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occupation, with a specific focus on differences between females and males. Indirect

effects are determined by examining the effects a mother with an advanced degree has

on various adolescent and adult predictors of a STEM occupation, including: math

self-efficacy, math abilities, number of hours spent on homework, motivation, future

expected career, ACT scores, math ACT scores, number of advanced STEM courses in

high school and postsecondary school, high school and postsecondary GPA, Calculus

coursework, and college major. This study uses the Education Longitudinal Study of

2002 from the National Center for Education Statistics. This research finds support

for previous literature that these STEM predictors actually do predict a major and

occupation in STEM. Further, this study finds that a mother with an advanced degree

has both direct and indirect impacts on STEM predictors throughout all time periods,

most notably in the high school achievement period. Finally, this paper finds that a

mother with an advanced degree has both a negative direct and indirect effect on her

son’s participation of a STEM occupation, but a positive effect on her daughters.
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1 Introduction

STEM1 (Science Technology Engineering Math) majors and STEM occupations are some

of the most lucrative majors and occupations (Zafar, 2013). Many STEM occupations are

male-dominated though, and there has been a growing concern about the gender gap in

this field. For instance, the Bureau of Labor Statistics reports that only 13.6% of architects

and engineers were women in 2011 (bur, 2011). Since lucrative fields, such as STEM, are

male-dominated, a gender gap in earnings is created in the general population. Due to

this, it is important to examine what influences students to choose STEM and non-STEM

occupations.

I will examine how a mother with an advanced degree directly and indirectly affects a

daughter’s likelihood of participation in a STEM occupation compared to a son’s. Direct

effects include how a STEM occupation is explicitly regressed on maternal attainment of

an advanced degree. Indirect effects, on the other hand, will initially look at the impact

of maternal attainment of an advanced degree on four different pivotal STEM predictor

periods: high school STEM preparedness, high school achievement, between high school

and postsecondary school, and postsecondary STEM achievement. STEM occupation

will then be regressed on these predictors to see how mother’s educational attainment

indirectly affects STEM occupation. The data used are from the Educational Longitudinal

Study of 2002 from the National Center for Education Statistics.

Previous literature found that the disproportionate female STEM representation is due

to pre-college factors and that same-gender educators appear to impact STEM partici-

pation (Zafar, 2013; Ceci et al., 2014; Hoffmann and Oreopoulos, 2009; Griffith, 2014).

Further studies have found that fathers have an impact on a student’s major choice (Leppel

et al., 2001). However, there currently exists a gap that examines how same-gender role

models at younger ages impact a daughter’s participation in a STEM occupation. There is

also not research on how same-gender role models indirectly impact STEM occupation

participation. Thus, this research will try to fill that gap by examining how mother inputs

1In this paper, STEM is defined by the STEM SMART grant definition (sma, 2016). A list of majors

included in the STEM SMART grant definition can be found in Appendix A.
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specifically impact a woman’s occupation choice directly and indirectly in adolescence

and adulthood.

The remainder of this paper goes as follows: Section 2 examines the literature surround-

ing women in STEM and same-gender role models. Section 3 discusses the conceptual

framework of the educational production function. Section 4 presents specifications to

and necessary assumptions of the educational production function. Section 5 describes

the the data used from the Education Longitudinal Study of 2002. Section 6 presents

estimated coefficients for these models. Section 7 provides interpretations of the estimated

parameters of these inputs, examines potential limitations and robustness checks, and

concludes.

2 Literature

Prior literature suggests same-gender role models influence college major choice (Hoff-

mann and Oreopoulos, 2009; Griffith, 2014). The gender breakdown of students in various

fields is influenced by the lack of same-gender role models. Griffith (2014) and Rask and

Tiefenthaler (2008) found that female students in male-dominated, quantitative fields

are slightly more likely to get a higher grade with a female professor, and, similarly, men

in female-dominated fields were more likely to get a higher grade with a male professor.

They also found that male students were slightly more likely to get a lower grade with a

female professor. Further, Zafar (2013) and Griffith (2010) found that the grades a student

gets in a field positively impact the student’s continuation in the major. Therefore, the lack

of same-gender role models for women in male-dominated fields negatively impacts their

grades, which in turn discourages them from further pursuing the major. Thus high ratios

of men to women professors in STEM fields are pushing women out of these fields while

simultaneously pulling men into them.

While same-gender educators appear to influence students, there are various expla-

nations as to why that is. Hoffmann and Oreopoulos (2009) hypothesized that these

role models appear to influence students of the same gender because women know how

to relate and teach women better while men know how to relate and teach men better.
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Another explanation is that same-gender educators are influential due to differences in per-

ceived gender preferences. Zafar (2013) found that males and females both value majors

by workplace outcomes, however they value different workplace outcomes; males value

pecuniary outcomes, such as social status of the job, while women value non-pecuniary

outcomes, such as reconciling work and family or enjoying work. A student will choose a

college major based on whether they think that college major will or will not fit in with

their preferences. When women do not see many same-gender educators in a field, beliefs

that the field will not balance work and family or that the field is not enjoyable by women

are reinforced. On the other hand, when women see female faculty in STEM, these beliefs

are challenged.

While it appears that same-gender role models influence students, these role models

are more influential at earlier points in life. Hoffmann and Oreopoulos (2009) found that

role models were less likely to impact students in higher levels of college than students in

lower levels of college. Further, Zafar (2013) claims that the preferences that determine

choice of college major appear to already be set by college. Thus he recommends exam-

ining how these preferences are set at earlier points in life. This was further supported

when Bottia et al. (2015) found that students who attended high schools with more female

math and science teachers were more likely to both declare and finish a STEM major in

college. Similarly, Ceci et al. (2014) found that pre-college life experiences create the

gender disparity in quantitative fields.

Since same-gender role models influence students more at earlier life stages, parents

have a significant impact on a child’s education attainment (Zafar, 2013; Leppel et al.,

2001). Specifically, a child’s education experience is impacted by the amount of education

a parent obtains. Huesmann et al. (2010) found that the amount of parental education

indirectly affects a child’s education attainment through adolescent aspirations and educa-

tional success. However, there are more direct effects as well. Zafar (2013) found that a

student is more likely to choose a major he or she thinks will most gain the approval of his

or her parents. Further, Rothstein (1995) found that a mother’s educational attainment

influences whether her daughter obtains an advanced degree. More research needs to be

done as to why a mother’s educational attainment influences education attainment.

5



Perhaps the most closely related work to my own is The Impact of Parental Occupa-

tion and Socioeconomic Status on Choice of College Major by Leppel et al. (2001). These

researchers find that daughters who had mothers or fathers in an executive or professional

career were more likely to choose science/engineering. While Leppel, Williams, and

Waldauer examined how parental careers influence a college choice of major, my research

will examine how parental educational attainment impacts a daughter’s choice of major

both directly and indirectly.

3 Conceptual Framework

I am attempting to discover the degree to which a mother with an advanced degree im-

pacts her child’s occupational choice. Further, I am trying to discover the specific ways

in which this advanced degree will impact occupational choice. Perhaps a mother who

has an advanced degree helps their child by giving them advice, helping them with job

connections, or only because they teach them proper study skills at younger ages. I will

use a STEM production function to examine the mechanisms a mother with an advanced

degree uses.

An educational production function looks at the relationship between various educa-

tional outcomes and a series of inputs (Hanushek, 1986). Similarly, a STEM production

function is a production function that looks at STEM specific outcomes. The STEM pro-

duction function will be similar to an educational production function in the sense that it

will mostly measure educational outcomes, however it will be extended in that it will also

measure one occupational outcomes.

The STEM production function varies based on time period. In this case, assume there

are five different time periods: high school preparedness up through sophomore year, high

school achievement by the end of high school, the period between high school and postsec-

ondary school, postsecondary school achievement by the end of postsecondary school, and

an occupation period that begins eight years after most of these students graduate high

school. While these specific periods are somewhat arbitrary, I chose these periods because

they each have a natural collection of measurable outcomes. Then individuals produce
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a variety of STEM outcomes in these periods that later predict participation in a STEM

occupation. Let these period-dependent outcomes be denoted by the following sets:

HSP := set of outcomes from high school preparedness period (1)

HSA := set of outcomes from high school achievement period (2)

BHSP S := set of outcomes from between high school and postsecondary

school period (3)

P SA := set of outcomes from postsecondary achievement period (4)

O := set of outcomes from occupation period (5)

Elements in these sets are outcomes specific to that period.

Additionally, certain outcomes from prior periods become inputs into future outcome

production functions. Consider, for instance, the number of advanced STEM courses a

student took in high school, which would be an outcome in HSA. Perhaps this outcome

serves as a input into the P SA production function, as the increased exposure to these

difficult classes in high school made STEM courses in postsecondary school seem easier.

Then outcome psa ∈ P SA production function takes some inputs from the high school

achievement outcomes, denoted HSApsa ⊆HSP . In this case, HSApsa is a set of outcome

variables from the high school achievement period that serve as inputs for the a specific

outcome in the postsecondary school achievement period. Thus a subscript on sets (1)

through (5) denotes an outcome in a time period for which a subset of these prior outcomes

become inputs.

Similar to the educational outcomes, these STEM outcomes are created from a variety

of environmental and innate inputs (Hanushek, 1986; Levin, 1970). Though there are a

variety of other factors inputed into the production function, I will specifically focus on

inputs from mothers. Conceptually, mothers give their children different tools and skills,

such as math help or job advice, throughout the five periods. Some of these tools and skills

influence STEM outcomes. These tools and skills given by the mother are represented
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with the following five sets

MHSP := set of tools and skills mother generally provides individual

during high school preparedness period

MHSA := set of tools and skills mother generally provides individual

during high school achievement period

MBHSP S := set of tools and skills mother generally provides individual

during between high school and postsecondary school period

MP SA := set of tools and skills mother generally provides individual

during postsecondary school achievement period

MO := set of tools and skills mother generally provides individual

during occupation period (6)

Elements in these sets represent a specific tool or skill given in that period. Different

mothers likely give these tools in different time periods, however these inputs are put into

sets based on when they are generally given.

The STEM production functions are cumulative in the sense that they looks at not only

contemporaneous inputs, but also prior inputs (Levin, 1970). These inputs can come into

play at later periods even if they did not come into play in the period they were given. For

instance, a mother may teach study skills in the high school achievement period, but for

whatever reason this skill may not come into play until the postsecondary achievement

period. Then MHSA
psa denotes the subset of skills given in the high school achievement

period that come into play for an outcome psa ∈ P SA. Thus the superscript denotes the

time period in which the mother gave the skill, and the subscript denotes the outcome for

which the skills came into play.

Previous outcome variables should still be in current STEM production function
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even if the current STEM production function accounts for previous mother inputs that

affected this previous outcome variable. For example, ACT score should be included in

a postsecondary achievement production function even if all mother inputs into ACT

score were also included. This is because there could be some variability in the previous

outcome that mother inputs could not account for. For instance, perhaps a student got

lucky on his or her ACT score and correctly guessed on a large sum of questions. Thus

their score was not based on mother inputs, but on luck. However, perhaps this higher

ACT score positively impacted his or her future STEM outcomes. If ACT score was not

accounted for in a future production function, this additional boost from the ACT score

could not be accounted for.

Additionally, there are extra inputs into the STEM production function that are not

given by the mother. Let these other inputs be represented by the set

X := set of all other inputs (7)

Subsets of (7) come into play at different times. For instance, Xhsp ⊆ X denotes additional

inputs for outcome hsp ∈ HSP . Finally, there is an error term that allows for additional

variability within each outcome. A subscript on this error term, ε, denotes which outcome

the error term corresponds to.

With these inputs in mind, the high school preparedness production function is

hsp = fhsp(MHSP
hsp ,Xhsp,εhsp) (8)

for all outcomes hsp ∈HSP . Since there is not a specific input for childhood inputs, this

first production function absorbs any early life differences between individuals, including

both innate and environmental factors. The remaining STEM production functions should

not be influenced by these early life inputs because the outcomes in the first production

function absorbed them. The high school achievement production function is

hsa = fhsa(M
HSP
hsa ,MHSA

hsa ,HSPhsa,Xhsa,εhsa) (9)

for all outcomes hsa ∈HSA. The between high school and postsecondary school production

function is

bhsps = fbhpsps(M
HSP
bhsps,M

HSA
bhsps,M

BHSP S
bhsps ,HSPbhsps,HSAbhsps,Xbhsps,εbhsps) (10)
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for all outcomes bhsps ∈ BHSP S. The postsecondary achievement production function is

psa = fpsa(M
HSP
psa ,MHSA

psa ,MBHSP S
psa ,MP SA

psa ,HSPpsa,HSApsa,BHSP Spsa,Xpsa,εpsa) (11)

for all outcomes psa ∈ P SA. Finally, the occupation production function is

o = fo(M
HSP
o ,MHSA

o ,MBHSP S
o ,MP SA

o ,MO
o ,HSPo,HSAo,BHSP So, P SAo,Xo,εo) (12)

for all outcomes o ∈O.

4 Empirical Specification

4.1 Defining The Production Function

The production functions produce STEM outcomes throughout the five time periods for

individual i. Let s(i) refer to the high school that individual i attended. Assume the

production functions are linear2.

Suppose (6) varies based on a mother’s level of education. These production functions

will specifically examine how mother inputs vary based on whether or not she has an

advanced degree. ThenMADi represents inputs specific to mothers with advanced degrees.

This is a binary variable that takes a value of one when individual i’s mother has an

advanced degree and zero otherwise. Since gender appears to impact STEM outcomes,

gender also needs to be incorporated into the production function (Zafar, 2013). Hence

let FEMi represents a binary variable that has a value of one when the individual i

is female, and zero if male. An interaction term between MADi and FEMi allows for

differences between males and females in higher educated mothers inputs. Let Ii , Fi , and

SS(i) represent a vector of individual, familial, and high school controls dependent on i,

respectively. Then (7) is redefined as a vector Xi := [Ii ,Fi ,Ss(i)]. Additionally, (7) includes

father inputs, such as whether or not he has an advanced degree. This is represented as

the binary variable FADi , which takes a value of one if the father has an advanced and a

value of zero otherwise. An additional interaction term between FADi and FEMi allows

2Though the literature does provide some examples of nonlinear education production functions, many

education production functions are linear (Hanushek, 1979).
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comparisons between mother inputs and father inputs amongst the genders. Let HSPOi ,

HSAOi , BHSP SOi , and P SAOi represent a vector of outcomes that correspond to the

elements in (1), (2), (3), and (4) respectively.

It is difficult to measure prior and contemporaneous subsets of (6). Attempts to

measure mother contemporaneous inputs can result in unintentionally picking up residual

components from previous mother inputs, as well as residual components from Xi . To

account for this issue, assume prior inputs from mothers only impact prior outcomes for

the remaining sections. These prior outcomes then absorb any effects from prior inputs.

For example, assume that in (9) HSPhsa fully absorb MHSP
hsa . Then MADi will only pickup

inputs from the current period. Finally, assume Xi fully captures all other inputs into

the production functions, so that MADi is exogenous and the residual component of Xi is

uncorrelated with mother’s education.

With equation (8) and these assumptions in mind, the high school preparedness

production function is modeled as

outcomeji = β0j + βXjXi + βFEMjFEMi + βFADjFADi + βFADFEMjFADi ×FEMi

+ βMADjMADi + βMADFEMjMADi ×FEMi + εji (8A)

∀ outcomes j ∈HSP . The high school achievement production function (9) is modeled as

outcomeki = β0k + βXkXi + βFEMkFEMi + βFADkFADi + βFADFEMkFADi ×FEMi

+ βMADkMADi + βMADFEMkMADi ×FEMi +αHSPOkHSPOki + εki (9A)

∀ outcomes k ∈HSA. The between high school and secondary school production function

(10) is modeled as

outcomeri = β0r + βXrXi + βFEMrFEMi + βFADrFADi + βFADFEMrFADi ×FEMi

+ βMADrMADi + βMADFEMrMADi ×FEMi +αHSPOrHSPOri

+αHSAOrHSAOri + εri (10A)
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∀ outcomes r ∈ BHSP S. The postsecondary achievement production function (11) is

modeled as

outcomeli = β0l + βXlXi + βFEMlFEMi + βFADlFADi + βFADFEMlFADi ×FEMi

+ βMADlMADi + βMADFEMlMADi ×FEMi +αHSPOlHSPOli

+αHSAOlHSAOli +αBHSP SOlBHSP SOli + εli (11A)

∀ outcomes l ∈ P SA. Finally, the occupation production function (12) is:

outcomehi = β0h + βXhXi + βFEMhFEMi + βFADhFADi + βFADFEMhFADi ×FEMi

+ βMADhMADi + βMADFEMhMADi ×FEMi +αHSPOhHSPOhi

+αHSAOhHSAOhi +αBHSP SOhBHSP SOhi +αP SAOhP SAOhi + εhi (12A)

∀ outcomes h ∈O.

Under these assumptions, βMADt and (βMADt + βMADFEMt) for outcome t ∈ HSP ∪

HSA∪ BHSP S ∪ P SA∪O are interpreted as the difference in inputs between mothers

with an advanced degree and mothers without an advanced degree for males and females

respectively. This analysis will not distinguish between the difference in magnitude of the

inputs and the the difference in the number of inputs between more and less educated

mothers. For instance, a mother with an advanced degree may positively impact ACT

score because she forced her child to go to an ACT prep course (different number of inputs)

or because she emphasized the importance of ACT scores more than a mother with less

education (difference in magnitude of inputs).

I hypothesize that both βMADt and (βMADt + βMADFEMt) will be greater than zero for

all outcomes that positively predict future STEM outcomes, and less than zero for all

outcomes that are inversely related to future STEM outcomes. That is, I hypothesize that

mother with advanced degree inputs are larger for a son or daughter than mother without

advanced degree inputs. Taking into account same-gender role model hypothesis, I further

predict that (βMADt + βMADFEMt) will be larger than βMADt for outcomes that positively

predict STEM outcomes, and will be smaller for outcomes that are inversely related to

STEM outcomes. That is, I hypothesize that mother with advanced degree inputs are larger

for daughters than sons. Finally, I hypothesize that (βMADt + βMADFEMt) is larger than
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(βFADt + βFADFEMt). In other words, I assume that mother with advanced degree inputs

are larger on a daughter than are father with advanced degree inputs.

4.2 Calculating Direct and Indirect Effects

The mother adds direct effects and indirect effects through predictors of that period’s

success. Define outcome z ∈ HSP ∪HSA∪ BHSP S ∪ P SA∪O. Then a mother with an

advanced degree has a βMADz direct effect on men and (βMADz + βMADFEMz) direct effect

on women for outcome z.

Let the function period(x) be defined as the period of variable x. For instance, period(ACT score) =

HSA. Define the function prior(y) as a union of all periods before period y. For instance,

prior(P SA) =HSP ∪HSA∪BHSP S. Then for each vector of prior outcomes p for variable

v, the sum of all αpvpvi can be written as∑
q∈prior(period(v))

αqvqi

Then a mother with an advanced degree has an indirect effect for variable v ∈ HSA ∪

BHSP S ∪ P SA∪O of magnitude ∑
q∈prior(period(v))

αqvβMADq

on her son, and an indirect effect of magnitude∑
q∈prior(period(v))

αqv(βMADq + βMADFEMq)

on her daughter.

A mother with an advanced degree has a total effect on variable v, which is defined as

the sum of the direct and indirect effects for v.

5 Data

5.1 Dataset

The dataset used is the restricted access Educational Longitudinal Study of 2002 (ELS

2002) from the National Center for Education Statistics (els, 2002). The 16,197 individuals
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from 750 high schools are a nationally representative sample of students in the United

States, and were obtained through cluster sampling.

This dataset utilized is panel data. The nature of this research requires access to

student inputs at various points in time. Fortunately, ELS 2002 surveys students over a

course of ten years, initially surveying students in tenth grade (2002), and then following

up two years later (2004), four years later (2006), and ten years later (2012). ELS 2002

includes high school transcripts, postsecondary transcripts, and higher entrance exam

data. Furthermore, this research requires access to parental and nonparental inputs. ELS

2002 surveys parents, high school administrators, and high school teachers.

There are a few limitations to this dataset. Ideally this dataset would obtain parental

inputs throughout the ten years; unfortunately, it only surveys the parents in the base year.

Nevertheless, this dataset has a rich collection of parental inputs. Another problem is that

this dataset has a large amount of missing data. Percentages of missing data for primary

independent variables, outcome variables, and control variables can be found in Table 1,

Table 2, and Appendix B.

5.2 Measuring Time Periods

The framework is based on five different time periods: high school preparedness, high

school achievement, between high school and postsecondary school, postsecondary school

achievement, and occupation period. This section will define how these periods will be

empirically measured with ELS 2002.

High School Preparedness

Previous literature suggests various predictors of a STEM occupation or STEM college

major consistent with the high school preparedness period (Moakler and Kim, 2014;

McDill et al., 1967; Wang, 2013; Bieri Buschor et al., 2014; Veenstra, 2008). Thus I will

measure high school preparedness with five different variables and now define the set (1)
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as

HSP := {math self-efficacy, math test score, time spent on homework,

motivation, prediction of STEM occupation} (1A)

Math self-efficacy is the belief that one can succeed and accomplish tasks in mathe-

matics (Bandura, 1977). This variable was created by standardizing individual’s personal

rankings of the following five statements: “Can do excellent jobs on math test,” “Can

understand difficult math texts,” “Can understand difficult math class,” “Can do excellent

jobs on math assignments,” and “Can master math class skills.” Higher values of math

self-efficacy mean the individual has more self-efficacy.

Math test score was taken from an math test administered by ELS 2002 at the beginning

of the study. This score was then estimated to the population as a whole to assess an

individual’s abilities compared to his or her peers.

Hours spent working on homework is the number of hours a student spent on home-

work in school or out of school per week. Students who spent more than 21 hours on

homework out of school or 26 hours in school were coded as missing.

Motivation is a variable that measures extrinsic motivation (motivation to accomplish

goals). It was constructed by standardizing individual’s personal rankings of the following

three statements: “Studies to get a good grade,” “Studies to increase job opportunities,”

“Studies to ensure financial security.” This variable also incorporates awareness of nonpe-

cuniary preferences. Higher values mean the individual has higher extrinsic motivation.

Prediction of STEM occupation is a binary variable that measures whether or not a

student predicted having a STEM occupation at age thirty as of their tenth grade year. A

value of one means the student predicted having a STEM occupation at age thirty, and a

value of zero means the student predicted having a non-STEM occupation at age thirty.

High School Achievement

Prior literature suggests various predictors of a STEM occupation or college major consis-

tent with the high school achievement period (Bottia et al., 2015; Griffith, 2010; Moakler

and Kim, 2014; Wang, 2013; Veenstra, 2008). Hence I will measure this period with five
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different variables, and redefine (2) as the set

HSA := {ACT score, math ACT score, advanced STEM courses, GPA,

Calculus coursework} (2A)

ACT score is an individual’s overall ACT (Advanced College Test) or SAT (Scholastic

Achievement Test) score, converted into ACT units. Both of these tests are higher education

placement exams. Math ACT score measures the score an individual got on the math

section of the ACT or SAT, converted into ACT units.

Advanced STEM courses is a measurement of the number of AP/IB (Advanced Place-

ment/International Baccalaureate) STEM courses the individual took in high school. GPA

(grade point average) is high school GPA converted to a four point scale.

Calculus coursework is a binary variable that measures whether a student took any

Calculus coursework in high school. A value of one indicates an individual did take at

least one Calculus course, while a value of zero indicates an individual did not.

Between High School and Postsecondary School

This period uses two variables to measure the period between high school and postsec-

ondary school. Thus the set (3) is represented as

BHSP S := {time between high school and postsecondary school,

attendance of postsecondary institution} (3A)

The time between high school and postsecondary school is measured as the number

of months an individual took between high school graduation and postsecondary school

attendance. This variable accounts for prior literature, which suggests that a higher

percentage of younger students major in STEM fields than than older students (Chen,

2009).

Attendance of postsecondary institution is a binary variable. It has a value of one

if the student ever attended a postsecondary institution and zero if the student did not.

This variable is included because higher education typically is associated with a STEM

occupation (Beede et al., 2011).
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Postsecondary School Achievement

Literatures suggests various predictors that measure participation in a STEM occupation

that are consistent with the postsecondary school achievement time period (Glass et al.,

2013; Griffith, 2014; Rask and Tiefenthaler, 2008). I will measure postsecondary school

achievement with three variables and define (4) as

P SA := {number of STEM courses, STEM GPA, STEM major} (4A)

The number of STEM courses is a variable that measures how many STEM courses an

individual took in postsecondary school. STEM GPA measures the individual’s GPA in all

STEM courses at their postsecondary institution, converted to a four point scale. STEM

major is a binary variable that indicates whether a student majored in a STEM field at

their postsecondary institution. It has a value of one if he or she majored in a STEM field

and a value of zero if he or she did not.

Occupation

The occupational period will be measured with one variable, whether or not the individual

works in a STEM field. Thus the set (5) is defined as

O = {STEM occupation} (5A)

STEM occupation is a binary variable that has a value of one if the individual works

in a STEM field and a value of zero if the individual does not work in a STEM field as of

2012. If the individual was on track to graduate high school, this is eight years after high

school graduation.

5.3 Sample Characteristics

Table 1 displays the means and standard deviations for the primary independent variables

of interest. This table shows that 50% of the data are female, 9.2% have a mother with an

advanced degree, and 14.2% have a father with an advanced degree.

Table 2 displays the means, standard deviations, minimum values, and maximum
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values for all outcome variables. Table 3 shows the proportion of each binary variable that

is female or male. For instance, it shows that 36% of STEM majors are women.

Males and females have similar averages for most outcomes, however there are a few

exceptions. Math self-efficacy in the high school preparedness period displays that the

average female has a math self-efficacy score that is 0.111 standard deviations below the

mean, while the average male has a math self-efficacy score that 0.182 standard deviations

above the mean. However, females on average are .08 standard deviations above males on

the motivation scale.

Table 1 shows that 12% of males predict having a STEM occupation at the age of thirty,

whereas only 4.2% of females do. Table 3 shows that 27.08% of individuals who predicted

having a STEM occupation at 30 were female, while 72.9% were male. Table 1 shows that

males tend to preform a little over one point higher than women on the math section of

the ACT, though this difference is not seen in the overall ACT score. On the other hand,

women’s GPA is 0.341 above men’s on average. Men tend to take 2.048 more STEM courses

than women in postsecondary school, though women’s average STEM GPA is 0.154 higher

than men’s average STEM GPA. Almost a quarter of men major in a STEM field, while only

about 10% of women major in a STEM field. Table 3 shows that 36% of STEM majors are

women, while 63% are men. Table 1 shows that 9.5% of men and 3% of women work in a

STEM occupation at the third follow up. Table 3 shows women make up about 24% of

STEM occupations, while men make up 75%. This is consistent with literature (bur, 2011;

Beede et al., 2011).

Table 2 shows that an individual who has a mother with an advanced degree has

higher means for every outcome variable than an individual who does not have a mother

with an advanced degree, except the amount of time taken between high school and

postsecondary school. Further, it shows that more individuals with higher educated

mothers major and work in STEM fields than individuals with less educated mothers.

Hence this table supports the hypothesis that a mother with an advanced degree does

impact STEM participation throughout the life course.

Table 2 shows that there is a large amount of missing data. This creates the risk of

looking at unintended populations. Assume these variations in missing data do not change
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the population being looked at across variables. Potential problems with this assumption

will be discussed in section 7.

A list of sample statistics for individual, family, and high school controls can be found

in Appendix B.

6 Results

Tables 4 through 8 contain regressions split by the five time period. These tables include

a mother’s direct, indirect, and total effects on a series of variables. These effects are

categorized by gender. The mother’s direct effect is the amount to which a mother with an

advanced degree impacts that specific dependent variable. The mother’s indirect effect

in each table is the amount a mother with an advanced degree impacts predictors of the

variable. It is cumulative in that Table 6’s indirect effects are the results of Table 4 and

Table 5, and so on. The mother’s total effect in each table is a sum of the mother’s direct

and indirect effect. All tables control for individual, family, and high school variables.

Tables that display control coefficients can be found in Appendix C.

Ordinary least square regression is reported for continuous variables, while marginal

effects at the means from probit model are reported for binary variables in all regression

tables. R-squared means pseudo R-squared for binary variables.

6.1 Statistical Significance

A majority of the reported coefficients in tables 4 through 8 are not statistically significant.

That is, there is not sufficient evidence to conclude that the population coefficients are

not equal to zero. Specifically, there were almost interaction terms between mother with

an advanced degree and female that were statistically significant. Even though these

coefficients are imprecisely estimated, they are still the best estimate we have for the

population coefficient.
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6.2 Direct and Indirect Effects

High School Preparedness

Table 4 contains the regressions of the measurements of high school preparedness on all

students in the sample, including math self-efficacy, hours spent on homework per week,

math test score, motivation score, and prediction of STEM occupation at age thirty.

Columns (a) and (d) in Table 4 represent the amount to which a one unit increase in a

regressor impacts the standard deviation of an individual’s math self-efficacy score and

motivation score, respectively. Hence a mother with an advanced degree increases her

son’s math self-efficacy score by 0.032 standard deviations and increases her daughter’s

math self-efficacy score by 0.082 standard deviations. Further, a mother with an advanced

degree increases her son’s motivation score by 0.079 standard deviations and decreases

her daughter’s motivation score by 0.047 standard deviations.

Columns (b) and (c) represent the amount to which a one unit increase in a regressor

increase the number of hours spent on homework per week and the math test score,

respectively. So a mother with an advanced degree increases her son’s hours spent on

homework by 0.199 hours and decreases her daughter’s by 0.453 hours. Meanwhile, a

mother with an advanced degree increases her son’s math test score by 1.176 points while

only increasing her daughter’s by 0.838 points.

Column (e) represent the amount to which a one unit increase in a regressor at the

means increases the probability that a student predicts having a STEM occupation at age

thirty. This column shows that a mother with an advanced degree decreases her son’s

probability of predicting a STEM occupation by 0.8% and increases her daughters by 0.6%

at the means.

Table 4 shows that a mother with an advanced degree directly impacts a son more than

a daughter for every measurement of high school preparedness except math self-efficacy

and prediction of STEM occupation at age thirty, which is contrary to same-gender role

model hypothesis.

Mothers with an advanced degree have a larger effect than fathers in all cases except

hours spent on homework per week and motivation score for women. This is consistent
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with same-gender role model theories. A father with an advanced degree has a larger

impact than mothers for men in all categories except motivation.

High School Achievement

Table 5 contains the regressions of the measurements of high school achievement on all

students in the sample, including: the individual’s overall ACT score, math ACT score, the

number of AP/IB STEM courses taken, GPA, and whether the individual took Calculus.

Columns (a), (b), (c), and (d) in Table 5 represent the amount to which a one unit

increase in a regressor increase the dependent variable. A mother with an advanced degree

directly increases her son’s and her daughter’s respective overall ACT score by 0.617 and

0.439 points; math ACT score by 0.487 and 0.336 points; number of AP/IB STEM courses

by 0.234 and 0.109 Carnegie Units; and GPA by 0.075 and 0.072. Thus a mother impacts

her son more than her daughter in all categories. Column (e) represents the amount

to which a one unit increase in a regressor impacts the probability that a student took

Calculus in high school at the means. A mother with an advanced degree directly increases

the probability that her son took Calculus by 4.9%, while only increasing her daughter’s

probability by 2.7% at the means. This is contrary to the hypothesis that a mother would

increase her daughter’s high school achievement more than her son’s.

Further, Table 5 shows that all male indirect effects are greater than female indirect

effects, and all male total effects are larger than female total effects. This is not consistent

with initial same-gender role model hypothesis. For example, this table displays that a

mother with an advanced degree indirectly increases her son’s ACT score by 0.456 points,

and in total increases her son’s ACT score by 1.074 points.

Table 5 shows that a father with an advanced degree impacts his daughter more than a

mother with an advanced degree in every category except the number of advanced STEM

courses taken and Calculus coursework. In both of these cases a father with an advanced

degree decreases the number of courses and probability she took Calculus by 0.064 courses

and 0.2%, while a mother with an advanced degree increases it by 0.109 courses and 2.7%.

Similarly, a father with an advanced degree impacts only impacts his son more than a

mother with an advanced degree in ACT score and high school GPA. A mother with an
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advanced degree increases her son’s math ACT score, number of advanced STEM courses,

and the probability he took Calculus by 0.617 points, 0.234 courses, and 4.9%, while a

father with an advanced degree increases it by 0.879 points, increases it by 0.061 courses,

and decreased it by 1.6%. Thus a father has a larger effect on more categories for his

daughters than his sons, while a mother has a larger effect on daughters than sons. This is

contrary to same-gender role model hypothesis.

Between High School and Postsecondary School

Table 6 contains the regressions of the measurements of the between high school and

postsecondary school regression period, which includes both the number of months

between high school and postsecondary attendance and whether the individual ever

attended a postsecondary institution. Column (b) was regressed on the entire sample, while

column (a) was regressed on any student that reported ever attending a postsecondary

institution.

Column (a) in Table 6 represents the amount to which a one unit increase in a regressor

impacts the number of months between high school and postsecondary school attendance.

A mother with an advanced degree directly decreases the number of months her son

and daughter, respectively, take between high school and postsecondary school by 0.276

months and 0.554 months. Column (b) represents how much a one unit increase in a

regressor increases the probability that an individual attends a postsecondary institution

at the means. A mother with an advanced degree directly decreases the probability that

her son attends a postsecondary institution by 0.2% at the means, and her daughter by

0.3%. This is inconsistent with same-gender role model hypothesis.

Table 6 shows that a mother with an advanced degree indirectly decreases the number

of months between schooling for males by 0.146 months and for women by 0.109 months.

In total, a mother with an advanced degree decreases the number of months between

schooling for her son by 0.422 months and for her daughter 0.663 months. Further, in

total a mother increases the probability a son attends a postsecondary institution by 0.3%

at the means, while increasing a daughter’s probability by 0.7%. These results support

same-gender role model hypothesis.
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Column (a) in Table 6 shows that a father with an advanced degree decreases the

number of months his daughter takes between schooling by 0.366 months, while a mother

only decreases it by 0.089 months for a daughter. This is consistent with same-gender.

However, a mother with an advanced degree decreases the number of months her son

takes between school by 0.276 months for her son, while a father increases it by 0.187

months.

Postsecondary School Achievement

Table 7 contains regressions for the postsecondary achievement period, which includes the

number of STEM courses taken, STEM GPA, and whether a student majored in a STEM

field.

Column (a) and (b) in Table 7 represent the extent to which a one unit increase in

a regressor increases the number of STEM courses and STEM GPA. A mother with an

advanced degree directly decreases the number of STEM courses her son takes by 0.198

courses, and directly decreases his STEM GPA by 0.033 points. On the other hand, she

directly increases her daughter’s total number of STEM courses by 0.282 courses and

STEM GPA by 0.16 points. This supports the same-gender role model hypothesis. Column

(c) displays the degree to which a one unit increase in a regressor increases the probability

that an individual majored in a STEM field at the means. Shockingly, a mother with an

advanced degree directly decreases the probability that her son majors in a STEM field by

0.3% at the means and decreases her daughters by 0.8% at the means. This is contrary to

the initial hypothesis.

However Table 7 shows that a mother with an advanced degree has an overall positive

total effect on the probability that her son or daughter majors in STEM and does not have

an effect on the probability that her daughter majors in STEM. Additionally, a mother with

an advanced degree indirectly increases the probability that both her son and daughter

majors in STEM by 1.2% at the means.

Table 7 shows that fathers have more of an impact on their sons than mothers do

for number of STEM courses taken and STEM GPA. A father with an advanced degree

increases a son’s total number of STEM courses and STEM GPA by 0.543 courses and
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0.083, while a mother with an advanced degree increases it by 0.198 courses and decreases

it by 0.033. Contrarily, a father with an advanced degree decreases the probability his

son majors in a STEM field by 1.9%, while a mother only decreases it by 0.3%. On the

other hand, a mother with an advanced degree increases her daughter’s number of STEM

courses and STEM GPA by 0.282 courses and 0.16, while a father with an advanced degree

decreases it by 1.14 courses and 0.0.082. However, a father with an advanced degree

increases his daughter’s probability of majoring in a STEM field by 0.8% while a mother

decreases her daughter’s by 0.8%.

Occupation

Table 8 contains regressions from the final period: the occupation period. Column (a)

shows that a mother with an advanced degree directly decreases the probability her son

works in STEM by 6.4% at the means, while increasing her daughter’s probability of

working in STEM by 6% at the means. This supports same-gender role model hypothesis,

however it contradicts the hypothesis that a mother with an advanced degree directly

increases any child’s probability of working in STEM. A mother with an advanced degree

also indirectly increases the probability that her daughter majors in STEM by 0.7% at

the means. A mother with an advanced degree has a positive total effect on a daughter’s

probability of majoring in STEM and a negative total effect on a son’s. This is consistent

with same-gender role model hypothesis, however again it is not consistent with the

hypothesis that a mother with an advanced degree positively impacts all of her children’s

participation in a STEM occupation.

A father with an advanced degree decreases the probability that his son works in a

STEM occupation by 1.9%, while a mother decreases it by 4.6%. The father increases the

probability his daughter works in a STEM occupation by 3.3%, while a mother increases

it by 6%. A mother increases it by twice as much a father for women, which supports a

same-gender role model hypothesis. This shows that a mother has a larger impact on her

daughters than her sons, and daughters are more impacted by their mothers than their

fathers.
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7 Discussion

7.1 Limitations and Robustness Checks

I did a series of robustness checks to account for potential limitations. Tables correspond-

ing to these robustness checks can be found in Appendix D.

Constrained Model

One of the obvious limitations to this study is the large amount of missing data. There

is a large amount of data missing from each variable, which means each regression in

tables 4 through 8 is analyzing different samples. In order to do a sensitivity check,

constrained models with less missing data are reported in Appendix D. In general the

coefficients in the constrained model appears to be relatively close in magnitude to the

original model, with mother has advanced degree being slightly larger in the constrained

model. This makes sense as the constrained model does not account for various family

inputs, such as whether the parents have rules for GPA. Since the additional parental

inputs, such as having rules for GPA, are theoretically positively correlated with mother

has advanced degree and positively correlated with STEM predictors, it would make sense

that the constrained model is upward biased and thus larger than the original model.

Thus the missing data in the original models does not appear to have much of a bias.

Additionally, the STEM predictors appear to have similar magnitudes between the original

and constrained models.

Nevertheless, the amount of missing data even in the constrained model can create

bias in the sample. One of the largest percentages of missing data comes from ACT score

data, as all high school students were not required to take ACT or SAT tests at this time.

This can specifically bias the coefficients upward, as students from lower income brackets

are less likely to take these tests in this data3.

Additional limitations stem out of the fact that some of the missing data appears to be

360% of students in the lowest income bracket (0-$25,000) had a missing ACT score, whereas only 17%

of students were missing ACT score in the highest income bracket ($200,000 or more).
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conditional on parents education4. This can result in inaccurately measured coefficients

for mothers with advanced degree. Future studies, however, will likely be able to account

for this problem since the ACT and SAT are now required in most public high schools.

Field of Education

The most accurate estimates for direct effect of a mother who has an advanced degree is in

the high school achievement period (Table 5). One potential explanation of this is that

many advanced degrees are within the field of education (Kena et al., 2016). Thus the

variable ”mother with an advanced degree” could be unintentionally picking up effects

that really have more to do with knowing the inner workings of education. This would

create an upward bias in the high school achievement period, and could explain why

mother with an advanced degree is statistically significant in the high school achievement

period.

A robustness check was conducted in Appendix D.2 to account for this. The data did

not include information on what specific advanced degree a mother had, therefore the

variable ”mother works in education” was used as a proxy for whether the mother’s degree

was in education. This is not a perfect proxy, as many people with non-education degrees

work in primary or secondary education, and many people with education degrees do not

work in primary or secondary education; however, this is the best the data would allow.

The robustness check showed that working in the field of education did not affect

statistical significance for males or females who have mothers with advanced degrees. As

expected, Table D.2 and D.2 show that both men and women are less affected by a mother

with an advanced degree when working in the field of education is taken into account

for all categories in the high school achievement period, except number of AP/IB STEM

courses taken. Thus Table D.2’s omitted variable bias did bias the coefficients for mother

has advanced degree slightly upward, however not by much.

4For instance, whether or not an individual had a missing ACT score is related to how far a parent expects

a student will go in their education. A mother with an advanced degree is significantly less likely to expect

her child to not graduate from high school. Therefore a mother with an advanced degree is less likely to

have a child with a missing ACT score.
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Accounting for Graduate School in STEM

There are still direct inputs that a mother can put in during occupational period (Table 8).

However, these inputs are negative for men and positive for women. This could be due to

the fact that many of these mothers’ children seek advanced degrees themselves, meaning

they would not be in a STEM occupation as of the third follow up survey. A robustness

check was conducted in Appendix D.3, which included attending a graduate school for

STEM as a STEM occupation. In this case, a mother with an advanced degree has less, but

still a negative, direct impact on her son’s participation in a STEM occupation, and has a

positive impact on her daughter’s participation.

7.2 Revisiting Assumptions

A mother with an advanced degree directly impacts a child’s participation in a STEM

occupation for both men and women in each new period. These results imply that a

mother with an advanced degree does have an impact outside of the indirect effects. Under

the current assumption that all inputs given in prior periods were controlled for, this

direct effect is interpreted as a more highly educated mother puts in new inputs at each

new period (whether they increase the likelihood of the STEM predictor or not). However,

there are likely prior inputs that do not come into play until later. Therefore, it is likely

that prior mother inputs are absorbed by the mother with an advanced degree variable.

Due to the large array of prior mother inputs, it is unclear whether this would bias upward

or downward the mother with an advanced degree coefficient.

Another assumption that was made was that the variable for a mother with an ad-

vanced degree was exogenous and thus, uncorrelated with the residual components of the

control variables. Realistically, there are other control variables that the data did not have

which are likely correlated with a mother’s educational attainment. This would bias the

coefficients. However, many individual, family, and school controls were used in order to

reduce as much of the correlated residual term as possible.
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7.3 Concluding Remarks

I examined the direct and indirect effects of a mother’s attainment of an advanced degree

on a STEM occupation for women and men. I used eleven ordinary least squares linear

regressions and five logistic regressions from the Education Longitudinal Study of 2002. A

mother with an advanced degree impacts almost all STEM occupation predictors. However,

the most accurate coefficients are found in the high school achievement period, even after

robustness checks.

Many of the limitations of this analysis attest to the importance of collecting data that

include richer parent surveys. Ideally this data would interview parents throughout the

entire time period and ask questions about inputs. If this data were available, the assump-

tions could be loosened, which would allow a slightly more realistic model. Additionally,

this data would allow more accurate estimates of the parameters.

Surprisingly, a mother with an advanced degree has a negative direct impact and

neutral indirect impact on the probability that her son works in a STEM occupation at

the means. However, as expected, a mother with an advanced degree has both an in-

direct and direct positive impact on her daughter’s work in a STEM occupation. Both

of these conclusions are similar to Leppel et al. (2001) conclusion that a professional

mother decreases the likelihood that her son majors in an engineering field, while she

increases the likelihood that her daughters majors in one. Inconsistent with this literature,

a father with an advanced degree has a negative impact on his son’s participation in a

STEM occupation, however has a positive impact on his daughter’s participation in one.

One policy implication that can arise out of this finding is that ”STEM mentors” can be

used, not only in early year outcomes, but even as far out as the occupation period.

This dataset did not contain information on preferences or views on various occupa-

tions, however as previous researchers have found, preferences and views on occupations

appear to play an important role in determining occupation choice (Zafar, 2013). Thus

future research should examine potential relationships between younger states of life and

the formation of preferences.

This paper reaffirmed various STEM major predictors, including math self-efficacy,
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anticipated career, ACT score (both the overall score and math score), number of advanced

STEM courses taken in high school, high school GPA, and whether the individual took

Calculus. However, the research did not show support for direct impacts of math abili-

ties, time spent on homework, motivation, or the time taken in between high school and

postsecondary school. That being said, all STEM predictors impacted at least one future

STEM outcome. Additionally, many of these STEM predictors, such as STEM GPA in post-

secondary school and prediction of STEM occupation, not only impacted the probability

of majoring in a STEM field but also the probability of working in one. This emphasizes

the importance of early life outcomes, as they influence later life outcomes.

Unfortunately most interaction terms between mother with an advanced degree and

female were not statistically significant. Nevertheless, many of the imprecise estimates of

this interaction term were consistent with same-gender role models. For instance, mother

with advanced degree inputs were larger than fathers in most cases in the high school

preparedness period for women. Additionally, fathers with advanced degree inputs for

sons were larger than mother inputs in this period. In the postsecondary school achieve-

ment period, mother with advanced degree inputs impact daughters more than sons for

both STEM GPA and number of STEM courses taken. Most notably, mother with advanced

degree inputs are twice as large as father with advanced degree inputs for daughters in

occupation period. However, other outcomes, such as taking Calculus do not lend support

for same-gender role model theories. Thus it appears that these same-gender effects are

specific to certain outcomes. This analysis does not lend insight into what causes these

larger mother inputs on daughters, and we cannot conclude that these inputs do or do not

include merely seeing someone of the same gender. Future research should examine what

causes these differences in inputs between females and males.
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10 Appendices

A Appendix

In this paper, STEM is defined by the STEM SMART grant definition (sma, 2016). SMART

grant definition includes the following majors:

• Aeronautical and Astronautical Engi-

neering

• Biosciences

• Chemical Engineering

• Chemistry

• Civil Engineering

• Cognitive, Neural, and Behavioral Sci-

ences

• Computer and Computational Sci-

ences and Computer Engineering

• Electrical Engineering

• Geosciences

• Industrial and Systems Engineering

(technical tracks only)

• Information Sciences

• Materials Science and Engineering

• Mathematics

• Mechanical Engineering

• Naval Architecture and Ocean Engi-

neering

• Nuclear Engineering

• Oceanography

• Operations Research (technical tracks

only)

• Physics
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B Appendix

Individual Controls

Race and ethnicity is represented as a collection of binary variables that hold a value of one

if the individual is that race or ethnicity, and zero if not. The races included are American

Indian or Alaska Native, Asian, Black, Hispanic, Multiracial, Native Hawaiian or Pacific

Islander, and White.

Number of schools attended represents how many schools the student has attended

since first grade as of their tenth grade year. It is capped at five times. Held back one or

more grades is a binary variable that holds a value of one if the student was ever held back

a grade, and zero if not.

Table B.1 (at the end of the section) displays summary statistics for individual controls.

Family Controls

Income in thousands is split into six categories: 0-25, 25-50, 75-100, 100-200, and 200

or more. Each of these binary variables hold the value one if the individual falls in the

income category, and zero otherwise.

Discuss report card is a binary variable that holds a value of one if the parent said

they frequently or usually discussed report cards with their tenth grader. It holds a value

of zero if not. Has rules about Homework, GPA, chores, or TV are binary variables that

take a value of one if the family has rules about it, and zero if not. Father and mother is

immigrant are binary variables that hold a value of one if the father or mother immigrated

to the US, and zero otherwise.

Parent education expectation for child is split into five binary variables: not graduate

high school or get GED, graduate high school or get GED, some college, graduate college,

and advanced degree. These are binary variables that hold a value of one if the parent

responded to the statement ”How far in school you expect your tenth grader will go”

with the given education level. These variables hold a value of zero if the parent did not

respond with the given education level

Number of dependents represents how many dependents (both under or over eighteen)
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the family supports. Growth mindset is a binary variable that represents whether a

parent agreed/strongly agreed or disagreed/strongly disagreed/didn’t know with/about

the statement ”Most people can learn to be good at math”. Attend PTO meetings is a

binary variable that holds a value of one if the individual went to a PTO meeting in the

ninth grade school year, and zero if not. Number of meals per week with child represents

the number of days per week the parent ate at least one meal with the student.

Table B.2 (at the end of the section) displays summary statistics for family controls.

School Controls

Urbanicity is split into three categories: urban, rural, and suburb. These are binary

variables that take a value of one if the school is in this type of areas based on the Common

Core of Data (CCD) 1999-2000 and the Private School Survey (PSS) 1999-2000. These

variables take a value of zero if they are not in this type of area. Public high school is a

binary variable that takes on a value of one if the school is a public school based on CCD

1999-2000 and PSS 1999-200. It takes a value of zero if the school is a private school.

School academic climate is a scale of the high school administrators views of the school’s

academic climate. Higher values mean a more academically-oriented climate. Percent free

and reduced lunch represents the percent of the student body that uses free or reduced-

price lunch. Years required to graduate for math, science, and computer coursework

represents how many years in a subject a student is required to take to graduate high

school.

Table B.3 (at the end of the section) displays summary statistics for high school controls.
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C Appendix

Table C.1 is the full regression for the high school preparedness period. This table

corresponds to Table 4.

Table C.2 is the full regression for the high school achievement period. This table

corresponds to Table 5.

Table C.3 is the full regression for the between high school and postsecondary school

period. This table corresponds to Table 6.

Table C.4 is the full regression for the postsecondary school achievement period. This

table corresponds to Table 7.

Table C.5 is the full regression for the occupation period. This table corresponds to

Table 8.
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D Appendix

D.1 Constrained model

Tables D.1.1 through Tables D.1.2 are constrained models of Tables 4 through 8.
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D.2 Field of Education

Table D.2.1 includes a proxy if a mother’s advanced degree is in education.
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D.3 Accounting for Graduate School in STEM

Table D.3.1 redefines a career in STEM to include attending STEM graduate school.
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