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Abstract

We leverage the national rollout of FIRST robotics teams across high schools and
document that attending a high school with a robotics club substantially increases the
likelihood that a student will go on to major in computer science or engineering in
college. These effects vary significantly by gender: while these programs increase the
likelihood that male students go on to major in engineering/computer science (+3.1
pp), effects for female students are substantially smaller and are at times negative, with
worse effects for teams with lower gender ratios. We confirm these findings in restricted-
use Census survey data and find that positive impacts extend past college, with robotics
teams increasing the likelihood that men work in STEM-related occupations. These
results suggest that exposure to STEM-related high school extracurricular activities
may increase interest in engineering and computer science but can also widen existing
gender gaps in take-up of these fields.
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1 Introduction

A recent strand of literature in the economics of education has highlighted the importance

of college major choice as a determinant in later-life labor market outcomes — indeed,

some work has suggested that this margin of decision may be as impactful as the choice to

attend or to complete college at all [Altonji et al., 2012, Andrews et al., 2024]. Nonetheless,

estimates of the elasticity of major choice with respect to future earnings are relatively

small, and even accounting for differences in beliefs about post-college earnings and abilities,

much of the gender gap in take-up of high-paying majors such as engineering and computer

science are unexplained [Patnaik et al., 2021]. A better understanding of the factors that

encourage individuals to pursue higher-paying fields is thus of clear interest to the current

policy dialogue surrounding improving career pathways both overall and for underrepresented

groups.

In this paper, we identify a new driver of students’ interest in STEM majors — high

school extracurricular activities — and provide the first causal estimates of their importance.

Because engineering has a particularly rigid course structure relative to other STEM fields

and often requires students to declare interest as freshmen, early exposure to coding and

robotics through extracurriculars may make this major more accessible to students who

otherwise would not pursue this major. We leverage the roll-out of the earliest high school

robotics competition, For Inspiration and Recognition of Science and Technology (FIRST)

robotics, across high schools to test how attending a high school with a robotics team impacts

students likelihood of both majoring in engineering or computer science and working in

STEM in the future.

The FIRST robotics competition began in 1992 and has since grown to include over

3,000 teams from more than 30 countries. We build a database of all robotics teams from

1992 to present and merge it with college transcript data from College and Beyond II, an

administrative database of college student record and transcript data for over 1.3 million

students from 19 public colleges across seven university systems. Using a bias-adjusted two-

way fixed effects design, we show that students from schools with robotics teams are 1.1 pp

more likely to major in computer science, with larger impacts for students at schools with

well-established teams. In the full sample, there are null effects on take-up of engineering

majors and STEM majors more generally.

These null effects hide substantial heterogeneity by student’s demographic characteristics.

For male students, there is a large and statistically significant impact of attending a high
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school with a robotics team on take-up of engineering and computer science majors (3.1 pp),

and computer science majors alone (1.9 pp). In contrast, female students have a null or

even negative impact of robotics teams on their likelihood of choosing these majors. To test

how demographic make-up of the team impacts student outcomes, we survey robotics team

on their gender make-up and use the relative participation rate of women by team to show

that majority male teams are particularly discouraging for female students. Teams that

are less than 20% female induce women to be 2.7 pp less likely to major in engineering and

computer science whereas teams that are more than 20% female increase women’s engineering

and computer science major take-up by 2.3 pp. In contrast, men’s take-up of engineering

and computer science majors is unaffected by gender make-up of the team.

Finally, we investigate whether this increased major take-up carries into the labor force by

merging our database of robotics teams with restricted-use Census Survey data that contains

information on college major, labor market outcomes, and county of residence in 2000. We

obtain quantitatively and qualitatively similar patterns of heterogeneity in the impacts of

exposure to robotics teams on college major choice and find that, mostly for men, exposure

to robotics teams is associated with an increased likelihood of working in STEM-related

occupations. However, these impacts do not appear to translate into higher hourly wage

earnings, suggesting that these college major and occupation substitution patterns may be

primarily occurring among individuals who would have performed well in the labor market

regardless. Taken together, these results suggest that exposure to STEM-related high school

extracurriculars can increase interest in technology-related fields but can also unintentionally

widen the already-existing gender gap in interest in them.

These results contribute to several strands of economics and education literature. First,

our paper demonstrates a new channel through which students’ gain field-specific preferences,

speaking to the literature on determinants of college major choice.1 Within this literature,

economists have documented effects of ability [Arcidiacono, 2004] as well as expected earnings

on what fields students choose to study [Wiswall and Zafar, 2015a,b, Conlon, 2021, Conlon

and Patel, 2026], while other research has documented that major choice is sensitive to

overall macroeconomic conditions [Blom et al., 2021]. However, there remains a substantial

unexplained portion of preferences for college major that forms prior to college matriculation,

which has given rise to attempts to understand the pre-college factors that influence college

major preferences. While some results in this endeavor suggest that high school curricula do

not appear to be significant drivers of future STEM career decisions [Darolia et al., 2020],

1See Patnaik et al. [2021] for a review of this literature
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other entries point to parental background [van der Vleuten et al., 2018] and the gender

composition of high school teachers [Bottia et al., 2015] playing a meaningful role. In our

focus on extracurriculars, we contribute to the ongoing effort to unpack this “black box.”

Pre-college factors may be particularly important for majors such as engineering which

often require students to apply for entry into the engineering program when applying for

college and have strict course requirements that make on-time graduation difficult for those

who switch into the major mid-college. This creates a form of path dependence: if a marginal

student receives training or information about engineering prior to high school, it may push

them onto a path towards occupations with long run earnings gains whereas students who

aren’t exposed to engineering in high school may miss the window where they can select

into this field. In this sense, our work has similarities to the literature which document

how timing of specialization into field – pre-college versus during college – impacts long-run

outcomes [Kemple and Willner, 2008, Dougherty, 2018, Brunner et al., 2023, Bordon and

Fu, 2015, Fricke et al., 2018, Malamud, 2010, Dahl et al., 2023, Bruhn et al., 2025].

The heterogeneity in effects over gender that we uncover also contribute to the large

literature that has attempted to better understand and address large gender-based disparities

in STEM interest, which itself plays a meaningful role in the gender earnings gap [Zafar,

2013]. Past work in this area has focused on factors such as the demographics of faculty

and teaching assistants [Price, 2010, Carrell et al., 2010, Griffith, 2014, Griffith and Main,

2021], adult role models [Breda et al., 2023], and intergenerational effects [Humlum et al.,

2019, Philipp, 2023]. Notably, this literature has highlighted choices made in high school

specifically as important drivers of this gap later in the lifecycle [Brenøe and Zölitz, 2020,

Card and Payne, 2021, Gurantz, 2021, Granato, 2023, Cohodes et al., 2026], and similar

gendered patterns of heterogeneity have been observed in other policy contexts, such as

Career and Technical Education (CTE) programs [Brunner et al., 2023]. Engineering and

computer sciences are fields within STEM in which gender gaps are particularly persistent,

and our work provides new evidence on the role that high school extracurriculars may play

in driving this gap.

Lastly, this paper is the first to evaluate the causal impacts of the roll-out of FIRST

across high schools on college major choice using administrative college transcript data,

rather than small-scale survey based measures. Several studies have assessed the impact of

high-school robotics competitions (or comparable initiatives) on participant outcomes such as

attitudes toward STEM or information-technology-related fields [Welch and Huffman, 2011,
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Mason et al., 2011, Jackson et al., 2019]2. Notably, Meschede et al. [2024b] aim to study

the long-run impacts of participation in FIRST competitions by comparing the outcomes of

approximately 800 FIRST participants with 450 comparison students. While the authors

attempt to match participants with comparisons along observable lines, they are unable

to control for selection on unobservables into FIRST participation in the first place. We

complement and expand upon this effort through bringing frontier econometric methods to

answer the research question and situate our findings relative to theirs later in the paper.

The rest of the paper proceeds as follows. In Section 2, we describe the history of FIRST

robotics competitions and our data on their expansion. Section 3 describes our empirical

approach for estimating the causal impact of robotics competitions on long-term STEM

interest, and Section 4 presents our empirical results. Sections 5 and 6 discuss our findings

in the context of the broader literature and conclude.

2 Data and Policy Setting

2.1 FIRST Robotics

FIRST Robotics is an international non-profit founded in 1989 with the goal of encourag-

ing students to enter engineering and technology fields through programs which introduce

robotics to high school and middle school students. Their primary program, the FIRST

Robotics Competition (FRC), is a program in which teams of high school students build

robots to compete in annual challenges that require the robots to complete tasks such as

scoring goals or completing obstacle courses. Students build the physical chassis for a robot,

design and maintain the electrical and pneumatic systems, and program the code used to

run the autonomous systems in the robot. Most teams are extracurricular after-school clubs

rather than classes and are guided by both teachers within the high school and industry

mentors.

Using publicly available data scraped from the FIRST website’s competition archives, we

create a panel of team-by-year information on participation in FIRST. While the original

FRC took place in 1992 with 28 teams, it has rapidly expanded in the last thirty years,

with the most rapid expansion occurring in the mid 2000s. In 2000, there were 372 teams

2See also Anwar et al. [2019] for a broader review of this literature. Beyond robotics initiatives specifi-
cally, other papers have also assessed broader high school environments in influencing STEM career choice,
including AP class offerings [Long et al., 2012, Conger et al., 2021] and high-school math curricula [Aughin-
baugh, 2012]

5



Bella r○ Anstreicher r○ Venator
Exposure to Technology

and College Major Choice

2005 2010

2015 2020

Figure 1: Number of robotics teams by county, 2005-2020

competing in FRC. By 2010, there were 1808 teams including over 45,000 high school students

competing in over 53 different competitions. As of 2023, there were 3,304 teams involving

over 83,000 high school students in 167 different competitions.

Figure 1 shows a heat map of the number of teams per county in 2005, 2010, 2015,

and 2020. As shown in the upper left graph, early adoption was concentrated primarily

in the Northeastern corridor (Boston-NY-Philadelphia-DC) and in technology/engineering

hubs such as Silicon Valley, Seattle, and Detroit. By 2015, the program had spread beyond

technological hubs and is fairly widespread over most regions excluding the less populous

states in the Great Plains/ Mountain region (e.g., the Dakotas, Montana, Wyoming)

For each FRC team, we are able to observe the school name(s), city, state, and year

that the team originally competed (rookie year henceforth). We create a panel of schools

which had a FRC team from 1992 through 2021. Because the data does not include unique

identifiers for school name, we use a fuzzy matching algorithm to match school names re-

ported in the raw data set to school names in the database of CEEB codes provided by

the College Board. We first drop any teams which do not report a rookie year or report
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that they are an international team. We standardize common words (e.g., high school and

HS), remove punctuation and stop words, and then match within state on school name to

the CEEB database using Stata18 command matchit. In cases where a team has multiple

organizations attached to it, we separate the organizations into separate strings and match

each organization individually. Out of 5,803 teams in our scraped database, we are able to

get a match to at least one school name for 3,631 or 62.5% of teams. In total, we have 4,116

high schools which ever were associated with an FRC team.3

2.2 College and Beyond II

Our first source of outcome data comes from the College and Beyond II (CBII), a dataset

administered by the Inter-university Consortium for Political and Social Research (ICPSR)

including college student record and transcript data for over 1.3 million students from 19

public colleges across seven university systems including the City University of New York

system, Georgia College and State University system, Indiana University-Bloomington, Tru-

man State University, University of California-Irvine, University of Houston, and University

of Michigan. The data covers all students who attended these universities from 2000 through

2020 and provides information on courses taken, grades, college completion, major and mi-

nor choice, demographics (sex, race, citizenship), and pre-college characteristics including

pre-college test scores, family income, permanent address zip code, and high school code.

We merge this data with our school-year panel of robotics team data using year of high

school entry, measured as four years prior to entry to college, and high school CEEB code

when available.4 In the final data set, we know for each student if they studied in a high

school that ever participated in the program, if they entered the school after the program was

already in place, and for how many years they were exposed to the competition. We define a

student as treated based on the treatment status of their high school in their freshman year

(i.e., treated for all of high school).

Our primary outcome of interest is student’s college major at time of graduation. As we

would expect that exposure to robotics extracurriculars increases interest and/or skills in

STEM fields, such as computer science or engineering, we create three measures of STEM

majors: an indicator for majoring in any STEM field, defined as CIP codes 1, 11, 14, 15, 26,

27, 40, 41, or 51, an indicator for majoring in engineering or computer science, defined as

3There is a higher number of high schools than teams because a team can be associated with multiple
high schools.

4CEEB is provided in only three out of the seven university systems.
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CIP codes 11, 14, or 15, and an indicator for majoring in computer science alone, defined as

CIP code 11.5 In supporting analyses, we look at the impacts on majors we would expect

students to be drawn out of, such as humanities majors (CIP codes 5, 16, 22, 23, 24, 25, 38,

39, 50, and 54) and social science majors (CIP codes 4, 9, 10, 91,42, 44, 45, and 52). We also

are able to look at proportion of courses associated with each major grouping and grades in

these courses.

2.3 American Community Survey

While our data from CBII contains many useful outcome measures, it also comes with

important limitations. The fact that all the data in CBII are for students in college means

we cannot say whether any major substitution patterns we observe carry into the labor force,

nor can we estimate extensive-margin effects (that is, students selecting into STEM majors

who otherwise may not have attended college at all). Moreover, the fact that CBII comes

from only seven university systems may give rise to concerns regarding representativeness

and the possibility that our results are dominated by a single large institution.

To overcome these limitations and to provide an assessment of the robustness of our

results across datasets, we leverage restricted-use data from the American Community Survey

(ACS), administered by the Census Bureau. The ACS is an annual survey administered

to one percent of the U.S. population that contains a detailed set of questions regarding

geography, education, and labor market outcomes. A key limitation of the public-use data,

however, is that the only piece of historical geographic information for a respondent is their

state or country of birth, which would prevent us from determining their FIRST treatment

status with any degree of confidence. To overcome this limitation, we link individuals to their

Protected Identification Keys (PIKs; essentially scrambled Social Security Numbers) from

the Social Security Administration NUMIDENT file and then link individuals to themselves

in the 2000 Decennial Census, thereby obtaining detailed information on their location in

2000.

We use the 2009-2024 waves of the ACS, as the ACS began to record primary and

secondary fields of study for college graduates in 2009. We focus on the birth cohorts of

1982 to 1999, such that respondents would be at most 18 in 2000 and still attached to

their parents, thereby preempting the most migratory point of the lifecycle. We also limit

our sample to individuals aged at least 25 when surveyed to increase our confidence in

5We do not look at engineering majors alone because a subset of the colleges in CBII do not offer
engineering majors.
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respondents having completed their undergraduate schooling.

We link individuals to their FIRST treatment at the year-2000 county level, defining

treatment based on whether this county had at least one treated high school during their

freshman year as above.6 As above, we classify majors as STEM as well as specifically in

engineering or computer science,7 and we classify individuals as working in STEM-related

fields based on their occupation code and Census occupation crosswalks.8. Own-income and

occupation are both measured at time of survey (i.e., between age 25 and 42 depending on

survey year and birth cohort). Table B.I presents summary statistics of this sample, both

overall and then separately by year-2000 parent income for individuals surveyed specifically

in the 2000 Long-Form. While women in the sample attain more schooling on average overall,

rates of STEM degree attainment are roughly equal across sexes, and men are more likely

to work in STEM fields and obtain BAs in engineering and computer science specifically.

3 Empirical Methods

We estimate the impacts of high school robotics teams on college outcomes using a staggered

two-way fixed effects specification. Because the roll-out of FRT across school districts is

staggered across time, a standard two-way fixed effect specification may be subject to bias if

there are heterogeneous treatment effects by event-time. We therefore use the imputation-

based estimator from Borusyak et al. [2024] which fits the high school and graduation cohort

fixed effects using untreated observations, uses these fixed effects to impute a treatment

effect for each period, and then takes a weighted sum of these treatment effects to aggregate

into a single treatment effect. We use both a static (eqn. 1) and a dynamic event-study

framework (eqn. 2)

Yist = βFRTs(i),t + γXi + θs(i) + δt + αg(i) + εist (1)

Yist =
+16∑

τ=−16

βτ1(t = FRT rookie year + τ) + γXi + θs(i) + δt + αg(i) + εist (2)

6A limitation of the ACS is that we cannot observe the high school that an individual attended, meaning
that our treatment is measured with noise. For this reason, we prefer the CBII as our main specification for
major outcomes and see the ACS results primarily as a validation exercise.

7We do not focus on computer science specifically in these data, as respondent counts for this specific
major over event time become quite small, which raises disclosure avoidance issues.

8See https://www.census.gov/topics/employment/industry-occupation/guidance/code-lists.

html
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Yist is a dummy for whether student i who attended high school s and was a high school

freshman in year t majored in a given major category. FRTs(i),t is our treatment variable

equal to one if school s had a team in year t. In the dynamic setting, we include indicators for

leads and lags around the school’s rookie year (i.e., t = 0) with the year prior to the school

starting a team as the omitted category. Xi are student-level controls including gender,

indicators for race, indicators for US citizenship, indicators for parental income above $100
thousand dollars, and indicators for at least one parent having a bachelor’s degree. We also

include fixed effects for student’s high school (θs(i)), student’s graduation cohort (δt), and

student’s home state (αg(i)). Standard errors are clustered at the high school level. Analyses

using the ACS data proceed equivalently, except that the relevant geographic fixed effects

and clustering level are at the county level, and fixed effects for home state and parental

covariates are omitted. In the dynamic setting, a county’s ”rookie year” is the year that the

county first had a team.

To interpret the β as causal estimates of the impact of robotics teams on college ma-

jor choice, it must be the case that students from untreated schools (counties) follow similar

trends in the pre-period in term of outcomes and that the timing of their high school (county)

starting a FRT is uncorrelated with unobserved time-varying determinants of college out-

comes. We might be concerned that high schools that perceive greater demand for technology

skills, either from the surrounding labor market or from student preferences, are more likely

to start a team. For example, earlier adopters of FIRST robotics tended to be in areas with

industry partners willing to sponsor schools’ teams; Michigan has higher rates of FIRST

participation in part due to buy-in from the auto industry. While time or location invariant

differences will account for cross-sectional time invariant differences or time-invariant high

school differences, we also explore whether observable characteristics about students seem

to vary with timing of FRT acquisition.

Table 1 reports the mean values of demographic characteristics for students in treated

schools (col. 1), students in control schools (col. 2), and the results of a regression to test

balance in demographic characteristics and high school test scores for students in treated

schools relative to those untreated (col 3). We run our primary specification, a two-way fixed

effects model adjusted using the method from Borusyak et al. [2024], with the demographic

characteristic as the outcome. While there are statistically significant differences between

treated and untreated students, they are mostly small in actual value relative to baseline.

The exception is the proportion of Asian students and the proportion of students whose

parents have a BA; treated students are 2.2 pp more likely to be Asian and they are 6.8 pp
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more likely to have parents with a college degree.

Table 1: Summary Statistics, by Treatment

Variable Mean, Treated Mean, Control Difference

Female 0.532 0.543 -0.014*
White 0.589 0.620 -0.010
Asian 0.177 0.123 0.022***
Hispanic 0.094 0.121 -0.010*
Black 0.053 0.061 -0.008
Citizen 0.954 0.951 0.009*
Income > 100 K 0.546 0.415 0.003
Income Missing 0.282 0.405 -0.065***
Parent BA 0.692 0.491 0.068***
Table Notes: This table reports the mean values for students at treated schools and
controls schools. Treated means that the student attended a school that had a team in
the previous 4 year before their college first term. Column 3 reports the coefficient from
a two-way fixed effects Borusyak et al. [2024] adjusted model with the demographic
type as the outcome, high school and cohort FEs, and controls for other demographics.
Standard errors clustered at the high school level are in parentheses; * p < 0.1, **
p < 0.05, *** p < 0.01

Next, we look at aggregate economic conditions in the labor markets that teams are

located in. For this we use school-level characteristics from 2009-2019 sourced from the

Stanford Education Data Archive 5.0 [Reardon et al., 2024] cross-walked to high school

CEEB code using crosswalks from [Lyles et al., 2020]. We regress school outcomes (total

enrollment, percent white, percent black, percent free or reduced price lunch, rural status,

magnet, charter) on an indicator for if the school had a robotics team along with high

school, year, and state fixed effects. We see that schools with robotics teams are slightly

larger (+1.4% relative to baseline mean), have fewer White students (-0.7%) and more Black

students (+3.0%), have more students on free or reduced price lunch (-0.9%), and are more

rural (-0.5%). While these differences are statistically significant, they are all small relative

to the baseline means.

Taken together, these results suggest that students and schools exposed to robotics teams

are not fully random, but the differences are small in aggregate. For this reason, we control for

demographics in all specifications, as well as looking at whether there are differential impacts

of treatment by demographic types. Our identification strategy thus relies on conditional

parallel trends assumptions; that is, controlling for demographic characteristics, the path

that college major take-up would take in the absence of robotics entry is similar to that
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Table 2: Balance of School Level Characteristics

(1) (2) (3) (4) (5) (6) (7)
Enrollment % White % Black % FRPL Rural Charter Magnet

Treated 12.79∗∗ -0.005∗∗∗ 0.004∗∗∗ -0.004∗∗ -0.022∗∗∗ 0.001 -0.006
(5.401) (0.001) (0.001) (0.002) (0.007) (0.001) (0.004)

Mean 866.77 0.638 0.130 0.460 0.420 0.010 0.045
N 151595 151595 151595 151595 151595 151595 151595
R2 0.979 0.989 0.991 0.931 0.893 0.927 0.813

Table Notes: This table reports a regression of school-level outcome variables sourced from
Stanford Education Data Archive on an indicator for being treated, along with high school
FE, year FE, and state FE. Treated means that the school that had a team in the year that
the statistic is calculated. Standard errors clustered at the high school level are in parentheses;
* p < 0.1, ** p < 0.05, *** p < 0.01

of the control group. We follow Borusyak et al. [2024]’s suggested method for constructing

pre-trend estimates in all dynamic specifications to assess the validity of this assumption

directly.

4 Results

4.1 Impacts on College Major

Our first set of results looks at whether exposure to high school robotics changes students’

major choice. Table 3 reports the results of these regressions for the full sample and sepa-

rately by demographic group.9 There are statistically insignificant effects on overall STEM

major for all groups, but noisy coefficients with opposite signs across demographic groups,

suggesting heterogeneity in effects by gender in particular. When we drill down into STEM

majors directly related to robotics, we see that men increase take-up of CS/engineering ma-

jors by 3.1 pp (+11% off a baseline of 26.9pp), which is primarily driven by an increase in

CS majors of 1.9 pp (+29% off a baseline of 6.5pp). For women, there is no significant effect

of attending a high school with a robotics team on take-up of engineering or CS majors. In

a t-test of equality of coefficients, we can reject the null that the coefficients are equal across

genders for take-up of CS/Engineering majors at the p < 0.05 level.

9In Appendix Section A, we report results from a standard two-way FE model not adjusted for staggered
effects for comparison. The results are similar, though the differences by demographic type are amplified in
the standard two-way FE model.
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Table 3: Impacts of Robotics Team Entry on Major Take-up

(1) (2) (3)
STEM Major CS or Engineering CS

Full Sample -0.0250 0.0129 0.0114**
(0.0250) (0.00997) (0.00516)

N 97,221 97,221 97,221
Baseline Mean: 0.344 0.165 0.037

Men 0.0137 0.0306* 0.0190**
(0.0155) (0.0158) (0.00829)

N 44,579 44,579 44,579
Baseline Mean: 0.420 0.269 0.065

Women -0.0314 -0.00806 0.00523
(0.0263) (0.00867) (0.00476)

N 51,965 51,965 51,965
Baseline Mean: 0.279 0.076 0.013

Parent BA -0.00245 0.00781 0.0136***
(0.00839) (0.00953) (0.00496)

N 82,399 82,399 82,399
Baseline Mean: 0.320 0.163 0.0516

Parent Non-BA 0.00431 0.00479 0.00850*
(0.00882) (0.00810) (0.00464)

N 78,944 78,944 78,944
Baseline Mean: 0.279 0.106 0.0307

Family Income > 100 K -0.0132 -0.00898 0.00674
(0.0155) (0.0148) (0.00672)

N 32,648 32,648 32,648
Baseline Mean: 0.322 0.171 0.0558

Family Income < 100 K 0.00680 0.0144 0.0149***
(0.0120) (0.0101) (0.00576)

N 42,765 42,765 42,765
Baseline Mean: 0.292 0.135 0.0402
Notes. This table reports regression coefficients from regressions of indicators for major
(STEM: CIP 1, 11, 14,15, 26, 27, 40, 41,51; CS or Engineering:11, 14, 15; CS: 11)
on the treatment (school having a robotics team) in a bias adjusted regression using
the method from Boruysak et al. implemented using Stata program did-imputation.
Baseline mean is the average value of the outcome for untreated students. This includes
controls for demographics, high school and graduation cohort FE and clusters standard
errors at the school level;* p < 0.1, ** p < 0.05, *** p < 0.01.
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When we look separately by socioeconomic background, we see a positive, significant

effect of treatment on majoring in CS across parental education backgrounds, with a larger

coefficient for students whose parents have a BA. Conversely, while the coefficient is positive

for students whose parents make more or less than $100,000, it is only statistically significant

for students whose parents make less than $100,000. These students are 1.5 pp more likely

to major in CS, or 37.5% relative to the baseline rate of 4.0 pp. Though we cannot reject

the null that the levels of effects are equal across parental education or parental income, the

lower baseline rate of take-up for students whose parents have less education or lower income

means that the percent change in major choice is larger for these groups.

We next turn to event study specifications using the dynamic imputation-based estimator

from Borusyak et al. [2024] to test for parallel pre-trends and explore how timing of a

team’s entry into a school impacts students’ major choices. For this, we focus on the full

sample and the differences by gender.10 Given that the robotics teams require funding and

institutional knowledge which demand some lead time to build up, we may expect that the

earlier years of a robotics team are less effective at encouraging students to go into related

fields, especially if the early years of operation of a team are less successful and enjoyable for

the participants. Figure 2 show the results of regressing indicators for majoring in STEM

(panel A), engineering/computer science (panel B), and computer science specifically(panel

C) on dummies for timing of robotics team entry relative to a student’s freshman year of

high school, as specified in equation 2.

For all three outcomes, we see parallel trends in the pre-period. We see null effects in the

overall sample for STEM majors. For CS and Engineering majors and CS majors alone, we

see an increase in likelihood of students choosing technology majors after a delay of about

6 years, suggesting that dynamic effects are a salient feature of our results. Students whose

school has had a FRT for eight years when they enter high school are about 5 pp more likely

to choose an engineering or CS major, whereas students whose school has had a team for 12

years are approximately 10 pp more likely to choose an engineering or CS major.

Figure 3 shows the same specifications separately by gender. While the disaggregated

time periods are estimated noisily, the patterns are consistent with the results found in the

static specification: going to a school with a robotics team increase male students’ take-up

of STEM majors, whereas it has a null or even negative effect on women’s take-up. We do

see a statistically significant increase in CS majors for both men and women, but the effect

10We focus on gender rather than parental income or education because there was a significant difference
in post-period outcomes in the aggregate for gender, but not by SES.
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Figure 2: Robotics Teams Increase Likelihood of Majoring in STEM

Panel A Panel B

Panel C

Notes: This figure reports coefficients based on equation 2, our event study regression, estimated using
imputation adjusted methods from Borusyak et al. [2024], for the outcomes majoring in STEM (panel A),
engineering/computer science (panel B), or computer science (panel C). All regressions include fixed effects
for high school, state, and student’s graduation cohort and controls for student gender, race, parental income,
parental education, and student citizenship. 95% confidence intervals included; Standard errors clustered at
the high school level.

sizes for women are approximately half the size of the increases for men.

In all specifications, it takes 6-7 years for a robotics team to impact students’ outcomes.

This demonstrates the importance of accounting for heterogeneity of treatment effects over

event time. We attribute the delayed effect to schools needing time to develop the team — it

takes time for the team to build membership, and it is rare for teams to be successful at the

robotics competitions in their early years of participation. To provide further evidence for

this hypothesis, we observe teams’ participation in different regional and national competi-
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Figure 3: Robotics Teams Increase Likelihood of Majoring in STEM More for Men

Panel A

Panel B

Panel C

Notes: This figure reports coefficients estimated with the method from Borusyak et al. [2024] using equation 2
separately for men (left) and women (right), our event study regression, for the outcomes majoring in STEM
(panel A), engineering/computer science (panel B), or computer science (panel C). All regressions include
fixed effects for high school, state, and student’s graduation cohort and controls for student gender, race,
parental income, parental education, and student citizenship. 95% confidence intervals included; Standard
errors clustered at the high school level.
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tions and define a proxy for how long it takes for a team to become established: qualification

for the annual national championships.11 On average, this takes 5.4 years, which is a strik-

ingly similar lead time observed in the dynamic specification. This is consistent with the

hypothesis that robotics teams do not begin to impact student’s college outcomes until they

have achieved a certain degree of success.

4.2 Impacts on Pre-Major College Outcomes

In addition to the effects seen in Section 4.1, one might expect that access to FIRST robotics

in high school might have intermediate effects that show up prior to deciding on a major.

For some students, these extracurriculars may induce them to try computer science or engi-

neering courses but ultimately settle on a different major. If FIRST induces students with

stronger skills in these fields to try these courses, we may see that students perform better

in engineering, computer sciences, and other STEM courses. Additionally, participating in

FIRST may give students skills that make them more successful in their college courses.

Conversely, if the students induced to try these courses due to their high school extracurric-

ulars are less prepared, we may see worse performance among treated students. In CBII, we

can observe the courses students take and the grades they received in these courses, allow-

ing us to test how attending a high school with FIRST robotics affects course take-up and

performance.

We first look at whether attending a high school with a robotics team increases the

proportion of credits a student takes within a given field. Courses are categorized as falling

within CIP codes, and we calculate the percent of all credits that are within STEM as a whole

and in engineering and computer science individually. We then regress this on treatment

using the same specification as previously. Table 4 reports the results of these regressions,

adjusted as before using the Borusyak et al. [2024] method. There are limited impacts on the

proportion of courses taken in these fields with one exception: men double the proportion

of courses in engineering.12 The lack of effect on STEM courses for men suggests that this

is a reshuffling from other STEM courses rather than a shift from non-STEM courses.

11Typically, around 600-800 teams nationally qualify for championships out of the approximately 3,500
total teams, and qualification is dependent on participating in a minimum number of district events and
ranking within the district.

12While the null effect on computer science may at first seem at odds with the impacts on majors, many
of the courses taken by computer science majors are categorized as engineering classes in the database.
While the average proportion of credits that are ‘computer science’ taken by CS majors is 2.5%, the average
proportion of credits that are ‘engineering’ is 19.2%.
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Table 4: Impacts of Robotics Team Entry on Course Choices

(1) (2) (3)
STEM courses CS courses Engineering Courses

Full Sample 0.001 0.0002 0.003
(0.003) (0.0005) (0.003)

N 50,652 50,652 50,652
Baseline Mean: 0.234 0.006 0.047

Men 0.003 -0.0006 0.009**
(0.004) (0.001) (0.004)

N 24,861 24,861 24,861
Baseline Mean: 0.250 0.073 0.007

Women -0.001 0.001 -0.003
(0.004) (0.001) (0.002)

N 25,540 25,540 25,540
Baseline Mean: 0.219 0.005 0.023

Parent BA -0.00352 -0.0001 0.00161
(0.00287) (0.0006) (0.00228)

N 67,902 67,902 67,902
Baseline Mean: 0.210 0.0132 0.0364

Parent Non-BA -0.00160 0.0005 0.0009
(0.00259) (0.000728) (0.00191)

N 78,944 78,944 78,944
Baseline Mean: 0.200 0.0109 0.0230

Family Income > 100K -0.00404 -0.00175** 0.000815
(0.00428) (0.000853) (0.00340)

N 32,648 32,648 32,648
Baseline Mean: 0.211 0.0143 0.0379

Family Income < 100K -0.000418 -0.000922 0.00445**
(0.00348) (0.000898) (0.00206)

N 42,765 42,765 42,765
Baseline Mean: 0.198 0.0128 0.0297

Notes. This table reports regression coefficients from regressions of proportion of
courses in a given field on the treatment (school having a robotics team) in a bias
adjusted regression using the method from Boruysak et al. implemented using Stata
program did-imputation. This includes controls for high school and graduation cohort
FE and clusters standard errors at the school level;* p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 5: Impacts of Robotics Team Entry on Grades

(1) (2) (3)
STEM GPA CS GPA Engineering GPA

Full Sample -0.0136 -0.0767** 0.0505
(0.0144) (0.0337) (0.0463)

N 92,449 17,610 24,505
Baseline Mean: 3.110 3.356 3.193

Men -0.0272** -0.0776* -0.0116
(0.0134) (0.0420) (0.0360)

N 42,642 9,842 16,568
Baseline Mean: 3.107 3.330 3.201

Women -0.00824 -0.103** 0.114*
(0.0206) (0.0430) (0.0654)

N 49,156 7,553 7,596
Baseline Mean: 3.113 3.390 3.177

Parent BA -0.0363*** -0.0730** 0.0163
(0.0134) (0.0370) (0.0412)

N 62,362 12,024 16,848
Baseline Mean: 3.160 3.426 3.248

Parent Non-BA 0.0347 -0.124*** -0.00377
(0.0221) (0.0374) (0.0537)

N 23,115 4,476 5,855
Baseline Mean: 3.060 3.272 3.114

Family Income > 100 K -0.0445** -0.142*** -0.0178
(0.0193) (0.0498) (0.0578)

N 31,799 6,435 8,897
Baseline Mean: 3.195 3.454 3.271

Family Income < 100 K -0.0206 -0.0724** 0.0518
(0.0161) (0.0364) (0.0362)

N 39,990 7,672 10,226
Baseline Mean 3.010 3.258 3.104

Notes. This table reports regression coefficients from regressions of average GPA within
courses taken in a major type (STEM: CIP 1, 11, 14,15, 26, 27, 40, 41,51; CS or Engi-
neering:11, 14, 15; CS: 11) on the treatment (school having a robotics team) in a bias
adjusted regression using the method from Boruysak et al. implemented using Stata
program did-imputation. Baseline mean is the average value of the outcome for un-
treated students. This includes controls for demographics, high school and graduation
cohort FE and clusters standard errors at the school level;* p < 0.1, ** p < 0.05, ***
p < 0.01.
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We next look at performance in STEM, engineering, and computer science courses. Our

outcome of interest is GPA within these fields, which is calculated as the sum of all course

grades weighted by credits taken within a field and then divided by the total credits taken

within that major grouping.13 Table 5 reports the results of these regressions.

Across all groups, we see that attending a high school with a robotics team is associated

with students performing slightly worse in computer science classes. For the full sample,

these students have a -0.08 lower GPA in these courses, which is about one-quarter of a

letter grade or one-tenth of a standard deviation decline in grades. This negative association

holds across all demographic groups, with slightly larger coefficients for women, students

whose parents do not have a bachelor’s degree, and students whose parents earn more than

$100,000. For all STEM courses, we see small but statistically significant declines grades

for men, students whose parents have a BA, and students whose parents earn more than

$100,000. There are limited effects on performance in engineering courses, with only women

seeing a marginally significant positive effect of attending a high school with a robotics team

on GPAs in engineering courses.

The effects on grades should be interpreted as two combined effects. First, participat-

ing in robotics in high school may encourage different students to try computer science or

engineering, changing the composition of students in these courses. Second, these teams

may directly effect the abilities of the students to succeed in their courses, net of compo-

sitional change. We cannot separate out these two channels, but our results are consistent

with robotics clubs encouraging students with lower academic abilities to pursue computer

science and STEM courses. The latter channel – direct effects on ability – are less likely for

a negative effect, given that these programs increase the amount of programming experience

students enter college with.

4.3 Where are Students Drawn From?

We next test whether the students entering engineering and computer science majors are

drawn from alternative major categories. Figure 4 reports the effects of team entry into a

high school for all students (Panel A), men (Panel B), and women (Panel C) for the outcomes

of majoring in the social sciences (left) and humanities (right).

13GPAs are standardized across systems with grades incrementing by 0.3 grade points. That is, a 4.0
indicates an A in the course, 3.7 is an A-, 3.3 is a B+, 3.0 is a B, etc.
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Figure 4: Robotics Teams Increase Likelihood of Majoring in SS and Humanities More for
Women

Panel A

Panel B

Panel C

Notes: This figure reports coefficients estimated with the method from Borusyak et al. [2024] using equation
2 separately for social science majors (left) and humanities (right), our event study regression, for the the full
sample (panel A), men (panel B), or women (panel C). All regressions include fixed effects for high school,
state, and student’s graduation cohort and controls for student gender, race, parental income, parental
education, and student citizenship. 95% confidence intervals included; Standard errors clustered at the high
school level.
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Team entry is associated with a 5-8 pp increase in social science majors for women,

delayed by a similar number of periods as seen for the negative effects on STEM majors in

figure 3. In contrast, team entry is associated with negative effects on social science majors

for men, primarily concentrated many years post- team entry, corresponding to the years with

the largest increases in engineering/CS majors. The effects on humanities majors are smaller

and non-significant for both genders. Together, these suggest that major shifts induced by

high school robotics teams are primarily shifts between STEM and social sciences, rather

than humanities.

For women, the positive impact of treatment on take-up of social science majors suggests

that exposure to robotics teams in high school not only reduces take-up of engineering and

computer science degrees, but it directly increases the likelihood they pursue non-STEM-

related majors instead. This may be driven by female students in these clubs taking on more

non-robot-related parts of participating in robotics, such as the fundraising/business team

which on average has a greater proportion of female students than the teams focused on

building the drive train or coding [Meschede et al., 2024a]. Alternatively, these results could

be driven by high school teams being less attractive or welcoming to women as extracurric-

ulars, cementing early on a stereotype that these fields are “for” men. We explore drivers of

these sex-related differences more in Section 5.

4.4 Results from the ACS

We next turn to our results from the restricted-use American Community Survey. We view

this analysis as complementary with our results from the CBII data for several reasons.

While we cannot observe high school of attendance in the ACS, this data allows us to

observe outcomes among a nationally representative sample, unlike CBII, and also enables

us to investigate whether the major substitution patterns we observe in CBII hold in an

entirely different dataset and carry into the labor force. This analysis thus serves as a

valuable extension and robustness check to our main findings.

We assign treatment based on year-2000 county and run regressions that are otherwise

equivalent to our baseline dynamic specification (equation 2). To reduce disclosure volume,

we group event-time coefficients into six bins (-6 to -4, -3 to -1, 0 to 2, 3 to 5, 6 to 8, 9 to 11).

We focus on obtaining an engineering/CS major, working in a STEM-related occupation,

and CPI-adjusted hourly wages as our outcome variables of interest and estimate regressions

separately for men and women.
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The results of this exercise are displayed in Figure 5. Several features of the results

warrant discussion. First, like in our CBII data, we observe that exposure to FIRST robotics

teams is associated with increased attainment in engineering/CS majors (Figures 5a and 5b).

As before, we observe no evidence of differential pre-treatment trends, and the effects only

phase in fully after a substantial lead time. In the first three years after team entry, men are

0.3 pp more likely to major in engineering/CS, and once the team has been established for

9-11 years, living in a county with at least one FRT increases men’s likelihood of majoring

in engineering/CS by 1.9 pp. While our estimates of engineering/CS major takeup among

women are more precisely estimated than they were in the CBII data, they are comparable

in levels and, as before, are substantially smaller than the estimated effects for men. We can

reject that the effects are equal across genders in a t-test of equality of coefficients for all

post-periods except 3-5 years post-team entry.

Figures 5c and 5d indicate that these effects on increased STEM major takeup carry

into the labor force. For men, living in a county with a well-established FIRST robotics

team is associated with a roughly 2 pp increase in the likelihood of working in STEM-related

occupations post-age 25. While we also obtain positive coefficients for women, they are

generally smaller in magnitude, and the presence of positive pre-treatment trends for women

means that we should interpret the post-period effects with caution.14

Given the increased sorting into STEM occupations we observe, a natural question is

whether FIRST robotics teams go on to raise the earnings of participants. While working

in STEM occupations is associated with substantially higher earnings in the labor market

in the cross-section, any potential earnings effects may be substantially mitigated if these

occupation substitution patterns are primarily occurring among individuals who would have

otherwise gone on to work in high-earning occupations in non-STEM fields. Figures 5e

and 5f suggest that this may be the case: exposure to well-established robotics teams is

associated with slight reductions in hourly wages, but large confidence intervals and negative

pre-treatment estimates render these findings, in our view, inconclusive in either direction.

We additionally investigate heterogeneity over parent income among individuals in the

ACS who are linked to the 2000 Long-Form. These results are displayed in Figure B.I.

As before, we observe stronger major substitution patterns among individuals with parent

14While the ‘trend’ in the event-study may look flat albeit statistically larger than zero, the visual heuris-
tics typically used for event studies are not appropriate evaluations of pre-trends as described in Roth [2026].
The Borusyak et al. [2024] method constructs coefficients in the pre- and post- period asymmetrically, mean-
ing that flat pre-trends and a jump up in post-period coefficients relative to the t-1 coefficient does not
indicate proof of parallel trends.
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income below $100,000 (Figure B.Ia), though for both groups the results for occupational

sorting and hourly wages are inconclusive. However, the fact that several key features of our

baseline findings replicate in a nationally representative sample provide substantial reassur-

ance that our results from the CBII are not being driven by a particular university or some

other idiosyncratic feature of the data.
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Figure 5: Impacts of Robotics Teams are Similar in the Nationally-Representative ACS
Sample

(a) Engineering/CS Major, Male (b) Engineering/CS Major, Female

(c) STEM Occupation, Male (d) STEM Occupation, Female

(e) Hourly Wage, Male (f) Hourly Wage, Female

Notes: This figure reports event-study coefficients estimated with the method from Borusyak et al. [2024]

using equation 2 separately for men (left) and women (right), for the outcomes majoring in

engineering/computer science (panel a), working in a STEM occupation (panel b), and hourly wages (panel

c). Data from 1982-1999 birth cohorts age 25 and older in 2009-2024 waves of ACS, linked to themselves

via PIKs in 2000 Decennial Census. Earnings deflated to 2020 dollars using CPI. All regressions include

fixed effects for county and student’s graduation cohort and controls for student gender, race, and student

citizenship. 95% confidence intervals included; Standard errors clustered at the county level.

CBDRB-FY26-P3098-R12992
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5 Exploring Drivers of Gender Differences

Our findings suggest that while FIRST robotics was successful in increasing students’ interest

in engineering and computer science degrees, it may have come at the expense of widening

the gender gap in these fields. This contrasts with the findings from the FIRST Impacts

longitudinal study [Meschede et al., 2024b], which followed the college trajectories of stu-

dents who participated in FIRST compared to a matched sample of students who did not

participate and found that FIRST participation increases STEM majors with particularly

strong, positive impacts for women. How do we justify these findings?

Rather than look at the effect of participating in FIRST for female students who choose

to be in the robotics club during high school, our findings concern the effect of being in a

high school with a robotics team. In their comparisons, Meschede et al. [2024b] find that

compared to women who do not choose to be on a robotics team, those who do are much more

likely to major in STEM. One explanation for this is purely selection: the type of woman

who chooses to be on a robotics team differs on unobservables that drive major choice,

and participation in robotics clubs did not causally change their outcome. By estimating

an ‘intent-to-treat’ effect based on entry of a robotics club into a high school rather than

student’s own participation, our results are not biased by selection into participation. If

male students in our treated schools are more likely to participate in the robotics club than

observably similar female students in our treated schools, this could be because the treatment

effect works through actual participation.

Another explanation for the disparities in our findings could be that robotics teams have

discouraging effects for female students who do not join the activity in high school due to

the perception that robotics is a “male” extracurricular. A descriptive study of schools with

robotics teams [Meschede et al., 2024a] found that robotics extracurricular participants were

68% male, whereas students in the same schools participating in other science and math

extracurriculars were only 42% male. If women prefer not to be in a majority male work

environment, observing the gender make-up of robotics teams in their high school may reduce

their interest in engineering/computer science majors, regardless of participation.

Additionally, there may be differences in male and female students’ experiences within

the robotics clubs that differentially drive their likelihood of sorting into computer science

or engineering majors. In interviews in Meschede et al. [2024a], women report that they

felt excluded from the robot building portion of the club, saying “their male peers took

over nearly all tasks relating to their team robot, including making adjustments to technical
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Figure 6: Robotics Teams Are Disproportionately Male

Notes: This figure shows a histogram of the gender ratio of robotics teams based on our sample of survey
respondents (N=128). The dotted vertical line represents the mean value of percent female.

details, driving the robot, and other smaller tasks.” Qualitative surveys of participants at

robotics competitions find that female students were less involved in programming the robot,

even after controlling for prior programming experience [Witherspoon et al., 2016].

To test whether gender composition of robotics teams may drive our results, we con-

ducted a survey of 1,000 robotics teams from our sample in which we asked respondents

to report their team’s gender composition by year. Teams were incentivized to participate

with a chance to win one of ten $50 gift cards. 18% of invited teams started the survey and

12.4% of invited teams completed the full survey. For each participating team, we calculated

the average gender ratio of students. Figure 6 shows the distribution of female participa-

tion across schools. Not a single team has more than 50% female students, and the mean

proportion of women is 28%.

We next re-run our main specifications for the outcome “majoring in engineering or

CS” separately for the survey sample and for teams with low female representation (the

bottom tercile, or < 20% female) or high female representation (> 20% female).15 If the

stronger impacts in the main sample are merely driven by different participation rates, we

would expect that there are positive effects for female students in high female representation

15We have also tested alternative cut points such as above median (28.9%). Results are of similar sign
and magnitudes.
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Table 6: Heterogeneity of effects, by gender composition of robotics team

Male Students Female Students
Survey Subset <20% Female Team >20% Female Team Survey Subset <20% Female Team >20% Female Team

(1) (2) (3) (4) (5) (6)
Treated 0.101*** 0.114*** 0.0971*** 0.0170** -0.0271*** 0.0227**

(0.0237) (0.00826) (0.0260) (0.00847) (0.00356) (0.00887)
N 24,756 22,756 24,403 28,659 26,569 28,253
Baseline Mean: 0.269 0.269 0.269 0.076 0.076 0.076

Notes. This table reports regression coefficients, from regression indicators for major in computer science or engineering (CS or
Engineering :11, 14, 15) on the treatment (school having a robotics team) in a bias adjusted regression using the method from
Boruysak et al. implemented using did-imputation. Column 1-3 are for male students; Columne 4-6 for female students. Col. 1 and
4 are for the sub-sample of treated schools for which we have demographic information on team composition relative to never-treated
schools. Col. 2 and 5 are for teams with less than 20% female participants relative to never-treated schools. Col. 3 and 6 are for
teams with more than 20% female participants relative to never-treated schools. This includes controls for demographics, high school
and graduation cohort FE and clusters standard errors at the school level;* p < 0.1, ** p < 0.05, *** p < 0.01.

schools and null effects for female students in low female representation schools. If there

is instead a negative impact on women in low female representation schools, this is more

consistent with male-dominated teams discouraging female interest.

Table 6 reports the results of these regressions. Overall, schools which responded to

our survey had larger positive effects on uptake of computer science and engineering than

the full sample for both genders, consistent with the fact that survey respondents are likely

more established, engaged teams than non-responders. Male students who attended a high

school with a robotics team that responded to the survey are 10.1 pp more likely to major

in computer science or engineering than students in high schools without robotics teams,

and female students are 1.7 pp more likely to choose these majors. When we split by

gender composition, we see that the gender composition of the team does not significantly

impact male students’ likelihood of majoring in engineering or computer science but does

differentially impact women. Female students on low representation teams are 2.7pp less

likely to major in engineering or computer science, whereas women on teams with higher

representation are 2.3pp more likely to choose these majors. This is consistent with a story

in which robotics teams that are especially male-dominated have a chilling effect on women’s

interest in the engineering and computer science in college and helps reconcile our findings

with those of Meschede et al. [2024a].

6 Conclusion

In this paper, we explore how exposure to STEM-related extracurriculars as a high school

student impacts students’ future degree choices in college. We leverage variation in the roll-

out of FIRST robotics teams as an extracurricular at high schools across time to show, across
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multiple sources of data, that attending a high school that has a robotics team increases the

likelihood of majoring in engineering or computer science, with larger effects for students at

schools with teams that have been established for more than five years. These effects continue

to matter even once individuals enter the labor force, with treated students being more likely

to work in STEM-related occupations, though our ambiguous results for earnings suggest

that these occupation substitution patterns may primarily be occurring among individuals

who would have had high earnings in the labor market either way.

In addition to overall effects, we also see different effects by gender, with strong positive

effects of take-up of engineering and computer science majors for men in high schools with

robotics teams. In contrast, women’s take-up of these majors increases less than similarly

treated men or even decreases at times. This suggests that early exposure to robotics and

technology-based extracurriculars could actually increase the gender gap in participation in

engineering, perhaps due to increased salience of gender gaps in the field at earlier stages.

A limitation of our study is that we cannot directly observe whether a student in our data

participated in FIRST robotics or merely attended a high school with a robotics team. This

means that our estimates should be interpreted as the impacts of attending a high school

with a team rather than participating in the extracurricular. These results are therefore a

combined effect of actual participation and the effect of seeing others participate while not

participating oneself. These potential spillover effects on non-participants may have a role

in explaining our null/negative effects for women in particular. Further research into how

to promote STEM-related career pathways early in the life cycle without unintentionally

discouraging underrepresented groups from pursuing them would likely be worthwhile.
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A Standard Two-Way Fixed Effects Specification

While our preferred specification uses the Borusyak et al. [2024] imputation method, we also

test whether our results hold using the standard two-way fixed effects method. In Tables A.I,

A.II, and A.III, we report present results from regressing indicators for majoring in STEM,

engineering or computer science, and computer science alone on indicators for the treatment

in our static difference-in-difference specification described in equation 1. We run this first

for the full sample (col. 1 and 2.) and then allowing the treatment to vary by gender (col.

3 and 4), parental income (col. 5 and 6), and parental education (col. 7 and 8).

Table A.I: Impacts of Attending a HS with a Robotics Team: STEM Major

(1) (2) (3) (4) (5) (6) (7) (8)
Overall Overall Gender Gender Income Income Parent BA Parent BA

Treated 0.002 0.006 0.014** 0.017** 0.003 -0.002 -0.014* -0.009
(0.005) (0.007) (0.007) (0.008) (0.009) (0.009) (0.008) (0.010)

Treated X Female -0.026*** -0.021***
(0.007) (0.008)

Income>100K X Treated 0.012 0.015*
(0.008) (0.008)

Parent BA X Treated 0.021*** 0.020**
(0.008) (0.009)

Controls X X X X
R2 0.089 0.130 0.107 0.130 0.100 0.130 0.090 0.130
N 171747 106293 171747 106293 171747 106293 171747 106293

Table Notes: This reports regression coefficients for a regression of an indicator variable for majoring in STEM
(defined as CIP codes 1, 11, 14, 15, 26, 27, 40, 41, and 51) on an indicator for being treated, along with interactions
with indicators for gender, indicators for family income of over 100K income, and indicators for at least one parent
having a bachelor’s degree. Mean of the outcome variable is 0.325 for untreated students (N=137,294). Treated
means that the student attended a school that had a robotics team in the previous 4 year before college first
term. All regressions include fixed effects for high school, state, and student’s graduation cohort. Odd columns
include controls for student gender, race, parental income, parental education, and student citizenship. Standard
errors in parentheses clustered at the high school level; * p < 0.1, ** p < 0.05, *** p < 0.01.

In all specifications, there is no significant impact of attending a high school with a

robotics team on major choice in the full sample. However, this null result hides substantial

heterogeneity in impacts by demographic groups with particularly strong differences by gen-

der. We see a significant positive effect of the treatment on male students on likelihood of

choosing a technical major. Male students whose high school has a robotics team are 1.7 pp

(2.3%) more likely to major in STEM and 1.5 pp (9.3%) more likely to major in engineering

or computer science. In contrast, there is a negative coefficient on the interaction between

being female and the treatment variable, indicating that attending a high school with a

robotics team widens the gender gap in likelihood of majoring in a technical field. Women

35



Bella r○ Anstreicher r○ Venator
Exposure to Technology

and College Major Choice

Table A.II: Impacts of Attending a HS with a Robotics Team: Engineering or CS Major

(1) (2) (3) (4) (5) (6) (7) (8)
Overall Overall Gender Gender Income Income Parent BA Parent BA

Treated 0.000 0.003 0.014** 0.016** -0.004 -0.009 -0.013** -0.015*
(0.005) (0.006) (0.006) (0.007) (0.007) (0.007) (0.007) (0.008)

Female X Treated -0.030*** -0.025***
(0.006) (0.007)

Income>100K X Treated 0.019*** 0.022***
(0.007) (0.007)

Parent BA X Treated 0.018*** 0.024***
(0.007) (0.007)

Controls X X X X
R2 0.096 0.162 0.151 0.163 0.099 0.163 0.097 0.163
N 171747 106293 171747 106293 171747 106293 171747 106293

Table Notes: This reports regression coefficients for a regression of an indicator variable for majoring in Computer
Science or Engineering (defined as CIP codes 11, 14, 15) on an indicator for being treated, along with interactions with
indicators for gender, indicators for family income of over 100K income, and indicators for at least one parent having
a bachelor’s degree. Mean of the outcome variable is 0.152 for untreated students (N=137,294). Treated means that
the student attended a school that had a robotics team in the previous 4 year before college first term. All regressions
include fixed effects for high school, state, and student’s graduation cohort. Odd columns include controls for student
gender, race, parental income, parental education, and student citizenship. Standard errors in parentheses clustered
at the high school level; * p < 0.1, ** p < 0.05, *** p < 0.01.

from high schools with robotics are 2.1 pp less likely than men from similar high schools to

major in STEM. If we calculate the treatment effect for women (i.e., the sum of the two

coefficients), there is a null effect on STEM major take-up for women. For engineering and

computer science, these disparities are even more pronounced with the treatment effect indi-

cating reductions in major take-up relative to other women in high schools without robotics

teams. For example, there is a null effect of the treatment on men’s take-up of computer

science specifications in the specification including demographic controls, but there is a sig-

nificant, negative effect for women. This indicates that women are approximately 1.6 pp

(36%) less likely to major in computer science if their high school has a robotics team than

in the absence of a team.

We also see disparities by family background, though these differences are less stark and

only statistically significant at standard levels for engineering and computer sciences majors.

Treated students whose parents make more than $100,000 per year are 2.2 pp (11.7%) more

likely to major in engineering or computer science and 1.2 pp (24.3%) more likely to major in

computer science alone than those whose high school doesn’t have a robotics team, whereas

students with lower earning parents have a null effect. This interaction with parental income

indicates that these programs widen the gap in take-up of STEM majors by parental income.

Similar patterns are seen if we measure student socioeconomic backgrounds using parental
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Table A.III: Impacts of Attending a HS with a Robotics Team: CS Major

(1) (2) (3) (4) (5) (6) (7) (8)
Overall Overall Gender Gender Income Income Parent BA Parent BA

Treated -0.001 -0.004 0.009** 0.005 -0.008** -0.010** -0.007** -0.012**
(0.003) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.005)

Female X Treated -0.020*** -0.016***
(0.004) (0.004)

Income>100K X Treated 0.011*** 0.012***
(0.004) (0.004)

Parent BA X Treated 0.009*** 0.010***
(0.004) (0.004)

Controls X X X X
R2 0.063 0.093 0.081 0.093 0.071 0.093 0.063 0.093
N 171747 106293 171747 106293 171747 106293 171747 106293

Table Notes: This reports regression coefficients for a regression of an indicator variable for majoring in Computer
Science (defined as CIP codes 11) on an indicator for being treated, along with interactions with indicators for gender,
indicators for family income of over 100K income, and indicators for at least one parent having a bachelor’s degree.
Mean of the outcome variable is 0.041 for untreated students (N=137,294). Treated means that the student attended a
school that had a robotics team in the previous 4 year before college first term. All regressions include fixed effects for
high school, state, and student’s graduation cohort. Odd columns include controls for student gender, race, parental
income, parental education, and student citizenship. Standard errors in parentheses clustered at the high school level;
* p < 0.1, ** p < 0.05, *** p < 0.01.

education rather than income.
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B Supplementary Tables and Figures

Table B.I: Summary Statistics of ACS Sample

Variable Mean (SD) Mean (SD) Mean (SD) Mean (SD) Mean (SD)
White 82.0 82.8 81.3 88.5 83.5

(38.3) (37.7) (38.9) (31.8) (37.0)
Black 10.0 9.2 10.7 3.6 9.1

(29.9) (28.9) (30.9) (18.6) (28.8)
Asian 3.7 3.8 3.6 4.5 2.8

(18.9) (19.1) (18.7) (20.7) (16.5)
STEM BA 12.7 12.9 12.5 20.0 11.5

(33.3) (33.5) (33.1) (40.0) (31.9)
Engineering/Compsci BA 4.5 7.5 1.5 7.4 3.9

(20.6) (26.3) (12.1) (26.1) (19.4)
4-Yr College Degree 45.7 41.0 50.4 72.4 39.8

(49.8) (49.1) (50.0) (44.6) (48.9)
Enrolled in Grad School 4.5 3.7 5.3 7.2 4.0

(20.8) (18.9) (22.4) (25.7) (19.5)
Advanced Degree 13.7 10.7 16.7 25.0 10.9

(34.4) (30.9) (37.3) (43.3) (31.2)
Employed 81.8 84.9 78.7 86.5 81.3

(38.5) (35.7) (40.9) (34.0) (38.9)
STEM Occupation 7.9 11.7 4.1 11.6 7.2

(26.9) (32.1) (19.9) (32.1) (25.8)
Annual Labor Income ($1,000) 43.7 51.0 36.6 60.4 39.7

(52.1) (59.6) (42.3) (70.1) (44.4)
Hourly Wage 24.7 26.1 23.3 30.9 23.0

(19.7) (20.6) (18.5) (23.2) (18.0)

Sample All Men Women Par Inc>100k Par Inc<100k
N 2990000 1470000 1520000 61700 315000

Notes: Table presents summary statistics of ACS sample. Standard deviations in parentheses. Data from

1982-1999 birth cohorts age 25 and older in 2009-2024 waves of ACS, linked to themselves via PIKs in 2000

Decennial Census. Parent income split conducted for individuals linked to 2000 Long-Form Decennial.

Earnings deflated to 2020 dollars using CPI. Sample sizes rounded for disclosure avoidance purposes.

CBDRB-FY26-P3098-R12992.
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Figure B.I: ACS Results by Parent Income

(a) Engineering/CS Major, < $100k (b) Engineering/CS Major, > $100k

(c) STEM Occupation, < $100k (d) STEM Occupation, > $100k

(e) Hourly Wage, < $100k (f) Hourly Wage, > $100k

Notes: Figures present event-study estimates using Borusyak et al. [2024] method of exposure to FIRST

robotics teams on outcome variables of interest. Dotted lines show 95% confidence intervals. Data from

1982-1999 birth cohorts age 25 and older in 2009-2024 waves of ACS, linked to themselves via PIKs in 2000

Decennial Census Long-Form. Parent income from 2000 Long-Form. Earnings deflated to 2020 dollars

using CPI. CBDRB-FY26-P3098-R12992
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