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We test for stereotyping—the exaggeration of representative traits—in a high- 
stakes economic environment. Using surveys administered among undergradu- 
ates at the Ohio State University as well as large-scale nationally representative 
data, we measure how U.S. first-year students perceive the relationship between 

college majors and occupations. We show that students greatly overestimate the 
likelihood that majors lead to their representative jobs (e.g., counselor for psychol- 
ogy, journalist for journalism). Using an implicit association test, we show that 
students associate majors with their representative careers and that these asso- 
ciations strongly predict belief biases, in line with a stereotyping mechanism. A 

simple equilibrium model of the labor market predicts that stereotyping reduces 
welfare by increasing misallocation, which we corroborate with correlational evi- 
dence on job/major mismatch. In a field experiment, we test a light-touch policy to 
reduce stereotyping and find significant effects on students’ intentions about what 
to study as well as the classes and majors they enroll in. JEL codes: D83, D91, I23, 
J24, C93.
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I. INTRODUCTION 

College major choice is among the most consequential eco-
nomic choices that many people ever make.1 Undergraduates
choose their major in part with an eye toward its effect on their
future occupation, but several facts suggest frictions in this pro-
cess. Almost half of employed U.S. college graduates report that
their job is not closely related to their degree, and mismatch be-
tween major and occupation strongly predicts job dissatisfaction,
lower salaries, and the rate at which graduates say they regret
their choice of what to study.2 What explains these patterns? One
possibility is that they primarily reflect uncertainty—for instance,
about undergraduates’ future job preferences—resolving into ex
post regret. But a second possibility is that they in part reflect
systematic ex ante mistakes, for example, due to student misper-
ceptions about the consequences of major choice. Identifying the
nature and magnitude of any such mistakes would point toward
policy interventions to improve student outcomes. 

In this article, we study whether stereotypes about the link
between college majors and careers distort undergraduates’ be-
liefs and thereby their choices of what to study. We draw on a re-
cent literature in economics that conceptualizes stereotypes as ex-
aggerations based on a “kernel of truth”: a trait that is more com-
mon in one group than another, even if it is uncommon in absolute
terms in both, may come to mind readily when thinking about that
group ( Gennaioli and Shleifer 2010 ; Bordalo et al. 2016 ).3 This
kind of stereotyping arising from relative likelihoods or represen-
tative traits has been widely applied to study misperceptions sur-
1. College major choice plays a large and increasing role in shaping the eco- 
nomic prospects of college graduates ( Altonji, Kahn, and Speer 2014 ). Differences 
in, for example, earnings across majors often rival or exceed the wage premium 

from attending college at all, and they appear to primarily reflect causal ef- 
fects rather than selection ( Hastings, Neilson, and Zimmerman 2013 ; Kirkeboen,
Leuven, and Mogstad 2016 ; Bleemer and Mehta 2022 ). These effects appear driven 

at least in part by the actual classes that students take, rather than (just) the of- 
ficial major they graduate with ( Arteaga 2018 ). 

2. Our own calculations from the National Survey of College Graduates and 
the Survey of Household Economics and Decision Making. See Section III . 

3. Note that this cognitive approach to stereotyping is distinct from other ap- 
proaches that consider stereotypes as reflecting taste or rational statistical infer- 
ences ( Becker 1957 ; Phelps 1972 ), as essentially negative caricatures of groups 
driven by prejudice ( Adorno et al. 1950 ), or as tools used to perpetuate negative 
views of historically discriminated-against groups ( Glaeser 2005 ). 
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ounding social groups, such as gender, race, and political parties 
e.g., Bordalo et al. 2019 ; Arnold, Dobbie, and Yang 2018 ; Coffman,
xley, and Niederle 2021 ; Arnold, Dobbie, and Hull 2022 ; Alesina,
iano, and Stantcheva 2023 ; Bohren et al. 2025 ). 

The same logic that grounds stereotypes in likelihood ratios—
ow common a trait is in one group divided by its prevalence in a 

eference group—also makes stark predictions in our setting. We 

an think of graduates with different majors as comprising differ- 
nt “groups” and their careers as “traits” that may be more com- 
on in one group than another. We can then define for each col- 

ege major its representative career: the one that is most common 

mong that major’s graduates compared to other majors. We com- 
ute representativeness using career/major shares in U.S. census 
ata, which yields intuitive classifications for each major’s most 
epresentative career: for example, lawyers for political science 

ajors, journalists for communication majors, teachers for educa- 
ion majors. We show that for such careers, absolute frequencies 
f representative careers conditional on major are often modest—
etween 2% and 60% depending on field—but relative frequen- 
ies are nonetheless very extreme: graduates are 155% to 1,751% 

ore likely to have their major’s representative career than grad- 
ates with other majors. Motivated by these statistics, we describe 

 simple model of belief formation (drawn from Bordalo et al. 2016 ) 
hereby representative careers come to mind easily and thereby 

et overweighted: if so, we should expect exaggerated beliefs about 
epresentative careers. 

We test this prediction first through surveys run in part- 
ership with an academic program at the Ohio State University 

OSU). Our respondents are first-year undergraduates who are 

ndecided about their major. The main survey questions simply 

sk students their beliefs about the share of U.S. graduates with 

ifferent majors who are working in various careers. We find large 

nd systematic stereotyping: students overestimate the preva- 
ence of almost every major’s representative career. For example,
he average student believes that 53% of art majors work as artists 
17% do), that 47% of journalism majors work as journalists (4% 

o), that 38% of political science majors work as lawyers (16% 

o), and that 43% of psychology majors work as counselors (21% 

o). Very similar patterns appear in students’ beliefs about majors 
hey are versus are not likely to pursue and in their beliefs about 
he careers they themselves are likely to have, facts that rule 

ut other mechanisms like overconfidence or motivated reason- 
er 2026
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ing as driving our main result. We find similar large and system-
atic stereotyping in a sample of U.S. adults, both among college-
educated and non-college-educated respondents and for younger
and older respondents. 

To provide evidence on the breadth and persistence of such
stereotyping, we analyze a large-scale, nationally representative
sample of U.S. college first-year students including more than 9
million respondents over 40 years. We find that dramatically more
first-years expect to attain their major’s representative career
than actually end up working in that job: 63% of biology majors ex-
pect to be doctors (versus 23% in reality), 62% of psychology majors
expect to be counselors (versus 21%), 65% of art majors expect to
be artists (versus 17%), 42% of communications/journalism majors
expect to be writers or journalists (versus 4%), and so on. Pooling
across majors, these facts combine to produce large gaps between
the expected and actual careers that college graduates pursue. For
professions that are primarily the rare-but-representative out-
come of particular majors—doctor, counselor, journalist—two to
four times more college first-years expect to work in these jobs
than actually do. In contrast, many fewer expect to be teachers,
work in business, or be nonemployed than ultimately are, be-
cause these are the common alternatives to the representative ca-
reer of many majors. These overall gaps—amounting to 40,000 to
200,000 students a year—appear largely unchanged since at least
the 1970s. 

Our interpretation of these results is that representative
careers come to mind easily when thinking about majors. This
kind of recall process—what is immediately retrieved quickly
from memory—is downstream of the associations between experi-
ences that connect them in memory ( Kahana 2012 ; Bordalo et al.
2021 , 2023 ). To provide evidence on this potential mechanism, we
adapt to our setting an extremely prevalent method of uncover-
ing such associations from the psychology literature—the implicit
association test (IAT) ( Greenwald, McGhee, and Schwartz 1998 ),
which is increasingly used in economics to document stereotyp-
ing ( Bertrand, Chugh, and Mullainathan 2005 ; Lowes et al. 2015 ;
Carlana 2019 ; Avitzour et al. 2020 ; Chetty et al. 2020 ; Kline, Rose,
and Walters 2022 ; Alesina et al. 2024 ; Owen and Rury 2025 ). In
the IAT, participants must sort stimuli into categories using two
response keys. Their speed is taken as evidence of underlying as-
sociations: if participants sort more quickly when two categories
ber 2026
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hare a key than when they do not, this is evidence of an implicit 
ink or association in memory. 

In our adaptation of the IAT, the categories are major and ca- 
eer groups, and the stimuli are individual occupation and degree 

elds. For each round, participants sort words as either belong- 
ng versus not to a focal major group (e.g., “humanities”) or as be- 
onging versus not to a focal career group (e.g., “writers and jour- 
alists”). The key comparison is between matched blocks, where 

he focal major and career share a response key, and unmatched 

locks, where each is instead paired with the other’s alterna- 
ive category. The difference in completion times across these two 

locks provides a measure of an implicit association between the 

ocal major and career. We compute a difference-in-difference—
omparing the matched versus unmatched blocks across different 
ounds of the IAT—to measure the relative strength of implicit 
ssociations across majors and careers. 

Using this design, we find that participants strongly and sys- 
ematically associate majors with their representative careers:
mplicit associations are 0.30–0.36 standard deviations higher 
or representative major–career pairs than for nonrepresentative 

airs ( p < .01). This effect remains (0.24–0.28 standard devia- 
ions, p < .01) even controlling for the true conditional frequency 

f careers. Furthermore, a one standard deviation increase in the 

ssociations between a major and its representative career pre- 
icts 4.1 percentage points greater stereotyping as measured by 

eliefs ( p < .01). This relationship remains large and statistically 

ignificant even controlling for career-by-major fixed effects (2.8 

ercentage points, p < .01 ); that is, for a given major, those who 

eveal a greater association between that field of study and its 
epresentative career also have more biased beliefs. These results 
trongly suggest that the same associations that drive stereo- 
yping in other settings also underpin the biases about college 

ajors that we uncover. In addition, psychologists (and increas- 
ngly behavioral economists) argue that such associations and 

he belief biases they lead to are intimately linked to past ex- 
eriences stored in memory (e.g., Greenwald and Banaji 1995 ;
awronski and Bodenhausen 2011 ; Bordalo et al. 2016 , 2023 ).
onsistent with this idea, we find that heterogeneity across stu- 
ents in their experiences—the careers and majors of people they 

now personally—strongly predicts biases in their beliefs at the 

ndividual level. 
m
ber 2026
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Having provided evidence on the severity and origins
of stereotyping in our context, we turn to its implications
for economic outcomes and policy. We embed our model of
representativeness-based belief distortions into a stylized setting
where students decide their major and then—after graduating—
choose their career. The model makes two intuitive points. First,
if students hold internally consistent views of the economy, then
stereotypes about the major–career mapping imply mispercep-
tions about jobs’ unobserved attributes: that is, students must in-
fer that a representative career is better—for example, it requires
less search to find a job, pays better, or provides better amenities—
than it really is. The logic behind this result is that if students
had correct beliefs about the distribution of job amenities and
worker/student preferences, they would realize that their stereo-
typed beliefs about the distribution of careers must be wrong. Sec-
ond, stereotyped beliefs lead to greater misallocation—given the
occupations graduates ultimately end up pursuing, they would
have been better off had they majored in a different field. Intu-
itively, this effect arises through selection: stereotyping draws in
students on the margin who are less well suited to a major’s repre-
sentative job. Larger belief biases therefore cause more graduates
to end up in jobs other than those for which their major prepared
them. 

We test whether stereotyping is correlated with misallocation
by compiling data from multiple nationally representative sur-
veys of college graduates. We find that graduates whose majors
(in our OSU beliefs data) are the subject of greater stereotyping
are significantly more likely to be dissatisfied with their jobs, feel
their job does not fit their skills and experience, report that their
job is unrelated to their field of study, and report that they regret
the field of study they chose ( p < .05 for all variables). These re-
sults are of course only correlational (and limited to the coarse
major groups that we define), but they nonetheless provide sug-
gestive evidence of the potential importance of stereotyped beliefs
in distorting postgraduation labor market outcomes. 

What policies can help students to make better informed
choices? We conclude by analyzing the effect of a light-touch infor-
mation intervention on students’ self-reported intentions as well
as their actual course enrollments and college major declarations
up to three years later, measured using administrative data. We
find that the effect of information depends critically on students’
heterogeneous preferences over their future jobs. In response to
r 2026
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ews that the representative career of their ex ante most preferred 

ajor is 10 percentage points less likely, students reduce their in- 
entions toward that major by 3.5 percentage points ( p < .01), en- 
oll in 0.22 fewer courses in that major in the next semester ( p < 

05), and lower their probability of having declared that major a 

ear later by 6.1 percentage points ( p = .23). Although the effects 
ppear to partially fade out over the following years, we also find a 

arge and significant effect on when students declare their major:
reated students spend on average 0.21 more semesters undecided 

efore declaring a major ( p < .05).4 In contrast to the effects we 

nd on students’ top-ranked major, reducing stereotyping if any- 
hing boosts the attractiveness of less preferred fields, consistent 
ith heterogeneous preferences over careers: every 10 percent- 
ge point reduction in stereotyping about students’ second-ranked 

ajor boosts intentions toward it by + 2.1 percentage points ( p = 

17), immediate class-taking by + 0.20 courses ( p < .10), and major 
eclaration within a year by + 9.9 percentage points ( p < .01). All 
hese differences between first and second majors are significant 
t the p < .05 level. 

This article contributes first to a large literature exploring 

tereotypes surrounding race, immigration, political affiliation,
nd gender (e.g., Arnold, Dobbie, and Yang 2018 ; Bordalo et al.
019 ; Coffman, Exley, and Niederle 2021 ; Arnold, Dobbie, and 

ull 2022 ; Alesina, Miano, and Stantcheva 2023 ; Bohren et al.
025 ). We show that the same logic of stereotyping as exagger- 
tions of a “kernel of truth” also applies to beliefs about hu- 
an capital investments. Furthermore, our evidence connecting 

tereotyping, implicit associations, and role model effects adds to 

 growing literature on beliefs arising from associations, memory,
nd what comes easily to mind (e.g., Malmendier and Wachter 
022 ; Augenblick et al. 2023 ; Bordalo et al. 2023 ; Enke, Schwerter,
nd Zimmermann 2024 ; Graeber, Roth, and Zimmermann 2024 ;
ordalo et al. 2025 ; Conlon and Kwon 2025 ). 

Our study also contributes to a rich literature on beliefs and 

uman capital investment (see Giustinelli 2023 for a review). Mis- 
erceptions surrounding schooling choices are particularly impor- 
ant to identify because, unlike other premarket determinants 
f later economic success, such as accumulated skills ( Neal and 
4. If anything, treated students are slightly more likely to still be taking 
lasses two or three years later, so the effects on major declaration do not appear 
o be driven by students dropping out or becoming discouraged with college. 

 24 Septem
ber 2026
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Johnson 1996 ; Speer 2017 ), they may be more easily addressed
through simple policy interventions such as information cam-
paigns or other nudges. The importance of field of study for eco-
nomic outcomes has led many studies to investigate whether bi-
ased beliefs distort students’ college major choices, but these pa-
pers tend to focus on beliefs about average salary conditional on
major (e.g., Betts 1996 ; Arcidiacono, Hotz, and Kang 2012 ; Wiswall
and Zafar 2015 ; Baker et al. 2018 ; Conlon 2021 ).5 We show that
students are systematically miscalibrated about the occupations
that different majors lead to, not just about the salaries those oc-
cupations pay. Our results also echo a small but growing litera-
ture showing that students in vocational programs in developing
countries greatly overestimate their own employment prospects
postgraduation (e.g., Bandiera et al. 2025 ) and that reducing these
misperceptions can have positive effects (e.g., Alfonsi, Namubiru,
and Sara 2025 ). 

II. DO STUDENTS STEREOTYPE MAJORS? 

This section tests whether students stereotype majors. We be-
gin by describing a representativeness-based model of belief for-
mation that delivers a simple test for stereotyping, which we then
take to the data. We present our main survey evidence testing for
stereotyping, then examine robustness in other samples, and fi-
nally use implicit association tests to shed light on the psychology
of stereotyping more directly. In Section III , we embed this frame-
work in a larger model to study other predictions of this belief
formation process, focusing on implications for major choice and
other postgraduation outcomes. 

II.A. A Model of Belief Formation 

Let pc | M 

be the true share of graduates with major M who are
working in career c . Let πc | M 

denote the student’s belief about this
share. We assume that the student may overweight careers that
come to mind easily when considering M. Following Gennaioli and
5. A notable exception is Arcidiacono et al. (2020) , who decompose beliefs about 
the salary returns to majors into their effects on salaries in occupations and on 

the likelihood of attaining certain occupations. Their study does not attempt to 
test whether students’ beliefs are consistent with rational expectations. See also 
Wiswall and Zafar (2021) and Ersoy and Speer (2025) for beliefs about non–labor 
market consequences of major choice. 

 user on 24 Septem
ber 2026
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hleifer (2010) and Bordalo et al. (2016) , we assume that a career 
 comes to mind more easily when it is more common in M than 

n other majors (for microfoundations and more experimental evi- 
ence, see Bordalo et al. 2021 , 2023 ). This produces a version of the 

epresentativeness heuristic ( Kahneman and Tversky 1972 ) that 
ives a central role to the relative likelihood of traits in groups 
in our case, careers within majors). More precisely, we define the 

epresentativeness R (c, M) of career c for major M according to 

he likelihood ratio rule in equation (1) , where pc |−M 

is the share 

f graduates with majors other than M that work in c . 

R (c, M) ≡ pc | M 

pc |−M 

. 1) 

e define the representative career (sometimes called the exem- 
lar) of major M to be the career that maximizes this likelihood 

atio: c∗(M) ≡ arg max c R (c, M) . 
We assume the student may overweight M’s representative 

areer when forming their beliefs because it comes to mind more 

asily than other careers. In particular, we assume the student’s 
eliefs about M are given by: 

πc | M 

= (1 − θ ) pc | M 

+ θ · 1 [ c = c∗(M)] . 2) 

quation (2) nests two important benchmarks. First, when θ = 

 , we recover the rational benchmark where the student’s beliefs 
re correct. When θ = 1 , the equation reduces to the rank-based 

runcation formulation of stereotyping from Bordalo et al. (2016) .
e might also expect more intermediate levels of stereotyping,
ith θ ∈ (0 , 1) . 

Equation (2) suggests a simple empirical strategy to test for 
tereotyping in this context: we can regress beliefs about the 

revalence of c among M majors on the true prevalence pc | M 

and 

n indicator for c being M’s representative career. We follow this 
trategy—along with other analyses exploring robustness—below.

I.B. Testing for Stereotyping 

Building on the empirical test generated from the belief for- 
ation model, this section presents our main survey data and ev- 

dence on the magnitude of stereotyping. 

1. Study Sample and Survey Design. Our primary data 

ome from surveys of freshmen students in the Exploration pro- 
ram at OSU. Entering OSU students are automatically enrolled 
r 2026
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in this program if they have not yet officially declared a major. The
Exploration program includes a mini-course that students take
their first semester. This course is typically taught by an academic
advisor and includes self-assessments (meant to point students
toward majors that suit them), information about degree require-
ments, and help planning course schedules. At the time we ran our
surveys, the program did not provide students quantitative infor-
mation about employment outcomes by major. Students received
extra credit in this course for completing our survey, ensuring a
high response rate of around 80%. 

We ran three surveys among students in the Exploration pro-
gram. Our main survey occurred during fall semester of 2020.
The other two surveys both occurred during fall semester of 2021
among a new cohort of Exploration students. The first 2021 sur-
vey served as a replication of our 2020 results, and the second
included an information-provision experiment to evaluate the ef-
fect of reducing stereotyping on students’ intentions and choices
(see Section IV ). See Online Appendix B.1 for more details about
the surveys and their implementation. Online Appendix Table
A.I , columns (1) and (2) give self-reported demographic informa-
tion about the students in our OSU samples, which are broadly
similar demographically to the overall student body at OSU,
though with a somewhat higher share of first-generation college
students. 

The 2020 survey began by displaying 10 groups of college ma-
jors and asking students to rank them by how likely they thought
they were to graduate from OSU with a degree in each. See Online
Appendix Table A.II for a list of these major groups (henceforth,
just “majors”) and how we map them onto degree fields in the
American Community Survey (ACS). The survey then asked de-
tailed questions about a subset of these majors: the two they rated
as being most likely to pursue and two other randomly selected
majors. This structure allows us to estimate average beliefs among
all students (i.e., unconditional on their ranking of majors) using
inverse probability weights.6 

The most important question asked students their “best guess
about the percent of Americans aged 30–50 (note, not just from Ex-
ploration or OSU) who graduated with a major in M that are . . .” It
6. In particular, a student’s two top majors receive a weight of one, while the 
two other majors receive a weight of four (because there were eight other majors, 
and thus a one in four chance that each was selected). 

 24 Septem
ber 2026
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hen listed nine careers, plus “Working in any other job” and “Not 
orking for pay”. See Online Appendix Table A.III for the list of 

areers and how we map them onto occupations in the ACS. After 
nswering this question, students were asked what they thought 
heir own chance of working in each career would be, if they grad- 
ated with major M. We call these two sets of beliefs—about oth- 
rs’ outcomes and one’s own possible career—students’ “popula- 
ion” and “self” beliefs, respectively. Note that the population be- 
iefs questions were worded to allow us to compare students’ be- 
iefs to an objective benchmark: true career shares in the ACS,
hich we calculate using 2017–2019 data ( Ruggles et al. 2022 ).
o match the wording of these OSU survey questions, we restrict 
o college-graduate respondents born between 1958 and 1997 who 

re between 30 and 50 years old when answering the ACS. 

2. Testing for Stereotyping. We begin by simply showing av- 
rage beliefs about representative careers. We define the represen- 
ative career of each major using the likelihood ratio according to 

quation (1) . The careers that are most representative of each ma- 
or by this definition are intuitive: doctors for biology/chemistry,
awyers for government, counselors for psychology, teachers for 
ducation, and so on (see Online Appendix Table A.IV for the com- 
lete list). 

The gray bars in Figure I show students’ average beliefs about 
he share of each major’s graduates working in its most represen- 
ative career. The dotted lines show the true fraction of college 

raduates with each major who are working in the representa- 
ive career. We see that for 9 of the 10 majors (all except nursing) 
tudents believe that a major’s representative career is substan- 
ially (and statistically significantly) more common among grad- 
ates with that major than it actually is.7 These differences are 

ften quite large: students exaggerate the share of artists among 

rt majors by 36 percentage points or 211%, of doctors among biol- 
gy and chemistry majors by 11 percentage points (48%), of coun- 
elors among psychology majors by 22 percentage points (105%),
f writers and journalists among communications majors by 43 
7. Even the exception to this pattern is instructive. Although students under- 
stimate the share of nursing majors working as nurses, this is largely because 
hey dramatically overstate the share of such majors who eventually become doc- 
ors, which is nursing’s second most representative outcome. In fact, 4% of nursing 
ajors work as doctors, but the average belief is 23%. 
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FIGURE I 

Stereotyping Representative Careers 

Figure I presents average statistics regarding the most representative career (as 
defined in Section II ) for each major. The dashed horizontal lines denote the actual 
proportion of college graduates with each major between the ages of 30 and 50 
that are working in that major’s most representative career, based on data from 

the 2017–2019 American Community Survey. The dark blue bar shows, among stu- 
dents in the Freshman Survey who expect to pursue each major, what fraction list 
that major’s representative outcome as their probable career occupation. The light 
blue bar plots the average belief for the 2020 OSU sample about the probability 
that they would be working in each career at age 30 if they graduated from OSU 

with their top-ranked (i.e., most likely) major. The pale gray bars show the average 
belief among our 2020 OSU sample about the fraction of Americans between the 
ages of 30 and 50 who graduated college with each major (not only their top-ranked 
major) that are working in each occupation. Error bars show 95% confidence inter- 
vals for the mean of the OSU beliefs. 
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percentage points (1,075%), and so on. All of these differences are
statistically significant at the p < .01 level. 

The light blue bars (color version online) in Figure I show av-
erage self beliefs, restricting to the major that students say they
are most likely to pursue. We see that self beliefs tend to be quite
similar to population beliefs, and for every major students believe
they have a statistically significantly better chance of attaining
their major’s representative career than the true share of gradu-
ates working in it ( p < .05 for all 10 comparisons). Note that by
themselves, these patterns in students’ self beliefs about their top-
ranked major could have been interpreted as only reflecting, say,
overconfidence or motivated reasoning. The fact that students also
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verestimate the share of others in representative careers, includ- 
ng for majors other than their own (pale gray bars), indicates that 
tereotyping is a large part of the explanation.8 

The model described in Section II.A suggests a simple regres- 
ion strategy for quantifying the extent of stereotyping. Table I 
hows OLS regressions of equation (3) , clustering standard errors 
t the individual and career-by-major level. 

π i 
c | M 

= γ pc | M 

+ θ1 

(
c = c∗(M)

)
+ εi 

c,M 

. 3) 

f participants react only to the true (not the relative) frequency 

f careers by major, we should expect the estimate of θ to be zero.
ote that this is true not only under the rational benchmark but 
lso under any explanation whereby errors in beliefs take a form 

nrelated to the likelihood ratio. For example, if students’ be- 
iefs are only noisy or underreactive to true frequencies, then we 

ight expect an estimate of γ � = 1 but would still expect θ to be 

ero. 
Table I , column (1) instead shows a large, positive, and statis- 

ically significant estimate of θ , indicating substantial stereotyp- 
ng in students’ population beliefs. Given that these regressions 
ontrol for the true frequency of careers, the coefficient of 0.32 ( p 

 .01) indicates that on average students think that majors’ most 
epresentative careers are 32 percentage points more common 

han equally prevalent but nonrepresentative careers. Column 

2) adds career fixed effects, where we see a similarly sized esti- 
ate of stereotyping (28 percentage points, p < .01). Furthermore,
nline Appendix Table A.VI shows very similar levels of stereo- 

yping by gender, ethnicity, and first-generation status. Table I ,
olumns (3) and (4) show that similar patterns appear for self be- 
iefs, restricting to students’ top-ranked major: students believe 

hat they are between 36 and 43 percentage points ( p < .01, with 

nd without career fixed effects) more likely to have their major’s 
epresentative career than equally prevalent nonrepresentative 

areers. 
8. We can also decompose the relative importance of stereotyping compared 
ith these other potential mechanisms. Online Appendix Table A.V presents the 

esults of a Shapley-Sharrocks decomposition. This analysis conducts a horse race, 
omparing the extent to which stereotyping versus other potential mechanisms ex- 
lain the variance in students’ beliefs (see the notes of Online Appendix Table A.V
or details). We find that stereotyping accounts for a greater share of the variation 

n beliefs than any of the other mechanisms we explore. 
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FIGURE II 

Beliefs About Careers Conditional on Majors 

Each dot represents a career–major pair (where nonemployment is also one of the 
“careers”). Panel A restricts these pairs to when the career is most representative 
of the major, and Panel B restricts them to when the career is not representative of 
the major. The x -axis of both panels is the share of graduates with that major who 
are working in that career in the ACS. The y -axis is the average population belief, 
among the 2020 OSU sample, about the fraction of graduates with that major who 
are working in that career. Lines show OLS regressions including all career–major 
pairs within each panel. 
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We can visualize the coefficients in the population-beliefs re- 
ressions by looking at Figure II , which plots the average popula- 
ion belief for each career–major pair against its true conditional 
ikelihood. Panel A shows that students overestimate 9 of the 10 

epresentative careers, but within these representative outcomes,
he relationship between beliefs and true frequencies is attenu- 
ted (i.e., the line of best fit is flatter than 45 degrees). Panel B 

hows a similar attenuation between beliefs and true frequencies 
mong nonrepresentative outcomes, such that sufficiently rare 

onrepresentative outcomes are on average overestimated while 

ufficiently common ones are neglected. These trends explain why 

he estimate of γ from equation (3) is less than one. The effect of 
tereotyping is also obvious from Figure II ; comparing objectively 

imilarly frequent careers that are representative (Panel A) ver- 
us not (Panel B), we see that representative careers are perceived 

o be dramatically more common. 
Note that students substantially overestimate business and 

eaching jobs for business and education majors (respectively) but 
nderestimate these outcomes for almost every other major. This 
r 2026
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result shows that these biases are not just about careers per se
(e.g., students simply having not heard of certain professions) but
rather about the relationship between careers and majors. It also
partly explains why our estimate of θ is so large and significant
despite the inclusion of career fixed effects. 

Figure II also shows that students greatly underestimate the
share of college graduates who are not working for pay. Across ma-
jors, students believe 1%–4% of graduates are not employed. Note
that these numbers are lower even than the nonemployment rate
for male college graduates (6.3%). Furthermore, in our 2021 repli-
cation (more details below), we updated the wording of these ques-
tions to explicitly ask about “not working for pay (e.g., unemployed
or a full-time parent).” We find very similar misperceptions, indi-
cating these results are not driven only by a failure to consider
leaving the workforce for reasons related to child care. 

These results so far pertain to the career categories we have
defined, but one might reasonably wonder whether biases spe-
cific to more fine-grained occupations drive our results. For ex-
ample, if students are unaware of many nonrepresentative jobs in
some categories and fail to correct for this when forming their be-
liefs about majors, this could plausibly lead to biases like those
we find. In Online Appendix B.12 , we describe a preregistered
survey in which we explicitly test for—and fail to find evidence
of—this mechanism. In particular, we ask current college stu-
dents and recent graduates whether they are aware of the 100
most common nonrepresentative occupations. We find that partic-
ipants are aware of the overwhelming majority of such jobs and
that the small amount of unawareness we find is actually nega-
tively correlated with stereotyping, the opposite of what we would
expect if it were driving our main results. This speaks against
unawareness of specific occupations as a driving force behind
stereotyping. 

In addition, the first 2021 OSU survey served as a replication
exercise for the results from the 2020 sample. For brevity, this sur-
vey asked students only about their two top-ranked majors, but
otherwise asked the same self and population beliefs about career
likelihoods as the 2020 survey did. Online Appendix Table A.VII
shows very similar average population beliefs in this sample com-
pared with the 2020 sample. In particular, students again exag-
gerate the share of graduates working in representative jobs for 9
of the 10 majors (all but nursing). 
er 2026
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I.C. Stereotyping in Other Samples 

Are these effects limited to our OSU sample? We address this 
uestion by collecting data from online samples of U.S. adults and 

hen analyzing nationally representative survey data of U.S. first- 
ear college students. 

1. Online Sample of Adults. First, we conducted an online 

urvey of U.S. adults recruited through CloudResearch, where re- 
pondents were incentivized to provide accurate responses to the 

ame population-beliefs questions as our OSU survey (see Online 

ppendix B for details on this survey). Table I , columns (5)–(8) 
how somewhat smaller but still large and statistically signifi- 
ant stereotyping even among these respondents, both when re- 
tricting to college- versus non-college-educated and younger ver- 
us older adults. Thus, even people with substantial labor market 
xperience and who have attended college beyond their freshman 

ear exhibit similar patterns of stereotyping as in our main OSU 

ample.9 

We test whether biases appear/persist even for college grad- 
ates’ own major, where we might have expected learning to be 

reatest. The CloudResearch sample did not include data on par- 
icipants’ own career and major, but in Online Appendix B.12 we 

escribe a survey of recent college graduates (aged 30 or younger) 
ecruited from Prolific in which we do collect such data. There we 

eplicate our main stereotyping result (19.0 percentage points, p < 

01, Online Appendix Table B.XI , column (1)) and show that stereo- 
yping appears even when focusing on graduates’ own major (21.4 

ercentage points, p < .01, column (2)). We also find some impre- 
ise evidence that those who do not have their major’s represen- 
ative job stereotype it somewhat less ( −5.2 percentage points, p 

 .24), despite stereotyping other majors more ( + 4.4 percentage 

oints, p < .05 for difference between own and other majors). We 

lso find no systematic age gradient: graduates aged 26 and older 
the median age among this sample) do not stereotype more or less 
han younger respondents ( Online Appendix Table B.XII ). These 

esults provide further evidence that stereotyping remains sub- 
tantial even after college and even with labor market experience.
9. Note that these results also rule out inattention stemming from lack of in- 
entives being the driving factor behind stereotyping in our main surveys, as the 
ame patterns appear when respondents are paid for accuracy. 
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2. Nationally Representative Survey of Freshmen. Second,
we analyze data from the CIRP Freshman Survey administered by
the Higher Education Research Institute (henceforth the Fresh-
man Survey), which surveys incoming first-year students typically
during the first weeks of the school year. We pool survey data be-
tween 1976 and 2015.10 We restrict the data to students younger
than 24 years with nonmissing location (home ZIP code), race, gen-
der, expected career, and expected major, which leaves 9,068,064
students from 1,587 schools (95.9% of students are at four-year
institutions). Online Appendix Table A.I , column (3) shows self-
reported demographic information about students in the Fresh-
man Survey. Throughout the analysis, we use census data to
weight the Freshman Survey data to match U.S. residents of the
same birth cohorts with at least some college education on race,
gender, and census division of birth.11 In that sense, we call this
sample nationally representative of incoming college first-years. 

We focus on two questions from the Freshman Survey. First,
students are asked to mark their “probable field of study” from a
list of around 80 options, which vary from year to year, including
“Other” and “Undecided.” We group these fields into the same 10
groups of majors described above, plus “other” and “undecided,” as
shown in Online Appendix Table A.VIII . Similarly, students are
asked to report their “probable career occupation” from a list of
approximately 45 options, which we group into the same nine ca-
reer groups described above, plus “other,” “nonemployment,” and
“undecided,” as shown in Online Appendix Table A.IX. 

The dark blue bars in Figure I show the fraction of students
in the Freshman Survey who list their expected major’s represen-
tative career as their probable career occupation. We see a clear
pattern, which closely matches our OSU results: students in ev-
ery major are significantly more likely to expect to work in that
major’s most representative career than actually do. For exam-
ple, 65% of prospective art majors expect to be artists (only 17%
are), 60% of biology majors expect to be doctors (23% are), 42%
10. We use data from all years in this range except 1977 and 1978. We choose 
these years because they include information on students’ home ZIP code, which we 
use for weighting. See https:// heri.ucla.edu/ instruments/ for a list of participating 
schools and survey instruments by year. 

11. For people born outside the United States, we use current location as a 
proxy for birthplace. We include students in the Freshman Survey data that are 
noncitizens so long as they self-report a U.S. ZIP code. 
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f communications/journalism majors expect to be writers or jour- 
alists (4% are), 62% of psychology majors expect to be counselors 

21% are). All of these differences are statistically significant at 
he p < .001 level.12 In Online Appendix B.7 , we bring in data 

rom the CIRP Senior Survey, which allows us to link a subset of 
ur Freshman Survey data to the same students’ major and ca- 
eer expectations when they are seniors. This yields 258,134 se- 
ior students spanning 1994 to 2015. There we find that although 

here is substantial heterogeneity across majors, overall rates of 
xpecting representative jobs are largely unchanged from fresh- 
an to senior year, falling by only 1.1 percentage points. 

Next we examine how the gaps between expected and actual 
areers have changed over time. Because the U.S. Census data 

hat include respondents’ college major only began in 2012, we in- 
tead compare students’ expected careers (unconditional on their 
ajor) to the actual distribution of occupations from the Annual 
ocial and Economic Supplement to the Current Population Sur- 
ey (CPS) ( Flood et al. 2021 ). We restrict the data to those aged 33–
7 because by this time the vast majority of people are no longer 
tudents and have started their career, though our results are not 
ensitive to this specific age range. This also matches well with the 

ge of 35 that we ask about in the 2021 OSU survey, described fur- 
her below. We match occupation codes from the CPS to the same 

ine occupation groups (see Online Appendix Table A.III ). 
12. None of these results are driven by ambiguity in the mapping between 

ccupations and career groups. See Online Appendix B.5 , where we explore reclas- 
ifying occupations across career groups. Note that these survey answers are qual- 
tative: respondents simply answer “yes” or “no” to whether they are likely to have 
 given career or major. A reasonable worry is that these answers do not reflect 
istaken beliefs but a mismatch between qualitatively elicited survey answers 

nd probabilistic “ground-truth” data. For example, if all students knew they had 
 30% chance of working in business, then none might report it as their “probable”
areer despite 30% being found with that career after graduation. However, the 
lose correspondence between these qualitatively elicited beliefs and our quantita- 
ive OSU beliefs suggests this is not the case. More specifically, we can ask whether 
he differences between actual and expected careers in the qualitative Freshman 

urvey (shown in Figure III ) are consistent with being driven by biases in popula- 
ion beliefs of the same magnitude as in our OSU sample (see Online Appendix B.4 
or more details on this exercise). We find that the implied error based on stereo- 
yping alone from the OSU survey strongly correlates with the actual error in the 
reshman Survey (0.81 with a p -value < .01). We conclude from this exercise that 
he pattern of overestimation of careers in the Freshman Survey is quite close to 
hat we would expect if it were driven by the same errors as in the OSU students’ 
eliefs. 
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FIGURE III 

Career Expectations Versus Outcomes over Time 

The figure compares the share of first-year undergraduates by the year they be- 
gan college (birth year plus 18) who expect to have a career in each occupation 

(dark blue line) according to the Freshman Survey data along with the share of 
college graduates (light gray line) aged 33–37 who work in that occupation in the 
same cohort, according to the Current Population Survey. The light gray line be- 
comes dashed when CPS outcomes begin to only include graduates younger than 

37. 
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Figure III shows large, systematic, and persistent differences
between the careers that freshmen expect to attain and the ac-
tual occupations they go on to have. The dark blue lines show
the share of first-year students each year who expect to have
each career. The light gray lines show the share of college grad-
uates in the same cohort that are working in that occupation
in the CPS. Online Appendix Table A.X, Panel A shows the cor-
responding share expecting and actually working in each ca-
reer, pooling across cohorts.13 We see that twice as many stu-
dents expect to become artists, counselors, and lawyers (about
5% each) than actually do (2%–3% each). Four times as many
students expect to become writers and doctors (2.7% and 11.1%)
13. If students’ beliefs were on average correct, we might expect the outcomes 
data to lag the expectations data. For simplicity, we do not attempt to correct for 
this, and the two series are plotted contemporaneously in Figure III . Note that 
there is no lag in outcomes for which the patterns would match. 
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han do (0.7% and 2.8%).14 Note that these gaps between ex- 
ected and actual careers are exactly what we would expect 
rom students stereotyping majors based on their representa- 
ive careers. The occupations with the largest positive gaps—
or example, doctors, writers, lawyers, artists—are those that 
re primarily the (rare) representative careers of particular ma- 
ors. In contrast, those with negative gaps (teaching, business,
onemployment) tend to be the most common alternatives to 

ther majors’ representative jobs. Further, these patterns ap- 
ear quite stable over time, suggesting that the apparent stereo- 
yping in Figure I reflects a long-standing pattern in students’ 
xpectations. 

I.D. Evidence on Stereotyping from Implicit Associations 

Our preferred explanation for the patterns of belief biases 
ocumented here is that representative careers come to mind eas- 
ly because they are strongly associated with their correspond- 
ng majors ( Gennaioli and Shleifer 2010 ; Bordalo et al. 2016 ).
his hypothesis suggests that alternative measures of associa- 
ions should also be influenced by representative careers and 

hould be tightly linked to the belief biases we document. To 

rovide evidence in this direction, we adapt the IAT, an ex- 
remely prevalent measure from the psychology literature study- 
ng stereotyping ( Greenwald, McGhee, and Schwartz 1998 ), to our 
etting. 

In two preregistered experiments, we design and conduct 
ATs to measure whether people implicitly associate majors with 

heir representative careers and whether these associations pre- 
ict belief biases. Experiment 1 asks whether participants ex- 
ibit especially strong implicit associations between majors and 

heir representative careers. Experiment 2 then asks whether 
mplicit associations between majors and representative careers 
orrelate with belief biases at the individual level. See Online 
14. Online Appendix Table A.X, Panel B shows that there do not appear to be 
imilarly large differences between the fraction of students who expect to pursue 
ach major and the fraction of students who actually attain such majors, calculated 
rom the 2017–2019 American Community Survey (ACS) ( Online Appendix Table 
.II shows how we categorize majors from the ACS into our 10 major groups). 
hus, differences between expected and actual careers are unlikely to be driven by 
ystematic biases in the majors with which students expect to graduate. 
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Appendix B.11 for details on this data collection, including incen-
tives, full experimental design, and preregistration. 

1. IAT Implementation. Experiments 1 and 2 included IATs
following a similar design modeled closely off the design from
Project Implicit 15 . A typical IAT requires participants to sort
words into two pairs of mutually exclusive categories. For exam-
ple, an IAT might ask participants to sort distinctively Black ver-
sus distinctively white names (e.g., “Latonya” versus “Heather”)
as well as to sort pleasant versus unpleasant words (“lucky” ver-
sus “poison”). Different rounds of the test differ according to which
categories share a response key. For example, in one round, both
distinctively Black names and pleasant words need to be sorted
to the left (by pressing the Q key) while distinctively white names
and unpleasant words need to be sorted to the right (by pressing
the P key). In a second round, these pairings are reversed. A par-
ticipant reveals an implicit association between Black names and
unpleasant words if she sorts words faster when these two cate-
gories are paired together than when Black names are paired with
pleasant words. 

Figure IV shows a stylized illustration of the design of our
IATs measuring associations between careers and majors. Partic-
ipants underwent multiple rounds, each of which had a focal ma-
jor group (e.g., biology and chemistry) and a focal career group
(e.g., doctors). They were then presented one by one with indi-
vidual occupations or majors and had to decide whether they be-
longed to these focal groups or instead belonged to “other ma-
jors” or “other careers” (i.e., majors/careers that did not fall into
any of the 10 major groups/9 career groups).16 Participants al-
ways sorted words to the left or right using the Q or P keys.
Whenever participants successfully sorted a word in the correct
direction, a green checkmark appeared and the screen progressed
to the next word. Whenever they incorrectly sorted a word, a
red X appeared, and participants had to wait one second be-
fore trying again. Thus, though all participants had to correctly
sort all words, incorrect responses slowed them down. Partici-
15. https:// implicit.harvard.edu/ . 
16. The individual majors included all those where at least 0.5% of graduates 

with a degree in that group had that major. Similarly, the individual occupations 
were all those for which at least 0.5% of college graduates within that career group 
had that occupation. 
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FIGURE IV 

Implicit Association Test Design 

This figure illustrates the design of our implicit association test. In each round, 
participants sort individual majors and careers into category groups using the 
Q (left) and P (right) keys. Panels A and B show a round with a representative 
career-major pairing (biology and chemistry with doctors). In the matched condi- 
tion (Panel A), the focal major and career share a response key; in the unmatched 
condition (Panel B), they do not. Panels C and D show a round with a nonrepresen- 
tative pairing (humanities with doctors). The difference in response times between 

matched and unmatched conditions measures the strength of implicit associations. 
Our main test asks whether this difference is larger for representative pairings (A 

versus B) than nonrepresentative pairings (C versus D). For illustration, majors 
are shown in blue italics and careers in red regular font; in the actual experiment, 
all category labels were the same color. Task images are simplified in this figure; 
See Online Appendix B.11 for links to screenshots of and the actual survey used 
for these experiments. 
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pants were incentivized to complete all rounds as quickly as pos-
sible, as the fastest 10% of participants earned an additional
$5 bonus. 

Each round included two crucial sorting tasks, which occurred
in a random order.17 These tasks differed in whether the focal ca-
reer and major groups either shared a response key (the matched
task) or not (the unmatched task). The left and right panels of
Figure IV show stylized examples of matched and unmatched
tasks, respectively. The main outcome variable we construct is
Difference i,c,M 

, the difference between the time taken in the un-
matched compared with the matched task.18 Participant i re-
veals an implicit association between c and M to the extent that
Difference i,c,M 

is positive. 
For example, suppose participant i has a strong associa-

tion between the major group biology/chemistry and doctors (its
representative career). She might therefore find it very easy to
quickly categorize the word “optometrist” as belonging to “biol-
ogy/chemistry or doctor,” but she may find it more difficult to cate-
gorize “optometrist” when choosing between “biology/chemistry or
other careers” and “other majors or doctors.” Figure IV , Panels A
and B show such a case. In contrast, Panels C and D show a round
where doctor is paired with humanities, a major for which it is not
the representative career. Here, intuitively, the student may find
it no more difficult to categorize “optometrists” in the unmatched
task compared to the matched task. This difference-in-difference,
comparing Difference i,c,M 

across rounds with representative ver-
sus nonrepresentative focus careers, allows us to test whether im-
plicit associations are linked to representativeness. 

2. Implicit Associations Between Majors and Representative
Careers. Experiment 1 tests whether participants implicitly as-
sociate majors with their representative career. To this end, partic-
ipants completed four rounds of the IAT. Each round included one
of our 10 major groups as the focal major, and the focal career was
chosen from that major’s representative career group plus “teach-
17. Each round also began with three practice sorting tasks to familiarize par- 
ticipants with the careers and majors in each group (see Online Appendix B.11 for 
full details). 

18. To avoid outliers driving our results, we winsorize this variable at the 95th 

percentile, and then we standardize it to have mean zero and standard deviation 

one. 
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rs” and “businesspeople” (unless this group is already included 

s the representative career for that major). We chose these focal 
areer–major pairs to ensure that we have measures of associa- 
ions between each major and its most common careers, allowing 

s to measure whether participants have stronger associations be- 
ween majors and their representative careers than other common 

areers. This process results in 28 pairs of focal careers–majors,
nd each participant underwent rounds for a randomly chosen 

our pairs. We recruited 100 participants on Prolific to complete 

xperiment 1. 
Table II , Panel A shows OLS regressions where the dependent 

ariable is Difference i,c,M 

, our measure of i ’s implicit association 

etween the focal career c and major M. Column (1) regresses this 
ariable on an indicator for whether the round’s focal career is 
he representative career of its focal major. We see that for rounds 
ith representative careers, Difference i,c,M 

is 0.36 standard de- 
iations (6.5 seconds) larger than for nonrepresentative careers 
 p < .01). Column (2) adds individual fixed effects, which do not 
ualitatively change the main result (0.30 standard deviations, or 
.4 seconds, p < .01). Columns (3) and (4) add to this regression 

he true population frequency of the focal career among graduates 
ith the focal major. These frequencies also predict implicit asso- 

iations between the focal career and major, but the magnitude of 
his difference is much smaller than for representativeness: the 

oefficient on the representativeness dummy is 45–55 times as 
arge as that on true frequency, indicating that the boost in im- 
licit associations from representativeness is equivalent to a 45–
5 percentage point boost in true frequency. Finally, columns (5) 
nd (6) add as controls the (winsorized) time participants took in 

he earlier practice sorting tasks in each round, which have no 

ffect on our main conclusions.19 

We conclude from these results that participants appear to 

mplicitly associate majors with their representative career, and 
19. Note that one might have worried that the names of some majors partially 
verlap with their representative career (e.g., “psychology” and “psychologist”). 
his worry prompted us to include a sorting task (part 3, see Online Appendix B.11 

or details) in which participants must sort just between the focal major and focal 
areer. If it is simply difficult to tell apart members of the focal major and career, 
nd this were driving any of our results, we should expect inclusion of time to com- 
lete part 3 to significantly predict Difference i,c,M 

and reduce the coefficient on 

epresentativeness. In fact, neither of these turn out to be true, suggesting that 
his is not an important confound. 

lackw
ell) user on 24 Septem

ber 2026
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that the size of these associations is much greater than the
true conditional frequency of those careers alone would predict.
These results appear to mirror our main results concerning stu-
dents’/participants’ beliefs about the frequency of careers. We turn
to Experiment 2 to explore this connection more directly. 

3. Implicit Associations Predict Belief Biases. Experiment 2
tests whether heterogeneity across participants in associations
between majors and their representative career predicts stereo-
typing in their beliefs (i.e., overestimation of the representative
career’s conditional frequency). The IAT portion of this experi-
ment was identical to Experiment 1 except that participants did
five rounds (instead of four) and the focal career group was always
the representative career of the randomly chosen focal major. In
addition, participants in Experiment 2 answered population be-
liefs questions about all 10 major groups. The IAT and belief mod-
ules of the survey occurred in a random order. We recruited 396
participants on Prolific to complete Experiment 2, which we con-
ducted separately from Experiment 1 to keep the length of each
survey manageable. 

Table II , Panel B shows OLS regressions asking whether par-
ticipants’ population beliefs are predicted by their implicit associ-
ations between majors and their representative career, as mea-
sured by our IAT. In column (1), we regress population beliefs
about P(c | M) on the true conditional frequency, an indicator for
whether c is M’s most representative career, and an interaction
between this indicator and participants’ (winsorized and normal-
ized) implicit association between M and the representative ca-
reer. The coefficient on this interaction is positive and statisti-
cally significant ( p < .01), indicating that participants who reveal
a stronger implicit association between a major and its represen-
tative career have a more exaggerated belief about that career’s
conditional frequency. The coefficient of 4.34 can be interpreted
as saying that every standard deviation increase in implicit asso-
ciations predicts an increase of 4.34 percentage points in partici-
pants’ stereotyped beliefs. 

A natural question is whether these results are driven by
heterogeneity across majors—some majors being stereotyped to
a greater degree and participants holding stronger implicit as-
sociations between those majors/careers—or heterogeneity across
people. To investigate this, column (4) adds career-by-major fixed
effects to these regressions, meaning that all variation in implicit
r 2026
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ssociations and beliefs stems from differences across participants 
ithin career–major pairs. We see that the correlation between 

mplicit associations and stereotyping is still large and statisti- 
ally significant even controlling for these fixed effects: a one stan- 
ard deviation increase in associations predicts an increase of 2.99 

ercentage points in beliefs ( p < .01). 
A second natural question is whether the results presented 

o far reflect differences across participants in an overall ten- 
ency to stereotype majors—and to implicitly associate them with 

heir representative career—or instead reflect within-participant 
ifferences across majors. To answer this question, we look at 
hether stereotyping of a major M is predicted by participants’ 
verage implicit association between other majors and their rep- 
esentative career. Column (2) shows that these leave-out-mean 

LoM) implicit associations are strongly correlated with partici- 
ants’ beliefs ( p < .01). This remains true controlling for career- 
y-major fixed effects (column (5), p < .01). Finally, columns (3) 
nd (6) regress beliefs about P( c | M) on both participants’ implicit 
ssociation between M and its representative career as well as 
he LoM constructed from each participant’s associations for other 
ajors. We see that when including major-by-career fixed effects,

ach variable continues to predict stereotyping conditional on the 

ther ( p < .05 for both). We conclude from this analysis that the 

orrelation across participants between associations and stereo- 
ypes is partly driven by there being types who stereotype more 

nd have stronger associations between majors and their repre- 
entative careers. 

4. Explicit Associations and Stereotypical Descriptions. The 

bove results show that participants appear to have implicit as- 
ociations between majors and their representative careers and 

hat these associations in part appear to drive stereotyped beliefs.
ote that such implicit measures need not reflect unconscious at- 

itudes or views ( Gawronski, Hofmann, and Wilbur 2006 ), in the 

ense of people believing they do not hold such associations. In- 
eed, we show in Online Appendix B.12 that directly asking par- 
icipants to select which careers they associate with each major,
nd to describe in their own words their stereotypical image of 
raduates with each major, yields very similar findings as the IAT.
n particular, participants tend to explicitly associate majors with 

heir representative careers, and their stereotypical description of 
omeone with a major tends to include that career. Furthermore,
r 2026

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjag031#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjag031#supplementary-data


30 THE QUARTERLY JOURNAL OF ECONOMICS

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 academ

ic.oup.com
/qje/advance-article/doi/10.1093/qje/qjag031/8713481 by O

hio State U
niversity (Lisa Blackw

ell) user on 24 Septem
be
both of these measures are correlated at the individual level with
beliefs even controlling for major-by-career fixed effects. Thus the
implicit associations we uncover go hand in hand with more direct
measures of participants’ stereotypes. 

5. Heterogeneity by Students’ Experiences. Implicit associa-
tions like those described above are thought to be tightly linked to
memory (e.g., Greenwald and Banaji 1995 ; Phelps et al. 2000 ), and
recent work in economics has begun to formalize the connections
between associations, memory, and belief biases (e.g., Bordalo
et al. 2023 ; Enke, Schwerter, and Zimmermann 2024 ; Conlon and
Kwon 2025 ). A basic implication of these ideas is that hetero-
geneity across students in their experiences should have outsized
effects on their beliefs. In Online Appendix B.10 , we show that
beliefs in the Freshman Survey and in our OSU data about the
likelihood of careers—self beliefs but also (more tellingly) popula-
tion beliefs—are strongly correlated with the careers and majors
of students’ parents and other role models. Furthermore, these
results appear inconsistent with some natural rational-learning
stories: for example, students with a role model in a major’s rep-
resentative career—who we might think should have better infor-
mation about it—stereotype it more (6.13 percentage points, p <

.01). These results instead look consistent with a simple memory
framework in which beliefs depend on who comes readily to mind.
See Online Appendix B.10 for full details. 

III. IMPLICATIONS OF STEREOTYPING 

What are the implications of stereotyping for labor market
outcomes and for welfare? We ask how students who form beliefs
according to the model of belief formation described in Section II.A
choose their majors. We test the model’s predictions to explore how
stereotypes about majors may distort education choices and labor
market outcomes. 

III.A. Setup 

For simplicity, assume there are only two majors M ∈ { A, B }
and two careers c ∈ { a, b} . We assume that students can only enter
job a if they major in A , but students of either major can choose
to enter job b. Intuitively, job a requires special training—for ex-
ample, being a graphic designer might require having majored in
r 2026
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rt ( A )—while the other job b (e.g., working in business) is open 

o people from multiple educational backgrounds but may benefit 
rom having majored in an aligned field. 

The model has two periods. In the first period, student j ir- 
eversibly chooses which field to major in. In the second period—
orresponding to after the student has graduated with their cho- 
en major—they choose which occupation to enter. The student’s 
tility function includes three additive terms, only some of which 

re observed in the first period. First, the student cares about 
he wages wc,M 

that they would earn with career c and major M.
e assume that wages are observable in both periods, and that 
b,B 

> wb,A 

: that is, majoring in B boosts wages in its associated 

ob b. 
Next, the student has two career-specific utility terms, ψ j 

nd ε j , that they derive if they choose to work in career a . The 

rst, ψ j , is observable in the first period, when they choose their 
ajor. The second, ε j , is only observable after graduation. The 

tudent must therefore choose a major in the first period given 

heir beliefs about the distribution of ε j . We primarily refer to 

j and ε j as relating to the person-specific “amenities” that ca- 
eer a delivers, though other interpretations deliver identical re- 
ults. For example, either/both ψ j and ε j could also be interpreted 

s capturing the students’ idiosyncratic productivity (and there- 
ore individual-specific wages) in job a or as capturing the diffi- 
ulty of finding a job in a (conditional on its wage). The crucial 
istinction between these two objects is only that ψ j captures 
hat the student knows in advance about their fit with job a ,
hereas ε j captures aspects of the job that they learn only after 
raduating. 

To summarize, student j’s utility ex post (after graduating) 
rom choosing career c is: 

uj,c,M 

=
{
wa,M 

+ ψ j + ε j if c = a 

wb,M 

if c = b. 

or simplicity, we assume that ψ j ∼ U (−σψ 

+ μψ 

, σψ 

+ μψ 

) , ε j ∼
 (−σε + με, σε + με ) and that ψ j and ε j are independent of each 

ther. In the main text, we assume that wages are fixed, but in 

nline Appendix C , where we prove the results presented in this 
ection, we show that our main conclusions are robust to allowing 

or endogenous wages (i.e., diminishing marginal productivity—
nd therefore downward-sloping demand curves—within indus- 
ries). 
r 2026
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1. Discussion of Assumptions. Besides introducing neces-
sary simplifications, the model incorporates two crucial assump-
tions. The first is that college majors matter for productivity and
therefore wages, which is consistent with many studies finding
that college majors have large effects on earnings (e.g., Hastings,
Neilson, and Zimmerman 2013 ; Kirkeboen, Leuven, and Mogstad
2016 ; Bleemer and Mehta 2022 ). 

The second crucial assumption is that students care about
their future occupation—over and above the average income it
provides—when choosing their major. Besides being intuitive, sev-
eral pieces of suggestive evidence corroborate this assumption.
First, in the second 2021 survey, we asked the control group of
the experiment (described below) to rate on a scale from 0 to 100
how important various factors were to them as they decided what
to major in. The “effect on what job I will get after college” received
the highest average ranking (83 out of 100), above enjoyability of
classes (70), difficulty of classes (58), and the opinions/choices of
family, friends, and peers (all below 30). 

Second, in Online Appendix B.8 , we use our 2020 survey data
to structurally estimate students’ preferences when choosing their
major. There, we find that students care both about the expected
salary their major will earn them but also have strong (indeed,
much stronger) nonpecuniary preferences over the occupations
they might pursue depending on their choice of major. 

Finally, Online Appendix Table A.XI shows that in two data
sets—the National Survey of College Graduates (NSCG) and Sur-
vey of Consumer Expectations (SCE)—having a job that does not
match one’s field of study or skills/experience is strongly positively
correlated with college graduates’ job dissatisfaction ( p < .01 in
both samples). This kind of “mismatch” is also negatively corre-
lated with income, but the correlation between it and dissatisfac-
tion appears even controlling for income ( p < .01 in both samples).
Note that all these regressions control for major fixed effects, so
these correlations reflect differences in major across respondents
who do versus do not experience mismatch. These correlational re-
sults are consistent with both pecuniary and nonpecuniary career
concerns being important to graduates’ welfare.20 
20. In addition, the NSCG data ask respondents who report their job is unre- 
lated to their field of study why they do not: 72.5% report a factor related to pay, 
amenities, location, or the availability of such a job as being the most important 
reason, while only 18.5% report a “change in career or professional interest.” This 
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II.B. Stereotyping 

Following equation (2) , we assume students stereotype ma- 
ors: they exaggerate the share of A majors that end up working in 

areer a : πa | A 

= pa | A 

+ θ (1 − pa | A 

) .21 How should this bias in stu- 
ents’ beliefs about others’ occupations affect which major they 

hemselves choose? Answering this question requires us to con- 
ider how students’ occupation-major beliefs relate to their expec- 
ations about the rest of the economy. To pin down these additional 
eliefs, we assume that students believe the economy is in equi- 
ibrium: they understand that graduates are choosing the career 
nd major that maximize their subjective expected utility, given 

heir beliefs. Students’ beliefs about the distribution of ψ and ε,
he career-specific utility terms, must therefore rationalize their 
tereotyped beliefs. In other words, we assume that students hold 

n internally consistent view of the world. 
To formalize this, let pa | A 

(μψ 

, με ) denote the share of A grad- 
ates who would choose career a if the means of ψ and ε were 

ψ 

and με respectively. Let ̂ μψ 

and ̂ με be the student’s beliefs 
bout these means. The equilibrium condition describing the rela- 
ionship between stereotyped beliefs about occupations and biases 
bout amenities is given by: 

pa | A 

(̂ μψ 

,̂ με ) = πa | A 

. 4) 

quation (4) formalizes our assumption that students hold a con- 
istent internal model of the economy. Stereotyped beliefs about 
ajors must be reflected in biased beliefs about the factors that 

ead people to choose majors and careers (i.e., about μψ 

and με).
roposition 1 describes implications of this consistency require- 
ent: 

ROPOSITION 1. Suppose students stereotype majors: θ > 0 .
Then, under the internal consistency condition of equation (4) , 

(i) Students cannot have accurate beliefs about the distribu- 
tions of both amenities: (̂ μψ 

,̂ με ) � = (μψ 

, με ) . 
(ii) If students’ self beliefs do not differ from their population 

beliefs, then their perceived distribution of ψ is accurate,
uggests that the major driver of such mismatch is related jobs being worse than 

nticipated, rather than changing preferences (where welfare analyses would be 
ess straightforward). 

21. By assumption, pb| B = 1 , so equation (2) implies no bias in beliefs about 
ajor B . 

ser on 24 Septem
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while their beliefs about ε are overly optimistic. That is,
let π self 

a | A 

be the average self belief among A graduates: that
is, their ex ante perceived probability of choosing career a
after graduating with major A . Then π self 

a | A 

= πa | A 

implieŝ μψ 

= μψ 

and ̂  με − με = 2 σεθ (1 − pa | A 

) . 

Part (i) of Proposition 1 says that stereotyping implies dis-
torted beliefs about at least one underlying distribution of the
career-specific amenities. Part (ii) says that comparing students’
self and population beliefs allows us to pin down which belief is
biased: if self beliefs are the same as population beliefs—which
we saw in Figure I is approximately the case—then students’
stereotyped beliefs about occupations must lead them to be overly
optimistic about ε, the unobserved amenities associated with a
(e.g., it being easier to find a job in that sector than it truly
is). 

To see the intuition for this result, suppose students have up-
wardly biased beliefs about the distribution of ψ : i.e., they think
other students are more interested ex ante in career a than they
are. This could rationalize their stereotyped belief about the share
of A majors who choose career a . But students observe their own
value of ψ , so this overestimation about others’ choices would not
have any implications for their own career or major choice. There-
fore, biases in beliefs about ψ imply a divergence in students’
population and self beliefs: they should think that the share of
A majors entering career a is larger than their own probability
of choosing that job. In Section II , we saw instead that, if any-
thing, the reverse is true. When interpreted through the lens of
this model, this suggests that students are instead biased about
με : they think that career a turns out to have better ex post ameni-
ties (e.g., it being easier to find a job) than is in fact the case.
Note that this interpretation is also consistent with our finding
(described in Section IV ) that changing participants’ population
beliefs also has significant effects on their self beliefs. This implies
that students are indeed using their beliefs about population ca-
reer outcomes to infer some unobserved common source of utility
from different careers. 

For the remainder of this section, we assume that ̂ με = με +
2 σεθ (1 − pa | A 

) . That is, stereotyping of major A is accompanied by
proportional overoptimism about some unobserved attribute of ca-
reer a . 
er 2026
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II.C. Misallocation 

Proposition 2 describes how stereotyping leads to misalloca- 
ion: 

ROPOSITION 2. Assume, following Proposition 1.ii , that ̂ με = 

με + 2 σεθ (1 − pa | A 

) . Then stereotyping increases misallocation: 

dpb| A 

dθ
= 1 − pa | A 

2 − θ
> 0 . (5) 

The misallocation result in Proposition 2 follows from the fact 
hat stereotyping leads students to have an overly optimistic view 

f the unobserved amenities (e.g., ease of finding a job) of career a .
his draws more students into major A , but the marginal student 

nduced to major in A is negatively selected on ψ and therefore is 
ess likely to actually end up choosing career a than inframarginal 
 majors are. Misallocation, which we define as the share of A 

ajors who end up working in b (and who therefore would have 

enefited from instead majoring in B ), therefore increases with 

tereotyping. 
To test Proposition 2 , we use multiple data sources to con- 

truct six different proxies for misallocation at the major level.
irst, we use the share of graduates not working in their ma- 

or’s representative career in the ACS. Second, we use average re- 
ponses in the 2013 NSCG to the question “To what extent was 
our work on your principal job related to your highest degree?,”
here answers are on a scale from 1 (meaning closely related) to 3 

meaning not related). Third, we use average responses in the New 

ork Fed’s SCE to the question “On a scale from 1 to 7, how well 
o you think this job fits your experience and skills?” (we reverse 

he scale so higher numbers imply a poorer fit). 
Our next three proxies reflect the idea that misallocation im- 

lies a form of regret or dissatisfaction with one’s career path. The 

ourth proxy is average answers in the 2013 NSCG to the question 

How would you rate your overall satisfaction with [your] princi- 
al job” on a scale from 1 (very satisfied) to 4 (very dissatisfied).
ifth, we use average answers in the SCE to the question “Tak- 

ng everything into consideration, how satisfied would you say you 

re, overall, in your [current/main] job?” on a scale from 1, very dis- 
atisfied, to 5, very satisfied (we reverse the scale so that higher 
umbers indicate more dissatisfaction). Finally, we use the share 

f respondents in the 2021 Survey of Household Economics and 

ecision Making who reported that they would have chosen a dif- 
r 2026
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( F ). Regrets Field of Study (SHED)

FIGURE V 

Stereotyping Predicts Misallocation 

The x -axis in each panel shows average stereotyping of each major (population 

beliefs minus truth from the 2020 OSU data). The y -axes in each panel are the 
share of ACS respondents who are not working in that major’s representative ca- 
reer (Panel A); the average rating (on a scale from 1 to 3) of how unrelated em- 
ployed NSCG respondents’ job is to their highest degree (Panel B); the average 
rating (on a scale from 1 to 7) of how well employed SCE respondents say their 
job fits their skills and experience, reverse coded so high ratings indicate a poor fit 
(Panel C); the average rating (on a scale from 1 to 4) employed NSCG respondents 
give to how satisfied they are with their job, coded so that high ratings indicate 
dissatisfaction (Panel D); the average rating (on a scale from 1 to 5) employed SCE 

respondents give to how satisfied they are overall with their job, coded so that high 

ratings indicate dissatisfaction (Panel E); and the share of SHED respondents who 
report that they would have chosen a different field of study if they could go back 
and make their education decisions again. The slope reported is the coefficient on 

stereotyping in a univariate OLS regression. ∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01. 
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ferent field of study if they “could go back and make your education
decisions again.”

Figure V shows that all six proxies for misallocation are posi-
tively and significantly ( p < .05) correlated at the major level with
average stereotyping in our 2020 OSU data (i.e., average popu-
lation beliefs about representative careers minus the truth).22 In
majors where there is greater stereotyping, people are more likely
to work in nonrepresentative careers (Panel A), report their jobs
22. Note that each data set has somewhat different categories of majors, and 
sometimes the mapping between our major groups in the ACS to those in the other 
data sets is not always perfect or one for one. 
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re more unrelated to their degree (Panel B), report their jobs are 

 worse fit with their skills and experience (Panel C), report be- 
ng more dissatisfied with their jobs (Panels D and E), and report 
ishing they could go back and choose a different field of study 

Panel F). All of these correlations are significant at the p < .05 

evel. We conclude that these results, though of course only cor- 
elational, appear to corroborate the intuitive prediction from the 

odel that stereotyping produces misallocation (and also thereby 

issatisfaction and regret about education choices) by pushing 

eople to choose majors whose associated jobs they end up not 
ursuing. 

II.D. Welfare 

Finally, Proposition 3 describes how overall ex ante welfare 

hanges as stereotyping becomes more severe. 

ROPOSITION 3. Stereotyping reduces average welfare: 

dW 

dθ
= −dpA 

dθ
θ (1 − pa | A 

)
[ 
2
√ 

σε (wb,B 

− wb,A 

) − σεθ (1 − pa | A 

)
] 

< 0

where 

dpA 

dθ
> 0 . (6) 

The marginal welfare loss is increasing in wb,B 

− wb,A 

: errors 
in major choice are most costly when having the aligned major 
matters most for career- b earnings.23 The marginal welfare loss 
is also increasing in the magnitude of stereotyping θ . 

Proposition 3 suggests that the welfare losses from 

tereotyping—and therefore the majors for which combating 

ts negative effects may be more urgent—are those where belief 
iases ( θ ) are larger and ones where the wage loss from misallo- 
ation ( wb,B 

− wb,A 

) is larger. Although we can compute average 

tereotyping across majors from our survey data, note that the 

age loss term is counterfactual (how much less is student 
j earning in their job than she would have if she majored in 

omething else) and therefore unobservable. We can nonetheless 
onstruct a plausible proxy for this term by looking at wages 
23. This statement holds for not-too-large stereotyping ( θ ) and wage differ- 
nces ( wb,B − wb,A ). With endogenous wages ( γ > 0 ), the welfare derivative ac- 
uires an additional wage-externality term that can partially offset the misalloca- 
ion loss; see Online Appendix C . 
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among graduates not working in their major’s representative
career. 

Online Appendix Figure A.I shows average stereotyping in
our OSU sample along the x -axis for our 10 major groups. The
y -axis shows average earnings among those without their ma-
jor’s most representative career (net of career fixed effects to ac-
count for the fact that alternative careers differ across majors).24 

Proposition 3 suggests that majors to the bottom right of the fig-
ure, with more severe belief biases and less lucrative alternative
careers, are ones where stereotyping may be especially harmful
on the margin. As is perhaps intuitive, the majors with the largest
marginal welfare costs are fields such as communication, art, and
psychology, each of which (as we’ve seen) have very large average
biases and also tend to result in lower-paying nonrepresentative
jobs. In contrast, majors like nursing and engineering have lower
implied costs from stereotyping, either because the average belief
bias is small or because graduates with nonrepresentative careers
nonetheless earn high salaries. 

Note that all of these welfare analyses concern the effect
on the marginal student: that is, one who perceives themselves
to be indifferent between the major they are stereotyping and a
less risky alternative major. This analysis therefore suggests that
there may be particularly large benefits from nudging such stu-
dents toward less risky majors. 

1. Discussion. Of course, the model necessarily makes sev-
eral simplifying assumptions. For example, we assume that the
alternative major students might pursue automatically leads to
its associated job. If instead a student would choose an equally
risky other major—one for which she would also end up in a mis-
matched job—the misallocation and welfare effects of stereotyping
could well be different. As shown in Figure V , the fact that stereo-
typing correlates with multiple proxies for misallocation and wel-
fare provides suggestive evidence that the main forces our model
captures may be at play. But caution—and more research—is war-
ranted. 
24. More precisely, we estimate by OLS a regression of earnings among those 
without their major’s most representative career on fixed effects for major group 
and for occupation (note this is more fine-grained than our career groups). Online 
Appendix Figure A.I plots the major-group fixed effects on the y -axis. 
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IV. TESTING A LIGHT-TOUCH POLICY INTERVENTION 

The previous section suggested that stereotyping may have 

ubstantial long-run labor market consequences. We turn to ev- 
dence on a light-touch policy intervention: a field experiment in 

hich we tested an information intervention embedded in the sec- 
nd 2021 OSU survey. The survey began by asking students the 

ercent chance that they would graduate with the two majors 
hey selected as being most likely to pursue (their “top-ranked”
nd “second-ranked” majors). It then asked their self and popula- 
ion beliefs about the likelihood of each career group conditional 
n these two majors. Students were randomly sorted into a con- 
rol group and a treatment group. Those in the control arm an- 
wered questions about their classes so far that semester and how 

hey had (or had not) contributed to their major and career plans.
hese questions were designed to be similar in overall length and 

roadly about the same topic as the information module in the 

reatment arm but without providing students any new objective 

nformation. 
In the treatment arm, information modules provided students 

ith the actual distribution of careers conditional on each of their 
op two majors according to data from the ACS. For each major, it 
old them several headline numbers about the frequency of the 

areers they had listed as their most likely jobs if they gradu- 
ted with that major.25 We provided interactive infographics de- 
icting the share of graduates with each major who were working 

n each career group (plus “other” and nonemployed). A further 
raphic broke down these groups into more detailed occupation 

itles. After showing this information for each major, we reasked 

tudents how likely they thought they would be to have each job 

f they graduated with that major. The information module (filled 

n with fictitious previous answers) can be accessed at this link:
ttps:// cmu.ca1.qualtrics.com/ jfe/ form/ SV_b8zyALwAH0Nsy2O . 

Because the treatment group saw information about the two 

ajors they thought they were most likely to pursue, in practice 

ach student was assigned to either zero (in the control group) or 
wo (in the treatment group) of 10 possible information modules.
 natural first question is the extent to which each of these treat- 
25. These headline numbers were always about the two careers they said they 
ould be most likely to be working in if they graduated with that major, plus (if 
ot already included) that major’s most representative career. 
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ments succeeded in changing students’ beliefs about their own
chances of attaining each major’s representative career. Online
Appendix Figure A.II shows the average revision, among those
in the treatment group who saw information about each major,
in students’ beliefs about their own chances of attaining that ma-
jor’s representative career. It plots this statistic against the aver-
age error in students’ population beliefs: that is, the average be-
lief about the share of Americans with that major working in its
representative career minus the true share. Two facts stand out.
First, while students on average revise in a sensible direction (re-
ducing self beliefs when they overestimate population outcomes),
this updating is far from one for one: a regression of average re-
visions on average errors yields a coefficient of only −0.28. Sec-
ond, average revisions are heterogeneous across majors: for some
majors, average revisions are well above or well below the trend
predicted by the −0.28 coefficient, and we can reject the null hy-
pothesis that each major’s average revision is on this trend line
( p < .01).26 This result is perhaps not surprising: each module in
the treatment group necessarily provided many distinct pieces of
information (about each career group and more fine-grained occu-
pations) that differed across majors, and we intentionally did not
provide students guidance on how this information should affect
their self beliefs. 

Our question of interest is whether reducing students’ be-
liefs about their likelihood of attaining representative careers
influences their intentions and behavior. Following the litera-
ture on information interventions, we account for heterogene-
ity in treatment-induced belief changes (see Haaland, Roth, and
Wohlfart 2023 ; Stantcheva 2023 ). This is particularly important
in our setting because students received differing (and high-
dimensional) information. We adopt a data-driven approach to
test the causal effect of interest by constructing a simple measure
of treatment intensity: the leave-out mean (LoM; i.e., the average
excluding the student herself) reduction by major in treated stu-
dents’ self beliefs about their chances of having that major’s rep-
26. This p -value comes from regressing revisions in self beliefs about a ma- 
jor’s representative career on the average population error for that career as well 
as major fixed effects. If average errors simply reflected the average error across 
majors, we would expect all these fixed effects to be zero, and the p -value is for the 
null hypothesis that the major fixed effects are jointly zero. 

ll) user on 24 Septem
ber 2026

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjag031#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjag031#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjag031#supplementary-data


WHAT JOBS COME TO MIND? 41

r
t
d

(

I
m
t
s
r  

I
o
c

f
A
d
p
j
i
m
b
r
w
a
a
o
s
v
i
d
(
t

s
t
n
w

r

D
ow

nloaded from
 academ

ic.oup.com
/qje/advance-article/doi/10.1093/qje/qjag031/8713481 by O

hio State U
niversity (Lisa Blackw
esentative career.27 Note that using the LoM reduction ensures 
hat we are not conditioning on any posttreatment data for stu- 
ent i . We estimate equation (7) by OLS: 

Yi,M 

= β · Ti · A vgReductioni,M 

+ α1 Intentionsi,M,pre 

+ α2 Classesi,M,pre + εi,M 

. 7) 

n the equation, Yi,M 

is an outcome variable of interest for a given 

ajor M for student i . Ti is a dummy variable for treatment sta- 
us. A vgReductioni,M 

is the measure of treatment intensity de- 
cribed above: the LoM reduction in self beliefs about the rep- 
esentative career for major M. Finally, we include two controls:
nt ent ionsi,M,pre is i ’s pretreatment belief about their likelihood 

f graduating with major M, and Classesi,M,pre is the number of 
ourses in M in their (pretreatment) fall 2021 class schedule. 

Figure VI shows the coefficient on the interaction term 

rom equation (7) for different outcome variables ( Online 

ppendix Tables A.XII and A.XIII show the full estimates). The 

ark and light blue dots correspond to regressions where the de- 
endent variable involves students’ top- and second-ranked ma- 
ors respectively. The leftmost dark blue dot shows that reduc- 
ng stereotyping decreases intentions toward students’ top-ranked 

ajors: the coefficient of −1.1 implies that reducing students’ self 
eliefs about their chance of having their top-ranked major’s rep- 
esentative job by 10 percentage points decreases intentions to- 
ard that major by 0.11 standard deviations (about 3.5 percent- 
ge points, p < .05). The next six dark blue dots in Figure VI show 

nalogous results but where the dependent variable is the number 
f classes students took in their top major every semester between 

pring 2022 (immediately posttreatment) and fall 2024. We find 

ery similar initial effects as with intentions: reducing stereotyp- 
ng regarding students’ top-ranked major by 10 percentage points 
ecreases class-taking in that major by 0.22 standard deviations 
about 0.21 classes, p < .05) in the semester immediately following 

28 
reatment.

27. More precisely, we compute, for every student i , the average reduction in 

elf beliefs about P(c | M) among all students other than i . For students in the con- 
rol group, this is simply the average reduction, since control group students were 
ot asked to update these self beliefs. For treated students, we exclude i herself 
hen computing these LoMs for them. 

28. We are underpowered to investigate which if any majors are driving this 
esult, but we do not see large differences in this coefficient if we drop any indi- 
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FIGURE VI 

The Effect of Information 

Each dot shows the estimate for the interaction term in equation (7) in a sepa- 
rate OLS regression. Dark blue dots indicate regressions where M is participants’ 
top-ranked major, while for light blue dots it is their second-ranked major. The 
leftmost dots indicate regressions where the dependent variable is students’ post- 
intervention updated belief about their likelihood of graduating with M. The mid- 
dle dots indicate regressions where the dependent variable is the number of classes 
in M that students took during spring semester 2022 (S22), fall 2022 (F22), and so 
on. The dots on the right indicate similar regressions where the dependent vari- 
able is an indicator for whether students’ had declared a major in M during those 
semesters. 
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In contrast to these effects on top-ranked majors, the light
blue dots in Figure VI show that, if anything, reducing beliefs
about attaining the representative job of students’ second-ranked
major directionally increases intentions toward it (0.07 standard
deviations from a 10 percentage point belief change, p = .17) and
immediate class-taking in it (0.21 standard deviations, or about
0.20 classes, p < .10). Both coefficients are statistically signifi-
cantly different from the analogous results regarding top-ranked
majors ( p < .01 for intentions and p < .05 for classes). Although
these results may appear surprising, in Online Appendix B.8 we
show that they are consistent with a simple counterfactual simu-
lation given estimates of students’ heterogeneous preferences over
careers: in particular, this is the pattern we would expect if stu-
dents have much stronger preferences toward their top-ranked
vidual major. We can also investigate major switching in the administrative data. 
We find that the magnitudes of this phenomenon are far too small to meaningfully 
affect our results, however. By the eighth semester of college, only 2.46 percent of 
students have ever switched their declared major across our major groups. 

er on 24 Septem
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ajor’s representative career than that of their second-ranked 

ajor.29 

The rightmost dots in Figure VI show that both treatment ef- 
ects eventually fade, becoming smaller and statistically insignifi- 
ant by fall 2024, three years after treatment. This fading is much 

ore rapid for students’ top-ranked major, disappearing entirely 

y fall 2022. While caution is warranted in interpreting these 

oefficients ex post, one possibility is that students manage to 

electively forget the “bad news” about their top-ranked major 
ore readily than the on-average good news about their second- 

anked majors, consistent with “asymmetric updating” or moti- 
ated memory (e.g., Möbius et al. 2022 ; Amelio and Zimmermann 

023 ; Conlon 2025 ).30 

These results investigate the effect of changing students’ 
eliefs about the likelihood of attaining representative jobs by 

everaging variation, across information modules, in how much 

tereotypical beliefs changed in response to the treatment. Online 

ppendix Tables A.XV and A.XVI instead regress various out- 
omes on controls and an indicator for treatment assignment,
ithout interacting treatment status with this measure of treat- 
ent intensity. This specification tests not the extent to which 

hanges in students’ beliefs about their chances of representative 

areers affect their choices but the average effect of being assigned 

o the treatment group. These average effects are of course gen- 
rally smaller (and usually not statistically significant), reflecting 

he fact that our intervention often had small (and for some majors 
ull) effects on what jobs students expected themselves to have.
owever, Online Appendix Table A.XVII , column (1) shows that 

he treatment did have a significant average effect on the timing 

f students’ major decisions: among students who have declared a 

ajor by spring 2024, those in the treatment group spent an ad- 
itional 0.21 semesters ( p = .01) undecided before doing so. This 
ppears to be because they are somewhat less likely to have de- 
lared a major during their sophomore year but have done so at 
qual or even somewhat higher rates by the end of their junior 
ear (a 6 percentage point increase, p < .10). This latter effect ap- 
29. Of course, although these patterns are consistent with this story, there may 
e other explanations. 

30. Note that all these results exclude from each semester’s data students who 
re no longer taking classes at OSU. Online Appendix Table A.XIV shows very 
imilar results if we instead impute zeros for such students. 
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pears to be driven by the fact that those in the treatment group
are somewhat less likely to have dropped out by that time (5 per-
centage point effect, p < .10 ), which we measure by whether they
are still enrolling in classes (see Online Appendix Table A.XVII ,
columns (7)–(12)). 

V. DISCUSSION 

Across multiple survey samples, time periods, and elicitation
methods, we find that U.S. undergraduate students greatly over-
simplify the college-to-career process. Students appear to stereo-
type majors (“Art majors become artists,” “Political science majors
become lawyers”), exaggerating the share of college graduates who
are working in their major’s most representative job. These stereo-
types in beliefs are strongly mirrored in implicit associations be-
tween majors and careers and seem partly driven by past expe-
riences. A stylized model predicts—and empirically we confirm—
that greater stereotyping produces misallocation, with more grad-
uates ending up in jobs unrelated to their field of study. In a field
experiment testing a light-touch intervention, we find that infor-
mation changing these beliefs can have significant effects on stu-
dents’ intentions and later choices. 

One natural follow-up question to our results is why stereo-
typing persists despite the apparently large incentives that stu-
dents have to make informed decisions about their education.
For example, one could imagine students seeking out informa-
tion (online, from better-informed friends, etc.) to correct their bi-
ased initial perceptions or learning from better-informed peers.
We find, however (see Online Appendix B for more details), that
the students in our data who are most confident that their beliefs
about careers are correct are also the ones who stereotype most.
These results, though only suggestive, point toward the possibility
that biased students may fail to correct their beliefs because they
are confident in their misperceptions ( Enke, Graeber, and Oprea
2023 ). Another possibility, of course, is that the effect of any infor-
mation may fade over time, for example if students forget it and
revert to relying on what comes to mind intuitively. The fade-out
of treatment effects is consistent with this interpretation, as is re-
cent evidence on the short-term effects of quantitative information
due to forgetting ( Graeber, Roth, and Zimmermann 2024 ). 

Even more speculatively, our results may help partly explain
several striking and perhaps puzzling facts about students’ hu-
r 2026
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an capital decisions. For example, more U.S. undergraduates are 

urrently pursuing a bachelor’s degree in journalism than there 

re journalists in the entire country. Psychology majors outnum- 
er accounting majors in the United States, and yet there are eight 
imes as many accountants as psychologists. Students take on con- 
iderable debt to fund master’s programs with appealing but un- 
ikely associated careers (e.g., film studies).31 Ex ante, of course,
ational mechanisms could have fully explained these patterns:
or example students with correct beliefs might rationally pursue 

ertain career paths which, though very unlikely to pan out, they 

eel are worth the risk (e.g., journalism or film), or students may 

ealize that certain majors (e.g., psychology) provide a general ed- 
cation not intended for use in any particular sector. Our findings 
uggest that mistaken beliefs may also contribute to these pat- 
erns: certain fields of study may appear especially appealing be- 
ause students overestimate the likelihood that they will lead to 

ttractive representative jobs. These human capital investments 
arry substantial monetary and opportunity costs, and therefore 

t may be beneficial to find ways to help students make better 
nformed decisions or to nudge them toward less risky academic 
aths. 

SUPPLEMENTARY MATERIAL 

An Online Appendix for this article can be found at the The 
uarterly Journal of Economics online. 

DATA AVAILABILITY 

The data and code underlying this article is available in 

onlon and Patel (2026) , in the Harvard Dataverse, https://doi. 
rg/ 10.7910/ DVN/ LJMB5M . 

HE OHIO STATE UNIVERSITY, UNITED STATES 

ROWN UNIVERSITY, UNITED STATES 
31. Shares of majors come from the ACS (authors’ calculation), and the num- 
er of college graduates comes from the National Center for Education Statistics. 
ounts of occupations come from the Bureau of Labor Statistics’ Occupational Out- 

ook Handbook. See Korn and Fuller (2021) for the article on film studies master’s 
rograms. 
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