
0.003
(0.005)
Mother highly educated
-0.019
(0.019)
Father highly educated
0.041**
(0.019)
Mother in STEM
0.046**
(0.021)
Father in STEM
0.012
(0.024)
Parent help homework
-0.022
(0.023)
No intellectual activity w/parent
-0.040
(0.057)
Boys better in science (Parent)
-0.001
(0.022)
Boys better in math (Parent)
0.009
(0.018)
Student feels safe at school
-0.023
(0.033)
Algebra 1 remedial course available
-0.039*
(0.023)
School has math/science fair
0.018
(0.018)
Math/science mentors
-0.009
(0.018)
STEM GPA
0.055***
(0.015)
STEM credits
0.037***
(0.006)
Math test score (9)
0.003**
(0.001)
Math test score (11)
0.005***
(0.001)
Constant
0.174***
0.239***
-0.561***
(0.006)
(0.077)
(0.095)
Regional dummies
No
Yes
Yes
Urban dummies
No
Yes
Yes
Observations
5660
2120
2020
R^2
0.00157
0.05507
0.15118
AdjR^2
0.00139
0.04285
0.13796
Standard errors in parentheses. SE clustered at the school level. * p < 0.10, ** p < 0.05, *** p < 0.01
Only female students considered. Baseline for ethnicity is white. Source: HSLS09.
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7.2 IV
As usual with OLS, endogeneity is the main concern. Nevertheless, it should be stress that in this
context it is more difficult to explain why the variable of interest, i.e. student’s belief, may be
endogenous. Indeed, beliefs and major choice may be both affected by demographic
characteristics, parents’ characteristics and family background, but these factors have been
already controlled for. Ability could also be an omitted variable, but the last specification
included several proxies for it. Finally, using the lagged value for student’s belief should also
address the omission of 12th grade teachers’ characteristics.
Despite this, I use an IV approach in order to confirm that the OLS results are in line with
estimations obtained using more sophisticated econometric techniques. The instruments used in
this section are some of the 9th grade teacher’s characteristics. The relevance of such instruments
has been shown in the first part of the paper: teachers’ characteristics are important in affecting
students’ beliefs. The idea behind such exclusion restriction is inspired by the literature on
teacher-added value. Indeed, several researchers have shown that teachers’ impact on students’
test scores fades out extremely fast in subsequent years ((Jacob, Lefgren, & Sims, 2010),
(Rothstein, 2010), (Andrabi, Das, Khwaja, & Zajonc, 2011)). Therefore, conditioning on the
exogenous explanatory variables, it is possible to assume that 9th grade teachers do not directly
affect students’ major choice in college. In other words, college students do not decide whether
to choose a major in a STEM field by remembering how their teacher behaved in class when
they were 15-years-old. An additional justification for this strategy can be obtained by looking at
the results for AP classes in the previous section: teacher characteristics do not directly affect
such decision, so it is plausible to assume that a similar patter should occur when students decide
their major. In particular, the excluded instruments exploited in this section are whether the 9th
grade science teacher listened and valued student’s ideas, and whether he or she thought that
boys were better than girls in science. One may argue that these variables are correlated with
teacher quality, which may in turn affect major choice through its impact on student decisions
and performances while in high school. Nevertheless, the specifications below include the high
school STEM GPA, the number of STEM credits, the math test scores, and family background
information. Therefore, conditioning on these variables, it is possible to claim that these
instruments are not correlated with the error term21.
The model presented in Table 5 is a linear IV model. As shown in the second column, the
coefficient of student belief is negative and statistically significant (p-value: 0.051), although
larger and less precise than the OLS estimates22. Furthermore, having two instruments for one
21

Furthermore, it is also possible to include indicators for teacher quality as additional controls. Adding whether the 9th grade
science teacher has a graduate degree, if the teacher majored in a STEM fields, the number of year (and its squared term) of
teaching experience in science does not change the conclusions.
22
This estimator has been computed using a 2SLS strategy. Therefore, even if the result is robust to heteroscedasticity and
clustering at the school level, it is efficient only under homoscedasticity. Using a 2-Step GMM estimation strategy produces
estimates that are efficient under arbitrary heteroscedasticity and clustering at the school level. Nevertheless, the results are
extremely similar to the 2SLS. In addition to this, it is important to remember that I am using as instruments two dummy
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endogenous variable allow to test for the exogeneity of such instruments through a SarganHansen J test. The Hansen p-value is extremely high (0.93), thus it is not possible to reject the
null, which increases the confidence in the exogeneity of these instruments23.
As usual with the IV strategy, one may be concerned about the weakness of the instruments.
First, as shown in the first column of Table 5, from the first stage it is clear that whether the
teacher listen to student ideas is an important predictor of student beliefs. However, the
coefficient of teacher belief is not statistically significant, and the F-test of such excluded
instruments is less than 10 (Stock, Wright, & Yogo, 2002). Therefore, in order to dissipate any
doubt, I have estimated the same model using a LIML estimation, which is less biased than the
2SLS in case of week instruments (J. D. Angrist & Pischke, 2009). The results shown in the third
column are the same of the 2SLS, thus supporting this IV strategy.
To summarize, although the magnitude differs across the above specifications, this section
confirms the results obtained with the OLS regression: if a female student believes that boys are
better than girls in science, she is less likely to choose a major in a STEM field once in college.

variables, so the much higher IV estimate is mechanically due to the low variability of the instruments. Finally, I have also
used a more parsimonious specification than the OLS one. Using the same set of controls do not change the main result,
although the estimates are slightly less precise.
23
Under the assumption that the instruments are valid, it is also possible to test whether the endogenous regressor (student’s
belief) can be actually treated as exogenous. The p-value is rather low (0.025), thus it is more conservative to actually
instrument such regressor.
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Table 5: STEM major intention for female students - IV
(1)
I Stage
Boys better in science (Student)
Listens students ideas (Teacher)
Boys better in science (Teacher)

(2)
II Stage
-0.755*
(0.387)

(3)
LIML
-0.756*
(0.388)

-0.075***
(0.029)
-0.009
(0.030)
-0.058*
(0.031)
0.015
(0.042)
0.024
(0.031)
-0.046*
(0.027)
-0.067*
(0.040)
-0.001
(0.003)
-0.021
(0.022)
0.033*
(0.020)
0.006
(0.022)
0.001
(0.024)
-0.007
(0.022)
-0.030
(0.067)
0.094***
(0.026)
-0.010
(0.021)
-0.017
(0.047)
0.007
(0.020)
0.017
(0.019)
-0.014
(0.017)
0.010*
(0.006)
-0.000
(0.001)
0.001
(0.001)
0.173*
(0.096)
Yes
Yes
1750

0.095*
0.095*
(0.053)
(0.053)
Black
0.064
0.064
(0.047)
(0.047)
Hispanic
0.075**
0.075**
(0.037)
(0.037)
Other non-white race
0.013
0.013
(0.043)
(0.043)
US born
-0.070
-0.070
(0.055)
(0.055)
HH income 2008
-0.002
-0.002
(0.004)
(0.004)
Mother highly educated
-0.021
-0.021
(0.026)
(0.026)
Father highly educated
0.055*
0.055*
(0.028)
(0.028)
Mother in STEM
0.035
0.035
(0.029)
(0.029)
Father in STEM
0.024
0.024
(0.031)
(0.031)
Parent help homework
-0.019
-0.019
(0.029)
(0.029)
No intellectual activity w/parent
0.024
0.024
(0.100)
(0.100)
Boys better in science (Parent)
0.030
0.030
(0.047)
(0.047)
Boys better in math (Parent)
0.003
0.003
(0.026)
(0.026)
Student feels safe at school
-0.082
-0.082
(0.055)
(0.055)
School has math/science fair
0.018
0.018
(0.024)
(0.024)
Math/science mentors
-0.000
-0.000
(0.024)
(0.024)
STEM GPA
0.041**
0.041**
(0.020)
(0.020)
STEM credits
0.041***
0.041***
(0.009)
(0.009)
Math test score (9)
0.003
0.003
(0.002)
(0.002)
Math test score (11)
0.006***
0.006***
(0.002)
(0.002)
Constant
-0.585***
-0.585***
(0.124)
(0.124)
Regional dummies
Yes
Yes
Urban dummies
Yes
Yes
Observations
1750
1750
Hansen J p-value
0.92620
0.92623
Standard errors in parentheses. SE clustered at the school level. * p < 0.10, ** p < 0.05, *** p < 0.01
Only female students considered. Baseline for ethnicity is white. Source: HSLS09.
Asian
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8. Conclusions
This paper has shown that how female students compare boys and girls in math and science has
important implications for their subsequent educational choices. In particular, the empirical
analysis has highlighted that female students are more likely to take advance math and science
classes in high school and declare a STEM major in college if they believe that boys are not
better than girls in math and science. Therefore, policy-maker could increase female workers in
STEM fields by affecting these beliefs. In particular, the core of this paper has demonstrated that
students’ beliefs can be influenced by their 9th grade teachers.
Indeed, female students are less likely to believe that boys are better than girls in math or science
when they have a female teacher in those subjects, or when their teacher creates a positive
learning environment by listening and promoting students’ ideas. Such positive effect is
consistent with the role model effect discussed in the previous literature. Furthermore, it is in line
with the positive effect of female leaders on girl aspirations and educational attainments
(Beaman, Duflo, Pande, & Topalova, 2012).
It is also important to stress that female teachers can also change male students' beliefs and make
them less likely to believe that boys are better than girls. This is potentially a groundbreaking
result since those boys will continue to interact with women in college, at work, and within their
family. As a result, their opinion will help improve the learning and working environment, and it
will also have a positive intergenerational effect, thus contributing to break the current vicious
circle which pushes women out of STEM fields.
Finally, a note of caution about the magnitude of the aforementioned results: as shown in the
descriptive statistics, female students who indeed believe that boys are better than girls are a
minority (although a substantial one). In addition to this, the last empirical section demonstrated
that it is possible to (considerably) increase women in STEM by changing these beliefs, but it
would not be enough to completely fill the gender gap in these fields. In other words, as already
discussed, I am not suggesting a panacea, but rather a complementary strategy which could be
adopted together with other solutions, such as additional workplace flexibility (Goldin, 2014), in
order to speed up the transition to gender equality in science and math.
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Appendix
A1. Summary Statistics
Table A1: Summary statistics
Variable
STEM major
Boys better in science (9th grader)
Boys better in math (9th grader)
Boys better in science (11th grader)
Boys better in math (11th grader)
Plan to take AP/IB math
Plan to take AP/IB science
Female student
Asian
Black
Hispanic
White
Other race
Born in the US
9th grader's best friend has good grades
Northeast
Midwest
South
West
City
Suburb
Town
Rural
2011 Household Income
2008 Household Income
Mother highly educated
Father highly educated
Mother in STEM
Father in STEM
Parent helps with homework
No intellectual activity w/parent
Boys better in science (Parent)
Boys better in math (Parent)
STEM GPA

Obs
11,580
20,660
20,720
19,980
20,010
15,120
15,370
25,150
25,150
25,150
25,150
25,150
25,150
16,180
20,950
25,150
25,150
25,150
25,150
25,150
25,150
25,150
25,150
21,160
16,950
15,750
13,200
15,200
13,200
15,890
15,620
14,900
14,930
21,820

Mean
0.256
0.202
0.197
0.240
0.274
0.392
0.388
0.489
0.083
0.105
0.159
0.487
0.089
0.921
0.873
0.158
0.265
0.405
0.172
0.287
0.365
0.116
0.233
4.622
4.630
0.510
0.492
0.179
0.144
0.777
0.021
0.215
0.300
2.421

SD
0.436
0.402
0.398
0.427
0.446
0.488
0.487
0.500
0.276
0.307
0.366
0.500
0.284
0.269
0.333
0.365
0.441
0.491
0.377
0.452
0.481
0.320
0.423
3.049
3.048
0.500
0.500
0.383
0.351
0.416
0.142
0.411
0.458
0.929

Min

Max
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
1
0
0
0
0
0
0
0
0
0

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
13
13
1
1
1
1
1
1
1
1
4
34

STEM credits
Math test score (9th grader)
Math test score (11th grader)
A in 8th grade science
A in 8th grade math
Friends taking more science courses
Friends taking more math courses
Student feels safe at school
Algebra 1 remedial course available
School has math/science fair
Math/science mentors
Female teacher (Math)
More than bachelor (Math teacher)
Bachelor with STEM major (Math teacher)
Experience teaching math (Math teacher)
Boys better in math (Math teacher)
Listens students ideas (Math teacher)
Female teacher (Science)
More than bachelor (Science teacher)
Bachelor with STEM major (Science teacher)
Experience teaching science (Science teacher)
Boys better in science (Science teacher)
Listens students ideas (Science teacher)
School offers AP courses on-site

21,920
7.468
2.689
21,440
51.110 10.078
20,590
51.504 10.154
20,540
0.412
0.492
20,820
0.371
0.483
20,060
0.056
0.231
20,420
0.054
0.226
21,130
0.913
0.282
16,310
0.832
0.374
21,610
0.394
0.489
21,610
0.360
0.480
17,880
0.608
0.488
17,870
0.507
0.500
17,840
0.402
0.490
17,820
10.328
9.009
16,000
0.106
0.307
18,970
0.856
0.351
16,260
0.563
0.496
16,260
0.566
0.496
16,250
0.578
0.494
16,210
10.868
9.151
14,510
0.090
0.286
17,500
0.860
0.347
23,630 0.897799 0.30292

0
24.018
22.238
0
0
0
0
0
0
0
0
0
0
0
1
0
0
0
0
0
1
0
0
0

20
82.188
84.905
1
1
1
1
1
1
1
1
1
1
1
50
1
1
1
1
1
48
1
1
1

Note: these statistics are reported for the whole sample without weights and may be different for
the actual sample used in some of the econometric specifications. Also note that all sample size
numbers are rounded to the nearest 10 for security reasons.

35

A2. Variable Description
This appendix contains the detailed description of all the variables used in the empirical models
which are not self-explanatory.
Respondents’ beliefs. Students in 9th and 11th grades, as well as parents, 9th grade math and
science teachers are asked to compare boys and girls in math and science. The original question
is the following:
How would you compare males and females in each of the following subjects?
(math or science)
1. Females are much better
2. Females are somewhat better
3. Females and males are the same
4. Males are somewhat better
5. Males are much better
As shown in Figure A1, most of the students believed that males and females are the same in
math and science when they are in 9th grade. The same is true in 11th grade, even if the
proportion of students who
Figure A1: Boys better than girls
believed that girls are better
9th grade Students' opinion - extended
decreased both in math and
Math
Science
science. On the other hand,
the percentage of those who
believed that boys and girls
are the same was constant
over time in science, while
it decreased in math. The
first three options and the
last
two
have
been
aggregated in the empirical
Girls much better
Girls better
Girls much better
Girls better
Same
Boys better
Same
Boys better
analysis based on the
Boys much better
Boys much better
assumption that the key
Base year student analytic weights used
Source: HSLS09 Restricted
treatment is whether or not
the individual believes that boys are better than girls. This has been done not only to simplify the
analysis, but also to compare more easily answers across individuals. Indeed, if one imagines
that each individual had a continuous latent variable which measure how much boys are better
than girls, it is likely that each respondent will have a different threshold which allows him or her
to say that “Males are much better” instead of “Males are somewhat better” (Peracchi & Rossetti,
2012). Instead, it is easier to justify a common threshold for the treatment dummy. For instance,
one may imagine that all individuals compare math abilities of the men and women they know,
36

and declare that males are better if more men than women are above average.
AP/IB math/science course. Students in 9th grade were asked if they were planning to enroll in an
Advanced Placement (AP) calculus course or an International Baccalaureate (IB) calculus
course. This dummy variable takes value one if the student answered “Yes” to one of the two
questions, i.e. whether he/she planned to enroll in an AP or IB calculus course, while it takes
value zero it the student answered “No” or “Don’t know what AP/IB calculus is”. In other words,
it is assumed that if student will not take an advance class if she does not even know of their
existence. The cases in which the student reported “Haven’t decided yet”, as well as the
observations for which the question was not asked/answered, were considered as missing. The
aim of the paper is to analyze how to increase the proportion of female student who intend to
enroll in an advance math class, so the appropriate comparison group are those students who do
not plan to attend such classes, while it is not clear whether those undecided will eventually
select such courses. The same method applies to the questions regarding AP or IB science
courses.
STEM major. In the Summer-Fall of 2013 it was asked to all respondents who were attending
postsecondary classes which field of study or program they were considering. Note that most of
the respondents were freshman in college at that time. This dummy variable takes value one if
the student was considering a STEM field as a major, zero if he/she was considering a different
major, missing if he/she was undecided or if the question was not asked or answered. The sample
of female students has around 11,360 observations. Among these, 4,980 students were choosing
a non-STEM major, 1000 students intended to declare a STEM major, 550 were undecided,
while to 2,610 individuals the question was not asked (mainly because they were not attending
college), 2,220 missing (sample numbers rounded to the nearest ten for security reason).
Classroom environment. Students were asked how much they agree with the following statement
(Fall 2009): “Your math teacher values and listens to students’ ideas”. The indicator variable
takes value one if the student strongly agreed or agreed, while it takes value zero if the student
disagreed or strongly disagreed, and it is missing if the question was not asked or answered.
Students were also reminded that none of their teachers and principal were allowed to see their
answers. The same question was asked for the science teacher.
Teacher’s highest education. An indicator variable has been constructed which takes value zero
if the 9th grade teacher held an Associate’s or Bachelor’s degree, while it takes value one if the
highest degree earned by the teacher was a Master’s degree, an Educational Specialist diploma, a
Ph.D., M.D., law degree or similar.
Teacher’s major. This indicator variable takes value one if the teacher’s major for his or her
BA/BS was in a STEM field. By far, the most common STEM majors were Mathematics and
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Statistics among math teachers, Biology and Physics among science teachers.
Teacher experience. The math teacher reported how many years, including the current school
year, he or she had taught high school (grade 9-12) math. A specular question was asked to the
science teacher. Following the approach stressed in the educational literature, nonlinearities are
taken into consideration by including experience as a polynomial of grade two in the empirical
models.
8th grade. The students were asked to report their final grades in the most advanced 8th grade
math and science courses. The derived dummy variables are equal to one if the student obtained
an A in those courses, while it is equal to zero if the student got a B, C, D or lower. If the courses
were not graded or the question was not asked/answered, the variables are reported as missing.
Friends taking AP. This variable indicates whether the 9th grade student planned to take more
math or science courses during high school because his or her friends were going to do the same.
Enjoy 9th grade course. Students were asked how much they agree with the following statement
about their 9th grade math or science course (Fall 2009): “You are enjoying this class very
much”. The indicator variable takes value one if the student strongly agreed or agreed, while it
takes value zero if the student disagreed or strongly disagreed, and it is missing if the question
was not asked or answered.
Self-efficacy. This variable is a scale of the respondent’s math self-efficacy. Higher values
represent higher math self-efficacy. This variable had been created by NCES through principal
components factor analysis (weighted by base year student analytical weights) and standardized
to a mean of 0 and standard deviation of 1. The inputs to this scale were:
 Student reported being confident that she could do an excellent job on tests in the Fall
2009 math course,
 Student reported being certain that she could understand the most difficult material
presented in the textbook used in the Fall 2009 math course,
 Student reported being certain that she could master the skills being taught in the Fall
2009 math course,
 Student reported being confident that she could do an excellent job on assignments in the
Fall 2009 math course.
Only respondents who provided a full set of responses were assigned a scale value. If the student
indicated that he or she was not taking a math class in the Fall of 2009, this variable has been set
to missing. A similar procedure had been applied to derive the measure of self-efficacy in
science.
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Ethnicity. The indicator variable Asian is equal to one if the respondent’s race is Asian nonHispanic, Black refers to Black/African-American non-Hispanic, Hispanic to Hispanic
individuals with or without their race specified, White to White non-Hispanic, while Other
includes American Indians, Alaska Natives, Native Hawaiian, Pacific Islanders, and individuals
with more than one race. White is used as comparison group.
US Born. This indicator variable is equal to one if the parent interviewed in 9th grade reported
that his/her son or daughter was born in the United States, Puerto Rico or another U.S. territory.
If the student was born in another country, the variable takes value zero.
Best friend has good grades. This indicator variable is equal to one if the 9th grade student
reported that his/her best friend had good grades.
Household Income in 2008 and 2011. These are two categorical variables which indicates the
student’s family income from all sources in 2008 and 2011, as reported by the parent
questionnaire respondent. If missing from the parent questionnaire, these variables were
statistically imputed. The income categories are the following:
1. Family income less than or equal to $15,000
2. Family income > $15,000 and <= $35,000
3. Family income > $35,000 and <= $55,000
4. Family income > $55,000 and <= $75,000
5. Family income > $75,000 and <= $95,000
6. Family income > $95,000 and <= $115,000
7. Family income > $115,000 and <= $135,000
8. Family income > $135,000 and <= $155,000
9. Family income > $155,000 and <=$175,000
10. Family income > $175,000 and <= $195,000
11. Family income > $195,000 and <= $215,000
12. Family income > $215,000 and <= $235,000
13. Family income > $235,000
Mother/Father highly educated. This indicator variable is equal to one if the student’s biological,
adoptive or step mother had an Associate’s degree, Bachelor’s degree or higher, while it is zero
in case of high-school diploma, GED or less than high school. The same categorization applies
for the father.
Mother/Father in STEM. This indicator variable is equal to one if the student’s biological,
adoptive or step mother’s most recent occupation was in a STEM field. The following 2-digit
ONET codes has been considered as STEM: Computer Science and Mathematics; Architecture
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and Engineering; Life, Physical, and Social Science; Healthcare Practitioners and Technical
Occupations; Healthcare Support Occupations. The same categorization applies for the father.
Parent help homework. This indicator variable is equal to zero if the student’s parent had never
helped his/her son or daughter with homework in 9th grade, one if he/she had helped the 9th
grader less than once a week or more often.
No intellectual activity w/parent. This indicator variable is equal to one if the student’s parent or
another family member had never done any of the following activities in the previous 12 months:









Visiting a zoo, planetarium, natural history museum, transportation museum, or a similar
museum.
Working or playing on a computer together.
Building or fixing something such as a vehicle or appliance.
Attending a school science fair.
Helping 9th grader with a school science fair project.
Discussing a program or article about math, science, or technology.
Visiting a library.
Going to a play, concert, or other live show.

Student feels safe at school. This indicator variable is equal to one if the 9th grader strongly
agreed or agreed with the sentence “You feel safe at this school”, while it is equal to zero if
he/she disagreed or strongly disagreed.
Algebra 1 remedial course available. This indicator variable is equal to one if the 9th grader’s
math teacher judged the availability of tutoring or other remedial assistance for students who
were struggling in Algebra 1 as good or excellent, while it is equal to zero in case of a poor/fair
evaluation.
School has math/science fair. This indicator variable is equal to one if the 9th grader’s principal
reported that his/her school held school-wide math or science fairs, workshops, or competitions;
zero if not.
Math/science mentors. This indicator variable is equal to one if the 9th grader’s principal reported
that his/her school paired students with mentors in math or science; zero if not.
STEM GPA. This variable is extracted from the student’s high school transcripts and it contains
the student’s GPA for STEM courses.
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STEM credits. This variable is extracted from the student’s high school transcripts and it contains
the student’s total Carnegie credits in STEM courses.
Math test scores. These mathematical standardized scores provide a norm-referenced
measurement of achievement, that is, an estimate of achievement relative to the population (Fall
2009 9th graders) as a whole. It provides information on status compared to peers. This feature is
the main difference from the IRT-estimated percent-correct scores, which represent status with
respect to achievement on a particular criterion set of test items. Such mathematical assessment
focused on algebra skills, reasoning, and problem solving. It was developed specifically for the
HSLS:09 and was administered to students in 9th grade and 11th grade. See Chapter 2 in (Ingels
et al., 2011) and (Ingels et al., 2014) for more information about the test and the derivation of the
normalized scores.
Regional indicators. Four indicator variables were created to identify the geographical region of
the 9th grade student’s school. The macro-regions considered here are Northeast (comparison
group), Midwest, South, and West.
Urban indicators. Four indicator variables were created to identify the locale (urbanicity) of the
9th grade student’s school. The school neighborhood could be described as City (comparison
group), Suburb, Town, or Rural.
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A3. Sensitivity Analysis for Empirical Section I: Student-Teacher Interaction
A3.1 OLS
In order to analyze the student-teacher interaction, it may be useful to look at the OLS estimates
as well. In particular, the equations of interest are the following (for boys and girls separately):

As in the main equations, the dependent variable is whether or not student i thinks that boys are
better than girls in math (bMi) or science (bNi). The relevant variables are the math/science
teacher characteristics for student i (zMi and zNi). The same controls of Tables 1 and 2 have been
used in this analysis.
The single-equation estimates are shown in Table A2 for boys (columns 1 and 2) and girls
(columns 3 and 4) for math and science respectively. The teacher’s gender is significantly
correlated with students’ beliefs both in math and science and for boys and girls. It is also worth
mentioning that there is some heterogeneity in the magnitude across subjects: the coefficient of
female teacher is larger in science than in math. Similarly, whether the teacher listens and values
students’ ideas matters for girls, especially in math, but not for boys. Consistently with the FE
analysis, teachers’ beliefs do not seem to be relevant in this context. Overall, except for the
between-subject differences, the OLS results are qualitatively similar to the main ones presented
in Tables 1 and 2. For the sake of completeness, I have also estimated a Probit model using the
same regressors. The results from marginal effects are very similar to the OLS estimates.
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Table A2: Teacher-student interaction - OLS
(1)
Boys Math
Female teacher (Math Teacher)

-0.066***
(0.014)
0.049**
(0.024)

Boys better in science (Science Teacher)
Listens students ideas (Math Teacher)

Bachelor with STEM major (Math Teacher)

Experience teaching math^2 (Math Teacher)

-0.075***
(0.019)

-0.020
(0.014)

-0.042**
(0.018)
0.006
(0.011)
0.040***
(0.012)

0.000
(0.015)
0.030*
(0.015)

0.018
(0.012)
-0.000
(0.014)

0.004
(0.003)
-0.000
(0.000)

Experience teaching science (Science Teacher)

-0.010
(0.012)
0.000
(0.002)
-0.000
(0.000)
-0.004*
(0.002)
0.000*
(0.000)

0.003
(0.003)
-0.000
(0.000)

Experience teaching science^2 (Science Teacher)
Boys better in math (Parent)

-0.019
(0.019)

-0.007
(0.021)

Bachelor with STEM major (Science Teacher)
Experience teaching math (Math Teacher)

-0.018
(0.018)

0.007
(0.019)

More than bachelor (Science Teacher)

0.084***
(0.014)

0.068***
(0.013)

0.058***
(0.017)
Constant
0.187***
0.244***
0.205***
(0.024)
(0.027)
(0.024)
Observations
4230
3810
4430
R^2
0.01416
0.01076
0.01444
AdjR^2
0.01230
0.00868
0.01266
Standard errors in parentheses. SE clustered at the school level. * p < 0.10, ** p < 0.05, *** p < 0.01
Source: HSLS09
Boys better in science (Parent)

(4)
Girls
Science
-0.040***
(0.012)

0.039
(0.024)

Listens students ideas (Science Teacher)
More than bachelor (Math Teacher)

(3)
Girls Math
-0.028**
(0.012)

-0.018
(0.014)

Female teacher (Science Teacher)
Boys better in math (Math Teacher)

(2)
Boys
Science

0.056***
(0.016)
0.209***
(0.025)
3950
0.01135
0.00935
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A3.2 Sensitivity Analysis
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One concern expressed in the literature is about the sorting of students into classroom. For
instance, low ability female students may be systematically assigned to female teachers.
Therefore, teachers’ characteristics would no longer be exogenous. This would not be an issue if
such sorting were based on student observable characteristics which are controlled for. Similarly,
if the sorting mechanism were the same for math and science teacher, it would be taken into
account by the fixed-effects. But if sorting were based on student unobservables and different
across subjects, it would raise an endogeneity problem. One way to dissipate this concern is to
verify how teachers are
Figure A2: All teachers assiged to advanced courses
actually assigned between
9th grade teachers opinion
classes. In the HSLS:09, 9th
Math teacher
Science teacher
grade math and science
teachers are asked to what
extend they agree or
disagree with the statement
“All or most [math/science]
teachers are assigned at
least one section of
advanced courses”. As
shown in Figure A2, the
answers
are
similar
s. agree
agree
disagree s. disagree
s. agree
agree
disagree s. disagree
between the two groups.
Base year student analytic weights used
Source: HSLS09
The same conclusion can
be reached by comparing how much math and science teachers agree with the following
statement: “Advanced courses are assigned to teachers with the strongest [math/science]
background”. Almost 60% of the math teachers and 64% of the science teachers agree or
strongly agree with it. Therefore, this evidence suggest that the sorting mechanism is in most
cases the same across subject, thus it has been already taken into account in the previous section
by including the student fixed-effects.
In a specular way, it is likely that students are sorted similarly in math and science classes: if for
instance a student or a parent has a preference for female teachers, this would be true in both
math and science classes, so it would be included in the student fixed-effect. In addition to this,
information about the placement policy in the schools is provided in the HSLS:09 by the school
counselors. Specifically, they are asked about the importance of student/parent choice for 9th
grade science/math class. Their answers are similar for the two subjects24, thus supporting our

24

According to the counselors’ answers, students/parent have a small or no role in the 9th grade placement in 25% of the schools
for math and 21% for science. This question was asked only in case all 9 th graders were not placed in the same math/science
class.
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conclusion. In addition to this, the main specification already controls for parental beliefs, so it
already takes into account different sorting due to parents’ decisions.
As an additional robustness check, I have also estimated the same equations as in the third
columns of Tables 1 and 2 by restricting the sample to schools in which all 9th grade students are
assigned to the same math and science courses, so the selection process is limited by
construction. Although the sample size is substantially reduced, the coefficient of teacher gender
remains statistically significant both for boys and girls.
Another concern may be reverse causality: teachers’ beliefs may depend on students’ beliefs.
However, under the assumption that teachers form their beliefs over time and that such beliefs
are a function of all previous students, it is possible to claim that after a certain number of years
those beliefs should be stable and the effect of an additional student on the teacher’s beliefs
should be marginal. Therefore, I estimated the same specifications as the ones in the main
section (Tables 1 and 2) for boys and girls separately only for teachers who have at least 3 years
of experience teaching high school math/science. The results are similar to the previous
estimates: teachers’ gender affects male and female students’ beliefs, female students are also
influenced by whether the teacher listens and values students’ ideas.
There may also be heterogeneous effects: teachers may have a different impact on top students
and on low-achievers. The HSLS:09 includes a math test scores in 9th grade. Therefore, I
estimated the same specifications as the ones in the main section (Tables 2 and 3) for boys and
girls separately only for students whose standardized theta score was above the overall median 25.
The results for the high-achievers are qualitatively similar to those of the whole sample.
A potential issue is generated by the survey collection activities: students were not interviewed
all at the same time. Therefore, even if all students were affected by the new teachers, some of
them could have been more influenced since they were interviewed at the end of the semester,
thus they had spent more time with their teachers. Nevertheless, excluding students interviewed
between September and October 2009 does not substantially change the results.
This time variation in the interview process could potentially be exploited as a robustness check.
Indeed, students interviewed later has been exposed to the “treatment”, i.e. to a different teacher,
for a longer period. Therefore, we could use students interviewed at the beginning of the
semester as a control group. In a regression model for students’ beliefs, this is equivalent to add
as control an indicator variable equal to one if the student was interviewed earlier in the Fall of
2009, and to interact such variable with the teacher’s key characteristics (gender, belief,
behavior). However, such interactions are not statistically significant both for the math and
science regression. This is consistent with the idea that the teacher may have an immediate

25

Note that this approach is not ideal since a student’s performance in the math test may depend on his or her beliefs and
characteristics, as well as his or her teachers’ characteristics. However, this is the best proxy available for genetic math ability.
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effect, or a much stronger effects in the first few weeks, thus the two groups would not differ
substantially.
Another issue is about spillover effects: math teachers may influence students’ beliefs in science,
and science teachers may influence students’ beliefs in math. In order to explain this case, let’s
focus for simplicity only on the basic specification. There would be two equations:

So by taking the difference across subjects would result in

It seems plausible to assume that the coefficients βM and γM have the same sign. In other words,
if a female math teacher leads fewer students to believe that boys are better than girls in math, it
should also lead fewer students to believe that boys are better than girls in science. However, the
magnitude should be larger in math, i.e. βM>γM. Therefore, in this case the estimates would
capture the difference between the two channels, thus underestimating the direct impact of a
female math teacher on student beliefs in math. A similar reasoning applies to the other teacher
characteristics, as well as to the science teacher. Indeed, this underestimation may be the reason
behind the fact that the coefficients of teachers’ beliefs are not statistically different from zero in
Tables 1 and 2. If I explicitly estimate the above FD equation, I obtain results qualitatively
similar to the previous section: female teacher has a significant and substantial impact on
students’ beliefs both for boys and girls26.
Another variation that I could have exploited is the change in student’s belief between 11th and
9th grade. However, only information about the 9th grade math and science teachers is available,
very little information is reported about the 11th grade teachers. In particular, I do not observe if
the 11th grade math and science teachers are female, how they compare boys and girls in math
and science, and if they listen and value students’ ideas. Therefore, regressing changes in math
individual beliefs on 9th grade teacher characteristics would just estimate whether the impact of
such teacher on the student’s belief in 9th grade is different from the impact on the same belief in
11th grade. In other words, even if I run such regressions and I found that whether the teacher
listen to students has a positive and statistically significant coefficient for female students (which
is the actual estimation result), this is just a confirmation of the previous results. Indeed, a
positive learning environment makes girls less likely to think that boys are better than girls in
math, and the contemporaneous effect is larger than the effect on beliefs 2 years later. On the
26

The estimated equations include also parents’ beliefs as additional controls. The main difference compared with the estimates
in Tables 1 and 2 is that the impact of teacher behavior is not statistically significant in all specification. Note also that the
main econometric difference between this FD equation and the main FE model is that in Tables 1 and 2 only female teacher
was interacted with the subject fixed effect, while here I introduce more heterogeneity since I look at both math and science
teacher, so it is as if I interacted all regressors for the subject fixed-effect.
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other hand, the coefficient of female math teacher is not statistically significant, which may be
due to the fact that the gender of the 9th grade math teacher has an impact on beliefs in both years
of similar magnitude.
In addition to this, I have also estimated the same model adding students’ beliefs in 9th grade as a
regressor. In this way, I can test whether 9th grade teachers have a direct effect on the change in
students’ beliefs during high school in addition to the simultaneous effect on beliefs in 9th grade.
The results indicate that female science teachers not only lead fewer female students to believe
that boys are not better than girls in science, but they also make them more likely to change
beliefs over time. In other words, a female student with a female science teacher is more likely to
increase her confidence in women’s abilities in science between 9th and 11th grade. This holds
also when I regress the change over time in the student’s science beliefs on both the math and
science teachers’ characteristics. On the other hand, all the other key indicators, including the
gender of the math teacher, are not statistically significant. Note that these results are consistent
with the selected exclusion restrictions in Paragraph 7.2.
There are two other omitted variables which may endanger our estimation strategy. One is
previous teachers. For instance, math and science teachers in 8th grade may affect students’
beliefs. Nevertheless, if a previous teacher was the same in the math and science courses, this
would be included in the student fixed-effect. Moreover, it is difficult to see how the 8th grade
teachers may be correlated with the regressors of interest, i.e. 9th grade teachers’ gender, beliefs
and opinions. Put differently, although previous teachers may influence students’ opinions and
assignment of students to 9th grade courses, they should not create an omitted variable bias since
they do not usually affect the assignments of teachers in 9th grade across courses.
The other omitted variable is peer effect: if the best student in the class is a girl, or if the
student’s best friend is a girl with good grades in math and science, this would probably
influence the student’s comparison of boys and girls in math and science. This dataset does not
contain this kind of information. Therefore, this is a clear limitation of this study. However, if the
best friend is not a classmate, this should not be correlated with 9th grade teacher characteristics.
Furthermore, if the best friend does not change across subject (and he/she has similar grades in
math and science), this is included in the student fixed-effect. The same is true for the top student
if she is a girl in both the math and science classes. In addition to this, even if the top student is a
girl only in one class, this may be due to the teacher. Therefore, controlling for such peer effect
may not be desirable since it would underestimate the teacher’s impact by excluding such an
indirect effect.
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A4. Sensitivity Analysis for Empirical Section II: Advanced Math/Science Courses
So far it has been assumed that the key treatment effect for a female student is to switch from
thinking that boys are better than girls in math or science to thinking that boys are not better (or
vice versa). In other words, female students in the treatment group think that boys are better than
girls in math or science, while those in the control group think either that boys and girls are the
same, or that girls are better. Therefore, one way to check for heterogeneity in this model is to
split the control group. This is equivalent to adding as additional regressor in the above model
another indicator variable equal to one if the 9th grader believed that girls are better than boys in
math or science, zero otherwise. By doing so, I obtain that if a female student thinks that boys
are better, she is almost 6 percentage points less likely to enroll in an advance math or science
class while in high school (compare with -0.074 in the first column of Table 4). On the other
hand, the coefficient of the new regressor is positive (0.047) with a p-value of 0.06. In addition
to this, I have also tried to use a trichotomous variable: zero if the student believes that girls are
better, one if she believes that boys and girls are the same, two if she believes that boys are
better. The estimated coefficient is -0.05 and it is highly significant.
It is also important to remember that there are still schools in which AP courses are not offered.
In fact, around 10% of the schools in the sample do not offer any AP course on-site. In
particular, 23% do not offer Calculus AB, while 34% do not offer Biology even if they are both
popular AP courses in the US. Nevertheless, results similar to the main section are obtained by
estimating the same equations as the ones in Table 3 but only for students in schools which offer
AP classes on-site. The same can be said if the same specifications of Table 3 are augmented by
including whether the school offer AP/IB courses in Calculus or Biology as regressors.
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A5. Sensitivity Analysis for Empirical Section III: STEM Major
In order to take into account the endogeneity of students’ beliefs in their college major choice, a
different approach than the traditional IV follows (Lewbel, 2012) and uses heteroscedasticity to
estimate a triangular model. In other words, without exclusion restrictions, the relevant system is
the following:

Where the notation is the same of the OLS section (Paragraph 7.1). Identification is obtained by
assuming that

Where zi is observed and it can be a subset of xi. The first two assumptions are common and state
that there is heteroscedasticity in the error term. On the other hand, the last one is the key
assumption and needs to be carefully considered. This is a heteroscedasticity covariate restriction
and, as discussed in the original paper, it is satisfied immediately if the two error terms are
conditionally independent. Moreover, even if the error terms are correlated, the assumptions can
hold in the classical measurement error framework or when a common unobserved factor is
included in both equations. The latter is the most relevant in this case since such unobserved
factor could be individual ability. Lastly, since here both STEMi and bi are binary indicators, it
should be pointed out that the last assumption would not hold if zi coincided with xi. Therefore,
only a proper subset of the exogenous regressors have been included in zi. The estimate
coefficient of student’s belief is consistent with the linear IV estimate showed in Table 5,
although the magnitude is closer to the OLS estimate (-0.27 and p-value of 0.66)27.
Another approach imposes normality on the distribution of the error terms. It is then possible to
estimate the following bivariate probit model.

27

This is consistent with (Sabia, 2007). This estimate has been obtained by including in zi all the demographic and geographical
indicators, and by adding whether the science teacher listens to students’ ideas and his/her belief to the list of excluded
instruments. These estimates have been obtained using the Stata command ivreg2h (Baum & Schaffer, 2012). Similar
estimates has been obtained with only one exclusion restriction (teacher listens to students) and the same zi. In addition to this,
similar estimates have also been obtained without any exclusion restriction and by including in zi all the exogenous regressors
except the school characteristics.
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Where the star superscript indicates the latent variable. Note that x1i and x2i can include different
regressors. Indeed, (Mourifie & Meango, 2014) showed that a bivariate Probit regression with a
dummy endogenous regressor, without heteroscedasticity and without exclusion restrictions is in
general only partially identified, thus contradicting (Wilde, 2000). Furthermore, (Freedman &
Sekhon, 2010) argued against using a two-step correction in these kind of models. However, they
showed that under certain conditions the model is identified. Similarly, (Han & Vytlacil, 2015)
showed that an exclusion restriction is sufficient (but not necessary) for identifications when the
two equations have common exogenous covariates. It is then possible to use the same exclusion
restrictions of the linear IV (Table 5), i.e. science teacher’s behavior and belief. Using the
resulting estimates, the marginal effect of student’s beliefs on the (marginal) probability of
choosing a STEM major is -0.39 with the 95% confidence interval [-0.61; -0.16].
A natural extension consists in estimating a trivariate probit model (Cappellari & Jenkins, 2003)
where one equation refers to the student’s beliefs in science, one to the student’s beliefs in math,
and one to the STEM major choice. The latter, similarly to the bivariate probit model just
discussed, includes both beliefs as regressors. As in the other models, the exclusion restriction
for the first equation is satisfied by using 9th grade science teacher’s belief and behavior. In
addition to this, the second equation (math belief) has 9th grade math teacher’s belief and
behavior as additional regressors. The estimated coefficient can then be used to estimate the
marginal effect of student’s science beliefs on the (marginal) probability of choosing a STEM
major. Such effect is negative, and then magnitude is more similar to the OLS estimate than the
bivariate probit one. A similar result is obtained if both teachers’ behaviors and beliefs are
included in the two equations as exclusion restrictions, or if only teacher’ behavior is used as
exclusion restriction.
In addition to this, I have also tried alternative instruments for female students’ belief in the
linear IV model. In particular, I have attempted to use the average beliefs among the interviewed
students in the same school. Indeed, 9th graders are likely to be affected by their peers. As
expected, the first stage shows a strong correlation between student’s and peers’ beliefs.
Moreover, there is no clear direct connection (after having controlled for the observable
determinants) between major choice in college and what the fellow students in high school
believed in 9th grade. Therefore, peers’ average belief appears to be a valid instrument.
Unfortunately, the estimates in the second stage are extremely imprecise, so it is not possible in
this case to claim that the (LATE) coefficient of student’s belief is statistically different from
zero.
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A final worry is related, again, to a potential omitted variable bias. Indeed, the HSLS:09 does not
include any information on students’ beliefs before 9th grade. However, this should not be an
issue in the second part of the analysis since the student’s beliefs in 8th grade affect the decision
to take advance classes in math and science, as well as the college major choice, only through
her beliefs later in high school. In other words, they do not have a direct effect on these
dependent variables. As far as the first section is concern, beliefs in 8th grade do have a direct
effect on beliefs in 9th grade and, since they may differ between math and science, they may not
be included in the between-subject student fixed effect. Nevertheless, the parents’ beliefs and the
student’s performances in 8th grade should offer an approximation for such beliefs. Despite these
controls, I cannot exclude that if the students had different beliefs in math and science in 8th
grade, this may have affected her selection of math and science teachers in 9th grade. In other
words, a limitation of this study is that it is not possible to verify whether the sorting mechanism
is influenced by the students’ beliefs in middle school.
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