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1 Introduction

The college enrollment patterns of US students vary substantially by income and location, as well
as other dimensions. Nationally, students from the highest income one percent of families are 77
times more likely to attend an Ivy League college than those from the bottom quintile (Chetty et al.,
2017). Even among similarly low income students, enrollment rates vary substantially by geogra-
phy. For those in the 25th percentile of the local parental income distribution, college enrollment
rates range from less than 32 percent in the lowest-attending decile of commuting zones to over 55
percent in the highest decile commuting zones (Chetty et al., 2014)E] Some of the most commonly
studied explanations for such gaps by income and geography include credit constraints (Belley
and Lochner, 2007; Lochner and Monge-Naranjo, [2012), differences in teacher and school qual-
ity (Chetty et al., 2014, Deming et al 2014), and spatial variation in proximity of college options
(Hillman, 2016).

Economists have paid less attention to social factors common to members of a given commu-
nity that may partly explain such income-based and geographic differences in college enrollment
patterns. If students’ college choices are influenced by the choices of their peers, such spillovers
would contribute to observed enrollment differences. High income students might be more likely
than low income students to enroll at all or to choose high quality colleges in part because of ex-
posure to other high income peers who have made such choices. Communities with historically
low college enrollment rates may struggle to improve such rates because current students have
few peers with firsthand experience of the enrollment process and life on a college campus. Such
spillovers could partly explain persistence in college-going “culture” across communities.

Suggestive evidence that such social factors matter for college enrollment is scattered through-
out recent papers. Hoxby and Avery|(2013) note that high-achieving, low income students who fail
to apply to any selective college are disproportionately from schools where such students “have
only a negligible probability of meeting a... schoolmate from an older cohort who herself attended
a selective college.” [Dillon and Smith! (2017) show that, controlling for a rich set of covariates,

the share of a student’s high school graduates enrolling in four-year college strongly predicts the

1See Online Appendix Figure VII, panel B.



quality of college chosen by that student, perhaps because they “have many role models to follow
through the college choice process.” Black et al.|(2015) similarly find that Black and Hispanic stu-
dents in Texas are more likely to apply to colleges that “recently enrolled any students from the
same high school and recently graduated students from the same high school of the same race”.
They hypothesize that students have better information about a given campus when close peers
have attended that campus, and that successful degree completion by such peers is a particularly
important signal. Among high-achieving students in the UK, Campbell et al.| (2019) find that high
schools” college enrollment rates statistically account for about half of the socioeconomic gap in
quality of college chosen.

Siblings are particularly important peers. When asked who most influences their thinking
about postsecondary education, half of American high schoolers choose family members, com-
pared to only four percent who choose friends (Oymak) [2018). Numerous studies suggest that
siblings are particularly influential and even moreso when parents lack college education. These
include smaller scale qualitative studies showing that Black and Hispanic students report older
siblings as important influences (Mwangi, [2015), as well as larger scale quantitative work showing
that Black students’ college enrollment rates are much higher when older siblings have enrolled
earlier (Loury, 2004). Our prior work using data on 1.6 million sibling pairs of SAT-takers shows
siblings’ college choices are very closely related. One-fifth of younger siblings enroll in the same
college as their older sibling and younger siblings are 15-20 percentage points more likely to en-
roll in four-year or highly competitive colleges if their older siblings do so first (Goodman et al.,
2015). Correlations between sibling choices remain even after inclusion of extensive controls for
potential confounds, such as siblings” academic achievement.

Such descriptive evidence does not, however, prove that older siblings’ college choices causally
influence the choices of their younger siblings. The empirical challenges of identifying such peer
effects are well-known (Manski, 1993; Angrist, [2014). If two peers make similar college choices,
two major issues arise in estimating peer effects. First, the “reflection problem” involves difficulty
in distinguishing whether the first peer affects the second one or vice versa. We solve the reflection

problem by estimating spillover effects from older to younger siblings, making the reasonable



assumption that only the former’s college choice can influence the latter’sEI Second, the “common
shock problem” arises from the fact that peers tend to share characteristics or environments that
might be driving both of their choices. This problem is particularly acute when studying siblings,
who share parents, homes, neighborhoods and other important potential determinants of college
choice.

We solve the common shock problem by finding exogenous variation that affects the colleges
available to older siblings but does not directly affect younger siblings through any channel other
than their older siblings” college choice. The opening of a nearby college, used for example in
Currie and Moretti| (2003), would not work as such an instrument because it would directly affect
the college options of both older and younger siblings. Instead, using data on the universe of
SAT-takers with no siblings, we identify a set of colleges that appear to use hidden admissions
thresholdsE] We then identify older siblings who applied to such colleges, which we refer to as

/a7

the older siblings” “target” colleges. A regression discontinuity design using older siblings” dis-
tance to the relevant threshold provides clear identification of such thresholds” impacts on older
siblings” choices. Because younger siblings” SAT scores are only weakly correlated with older sib-
lings” scores, the thresholds do not directly affect younger siblings” own admissions outcomes.
Any observed impact on younger siblings” college choices must thus run through older siblings’
choices.

Our first stage analysis shows that meeting these admissions thresholds improves older sib-
lings” college choices. Admissibility substantially increases older siblings” likelihood of enrolling
in the target college, which has higher graduation rates and peer quality than the four- or two-year
institutions they otherwise would attend. For the older sibling, admissibility provides exogenous
variation in target college enrollment, which in turn thus substantially increases older siblings’
four-year college enrollment rate and quality of college attended.

Such increases in older siblings’ college enrollment and quality spill over onto younger sib-

lings” college choices. Older siblings” enrollment in the target college induces some younger sib-

?See Black et al{(2017) for a similar discussion of identifying peer effects among siblings.

*We do not observe admissions decisions but infer these thresholds from discontinuities in enrollment rates. Such
patterns could in theory also be driven by thresholds that affect financial aid packages, which in turn affect enrollment
probabilities.



lings to follow them to that same college. It induces a similar number of younger siblings to
attend other four-year colleges. Many would not otherwise have attended college at all, so that
younger siblings” college enrollment rates and quality of chosen colleges increase substantially.
Importantly, spillover effects on college enrollment and quality are much larger for those whose
family characteristics predict lower rates of enrollment in four-year colleges.

What explains sibling spillovers in college enrollment? We consider and largely reject four po-
tential channels as insufficient to explain the observed patterns. Income effects, whereby family
credit constraints imply one sibling’s college spending can crowd out another sibling’s, are incon-
sistent with our results showing older siblings” slightly costlier college choices induce younger
siblings to make costlier choices as well. Price effects, whereby a younger sibling receives more
financial aid because an older sibling is also attending college, do not explain why we observe
spillovers for siblings far enough apart in age as to not be enrolled simultaneously. Proximity ef-
fects, whereby siblings benefit (or suffer) from being enrolled on the same campus, can not explain
why many younger siblings are induced to attend different colleges than the older sibling. Legacy
effects, whereby colleges give admissions preferences to those whose family members previously
attended, similarly can not explain why many younger siblings attend different colleges than their
older siblings.

We conclude that the explanation most consistent with the observed spillovers involves infor-
mation effects. Older siblings” enrollment in higher quality colleges generates for parents and
younger siblings information unlikely to be transmitted through other means. Older siblings
attending higher quality colleges than they otherwise would may report to their families more
positive experiences from those campuses. Higher persistence and graduation rates on such cam-
puses may;, in particular, change older siblings” reports of the returns to college enrollment. Such
information from older siblings may change parents or younger siblings” perceptions of younger
siblings’ potential returns to attending higher quality colleges. Younger siblings may place partic-
ularly high weight on their older siblings” college experiences, given that the educational success
of a close family member may be more salient and predictive of one’s own success than less per-

sonalized sources of information.



These results contribute to two additional major strands of recent research. First, we provide
some of the only evidence, and the only in the US context, of peer effects in college choices. Until
recently, most of the voluminous peer effects literature exploited random or quasi-random as-
signment of classmates, schoolmates or roommates to study spillovers of peers” characteristics or
risky behaviors onto students” own academic achievement or risky behaviors (Sacerdote, [2011).
That literature rarely, if ever, focused on siblings as peers or considered college choices as either
treatments or outcomes. Recent research has begun to provide evidence of spillovers between
siblings in various behaviors, including: smoking and drinking (Altonji et al., 2017); military ser-
vice (Bingley et al 2019); and paternity leave usage (Dahl et al. 2014). The latter two papers
argue that increased information, about the returns to military service and employers’ reaction to
leave-taking, are the most likely mechanism explaining sibling spillovers in these non-educational
choices.

A handful of recent papers from outside the US suggest sibling spillovers in educational
choices. Using distance to the nearest girls” school as an instrument, (Qureshi| (2018) shows that ad-
ditional schooling for Pakistani eldest sisters induces younger brothers to pursue more schooling.
Joensen and Nielsen| (2018) use quasi-random variation in a school pilot scheme to show Dan-
ish older siblings” pursuit of advanced math and science coursework increases younger siblings’
propensity to take such courses. Dustan (2018) uses randomness induced by Mexico City’s high
school assignment mechanism to show students prefer schools older siblings have attended. Most
similar to this paper are two recent working papers exploiting discontinuities in Chilean, Croatian
and Swedish admissions systems to estimate sibling spillovers in choice of degree and institutions
(Aguirre and Mattal 2018; Altmejd et al., 2019). Those papers also find spillovers across siblings
too far apart in age to be enrolling simultaneously and suggest that information transmission is
the most plausible explanation for the observed effects.

A second related literature, consistent with our argument that siblings can provide important
information too costly or impossible to obtain otherwise, argues that “low-touch” interventions
substantially underperform “high-touch” ones with respect to college choice. Multiple recent

papers using nudge-style informational interventions at state or national scale fail to meaning-



fully impact college enrollment choices (Gurantz et al., 2019; Bird et al., 2019; Hyman, 2019). Re-
searchers testing multiple treatments often find that information only interventions have little im-
pact on students (Bettinger et al., 2012 Carrell and Sacerdote} 2017). Information on college-level
earnings, released through the US federal government’s College Scorecard website, does not affect
the college application patterns of students from non-wealthy families or high schools (Hurwitz
and Smith, 2018)). One explanation consistent with these findings is that students, particularly low
income ones, may not view as salient the information provided by such interventions, information
which is rarely personalized to their own circumstances.

Conversely, higher touch interventions with a more personalized flavor seem to make substan-
tial differences in the college choices of low income students. Carrell and Sacerdote (2017), for ex-
ample, show in-person mentoring improves college attendance, perhaps by substituting for costly
or absent time investments of parents and teachers. Intensive after-school college counseling can
improve the quality of colleges first generation students choose (Castleman and Goodman, 2018;
Barr and Castleman, 2018). Traditional high school guidance counselors can make a substantial
difference in the college choices of disadvantaged students, in part through the provision of infor-
mation (Mulhern, 2019a). College choices can even be affected by personalized software showing
students how their admission chances compare to prior students from their own high school with
similar GPAs and SAT scores (Mulhern, 2019b). This body of work suggests students react power-
fully to information from people close to them or sources that otherwise are highly personalized
and thus salient. Siblings, and socially close peers more generally, are one critical source of such

information.

2 Data and Empirical Strategy

2.1 Data

We begin with student-level data from the College Board on all students from the high school
classes of 2004-14 who took the PSAT, the SAT, or any Advanced Placement exams. We observe

each student’s name, home address and high school attended, as well as self-reported demo-



graphic information on gender, race, parental education and family income. We also observe
scores from all takes of the SAT, which during this time is offered seven times a year and can be
taken as often as the college application timeline allowsﬁ We observe all section scores from all
takes, allowing us to construct the SAT superscores most commonly used by college admissions
processes (Goodman et al., 2020). The superscores are the sum of a student’s maximum math and
maximum critical reading scores, regardless of whether those scores occurred on the same take.

For college outcomes, we observe all colleges to which students send their SAT scores, which
serves as a decent proxy for college application behavior (Smith, 2018). A merge between the Col-
lege Board data and the National Student Clearinghouse (NSC), which tracks the enrollment of
students at nearly all U.S. colleges, allows us to observe the specific college a student enrolls in
at any given moment in time. We obtain some characteristics of such colleges, such as the aver-
age net price paid by students, by merging the NSC data to the federal government’s Integrated
Postsecondary Education Data System (IPEDS).

We construct two measures of college quality because neither NSC nor IPEDS provide useful
measures that are comparable across all colleges. First, we use the NSC data to construct for
each college the fraction of initial enrollees who eventually earn a B.A. from any college within
six years. Relative to IPEDS” graduation rate measures, this has the advantage of accounting for
transfers between institutions and allows direction comparisoon of two- and four-year colleges.
Students who do not enroll in college are assigned a zero for this variable. Second, we follow
Smith and Stange (2016) and construct for each college the average standardized PSAT score of
initial enrollees. This peer quality measure again has the advantage of allowing comparisons
between two- and four-year institutions, the former of which do not require SAT scores and thus
lack such a peer quality measure in IPEDS. Students who do not enroll in college are assigned the

mean PSAT score of all such students for this variable.

4During this time period, retakes cost roughly $40, with low income students eligible for fee waivers for up to two
takes.



2.2 Identifying Siblings

We identify siblings as pairs of students from different high school classes whose last name and
home address match. This approach should yield relatively few false positives, such as cousins
living together. It does, however, likely generate many false negatives in which we mistakenly
label individuals with siblings as only children. This can stem from two primary sources. First,
we fail to identify as siblings any students whose family changes residential addresses in between
the years in which those siblings took the SATs. Second, and likely a smaller concern, siblings may
record their last names or home address differentlyE]

That we fail to identify such students as having siblings will have no impact on the internal
validity of our subsequent estimates but does affect both sample size and the characteristics of
the population we study. In order to have a sibling in this data, families must have at least two
children in the high school classes of 2004-14, each of whom takes at least one College Board test
and who live at the same home address at the last test take. We refer to anyone for whom we fail
to identify a sibling as an “only child”.

Because some families have more than two siblings, we use each family’s oldest sibling to
determine the “treatment” status of all younger siblings. The vast majority of siblings in our
data (77 percent) appear in pairs but 23 percent come from families where identify three or more
siblings. Because we use SAT-based admissions thresholds for variation in college access, our
sample therefore consists of families where the oldest identified sibling took the SAT. Families’
demographic characteristics are assigned to all younger siblings based on oldest siblings’ reports,
for consistency across siblings and because treatment status is determined at the time of oldest
siblings’ college applications. We structure the data so that each observation is a younger sibling,
whose characteristics and treatment status are assigned based on their oldest sibling.

Our starting samples, shown in the first two columns of Table (1} consist of 11.3 million SAT-
takers with no identifiable sibling in the data and 3.1 million younger siblings with an identifiable

oldest sibling who took the SAT. Panel A summarizes demographic characteristics common to

*Our matching process also identifies twins as only children because they are in the same high school class. We do
this in order to generate a set of siblings where influences clearly run from older to younger siblings. With twins, the
direction of influence is unclear.



all siblings in a family, while panels B and C show SAT scores and college outcomes of older and
younger siblings separately. Because siblings are more likely to be identified in residentially stable
families and those where test-taking is more common, the sibling sample is more economically
and educationally advantaged than the only child sample. Relative to only children, siblings have
higher family income and more educated mothers, are more likely to be white, and have higher
SAT scores and college enrollment rates. The sibling sample is, however, somewhat diverse, with
20 percent coming from black or Hispanic families and 35 percent having mothers who did not

attend college.

2.3 Detection of Admissions Thresholds

We use our data to detect which colleges admit students in part on the basis of minimum SAT
thresholds not known to applicants. Many colleges use minimum SAT scores as one criterion for
determining admissions decisions, so that meeting or exceeding a college’s threshold typically
increases a student’s probability of being admitted to that college. We focus on thresholds hidden
from applicants because publicly known thresholds induce some students to retake the SAT until
their scores meet the thresholds (Goodman et al., 2017). Such behavior creates endogenous sorting
around the threshold that invalidates the regression discontinuity design.

Conversely, students can not react endogenously to cutoffs about which they are unaware.
Colleges that use such thresholds but not make this fact public are, for obvious reasons, unlikely to
share information about such practices with researchers. We therefore search our data for colleges
that use minimum SAT thresholds in the admissions process but do not make this fact public.

We search for such thresholds using the only child sample, which is independent of the sibling
sample we use to estimate spillover effects. This avoids the potentially spurious findings that
might be generated by searching for thresholds using the same observations and outcomes used
to estimate treatment effects. For each college and year, we find all only children who sent their
SAT scores to that college, generating an indicator for a student enrolling in that college within one
year of graduating high school. We then search for discontinuities by SAT score in a given college’s

enrollment rate among its applicants. We limit our search to the 526 colleges that received SAT



scores from at least 1,000 students each year, in order to minimize the possibility of false positives
arising from small samples.

To search for discontinuities, we estimate local linear regression discontinuity models at each
SAT score that might represent a potential thresholdﬁ We define the set of potential thresholds for
each college as the set of SAT scores in the 5th to 50th percentiles of the applicant distribution for
the specified college and year. Colleges are unlikely to set minimum thresholds lower or higher
in their applicant distributions. For every potential threshold 7" and all applicants i to college c in

year y, we run regressions of the form:

Enrolledicy = Bo+ P11[SAT; > T,y + P2(SAT; — Tpy) + BsL[SAT; > Tpy| X (SAT; — Tty) + €icy
)

We define the running variable using students’ SAT superscores, the most frequently used form of
scores considered by college admissions offices. To minimize false positives driven by specifica-
tion error, we use a bandwidth of 60 SAT points, within which enrollment graphs look generally
linear.

The coefficient of interest 3 estimates the magnitude of any potential discontinuity in enroll-
ment rates at the given threshold 7. To further limit potential false positives, we consider as
discontinuities only those instances where discontinuities in enrollment rates exceed five percent-
age points and where we reject the null hypothesis of no discontinuity with p > 0.0001. Finally,
we discard any colleges where thresholds are detected in fewer than five years, given that most
colleges that use minimum SAT scores in admissions are unlikely to change that policy from year
to year. We also discard a small number of colleges for which we find evidence from admissions
websites that the detected thresholds are publicly known.

This procedure yields 21 threshold-using colleges, which we refer to as “target” colleges both
for brevity and because of older siblings” interest in attending these institutions. These target col-
leges are largely public institutions (16 public, 5 private) with an average enrollment of over 10,000

full-time equivalent students, and are located in eight different East coast states. The median SAT

*Our approach is similar to that used in|Andrews et al.| (2017).
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threshold across years for these colleges ranges from 720 to 1060, with students relatively widely
distributed across these colleges and thresholds[] These target colleges” average graduation rate is
63 percent and the average PSAT z-score of their students is 0.27. They have average net prices of
$12,500, making them $4,000 less expensive per year than the average college attended by students
in our full sample.

Our last use of the only child sample is to predict college enrollment rates in our sibling sample
based on families” demographic characteristics and college applications. Using only children who
applied to one of the target colleges, we regress a four-year college enrollment indicator on indica-
tors for all observed categories of income, race, maternal education and paternal education, as well
as indicators for the target college applied to. This has the advantage of using all demographic
information simultaneously and dealing with missing information by treating such missingness
as its own Categoryﬁ We then use the coefficients from that regression to make out-of-sample
predictions of four-year college enrollment rates in our sibling sample.

We label the bottom third of the predicted enrollment distribution as “uncertain college-goers”
and the top two-thirds as “probable college-goers”. Uncertain college-goers have a predicted four-
year college enrollment rate of 62 percent, compared to probable college-goers” predicted enroll-
ment rate of 77 percent. These rates are fairly high because the sample is already conditioned on
families with oldest siblings who have taken the SAT and applied to four-year colleges. Nonethe-
less, there is still sufficient variation in these predicted enrollment rates to capture meaningful
differences in families” attachment to and engagement with postsecondary education.

Having used the only child sample to identify target colleges and make enrollment predictions,
we now set the only child sample aside and perform all subsequent analysis on the sibling sample.
Our main analytical sample is the set of younger siblings whose oldest sibling sent SAT scores to
a target college in a year when that college was using an admissions threshold. This yields over
166,000 younger siblings, 77 percent of whom have only one older sibling in the data and 23

percent of whom have at least two siblings in the data. The sample of younger siblings whose

"Figure [1|shows the number of younger siblings in each college represented in our final regression discontinuity
sample, described further below.

8 Among our final sibling sample, fewer than one percent are missing race, about 10 percent are missing parental
education, and 35 percent are missing income.
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oldest siblings applied to target colleges looks fairly similar demographically to the full sibling
sample, as seen in column 3 of Table (I} Both are 66 percent white, have average family income

around $80,000, and have oldest siblings” average SAT scores somewhat under 1100.

2.4 Estimation of Sibling Spillovers

Identification of spillover effects comes from comparison of families whose oldest siblings applied
to the same target college in the same year with nearly identical SAT scores, but whose college op-
tions differed only because of a hidden admissions threshold. We first characterize the treatment
by exploring how target colleges” admissions thresholds changed older siblings” college choices.

Our first stage regression is a local linear regression discontinuity design of the form:

OlderTarget;fcy = ag + a10lder Accessy + apDistancey + a3Older Accessy x Distancef

+ Aoy + €ifey- (2)

Here, OlderTarget indicates older siblings’ target college enrollment, with subscripts denoting
younger sibling 4, from family f, whose oldest sibling applied to target college cin year y. Older Access
indicates the older sibling’s SAT superscore met or exceeded the admissions threshold and Distance
represents the older sibling’s distance from that threshold. The coefficient of interest ; estimates
the difference in target college enrollment rates between older siblings just above and below the
threshold. Target college-by-year fixed effects A\ imply that all such comparisons are made only
between older siblings applying simultaneously to the same target college.

To study the impact of older siblings” college access on their own college choices and those of

their younger siblings, we could then estimate reduced form regressions of the form:

Yifey = 70 + 710lder Accessy + yo Distancey + v30lder Accessy x Distancey

+ )\cy + €ifcys 3)

where Y characterizes the college choices of older or younger siblings.

12



We instead focus on instrumental variables estimates of the impact of older siblings’ target
college enrollment on younger siblings” college choices. We do so in part because we do not
observe actual admissions and thus can not scale any reduced form impacts in a meaningful way:.
The instrumental variables approach also makes what we believe is a warranted assumption that
older siblings” access to the target college can affect younger siblings only through older siblings’
enrollment in that college. In other words, these estimates assume that older siblings” admission
alone can not affect younger siblings unless the former actually enroll in the target college.

We therefore run regressions of the form

Yitey = Bo + B10lderTargets + BoDistancey + B30lder Accessy x Distancey

+ )\cy + €ifcys (4)

where older siblings’ target college enrollment OlderTarget is instrumented by their threshold-
driven access, using first stage Equation[2} We first describe the “treatment” more fully by defining
outcomes Y that characterize older siblings’ college choices, in order to show how target colleges
differ from the counterfactual college choices older siblings would have made. We then study
younger siblings” college choices, estimating spillovers onto younger siblings” target college en-
rollment, four- and two-year enrollment, quality of chosen college chosen, and price and location
of chosen college.

Our default specification uses a bandwidth of 100 SAT points, roughly the (Imbens and Kalya-
naraman, 2012) optimal bandwidth for many outcomes, though we show our main results are
robust to different bandwidth choices. Because our hidden thresholds may be measured with
noise, we also default to a donut hole specification that excludes observations on the threshold
itself. We later show are results are robust, though slightly less precise, to inclusion of such obser-
vations. Finally, we cluster our standard errors by oldest siblings” high schools, which accounts
for unobserved high school-specific correlations in prediction errors and nests within it clustering
by family, to account for the fact that some older siblings are represented multiple times in the

data across their multiple younger siblings.
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Our final regression discontinuity sample, shown in column 4 of Table 1, contains over 49,000
younger siblings. Relative to the full sample of only children and siblings, our RD sample is more
racially diverse but fairly similar in income and parental education. Columns 5 and 6 separately
show the uncertain and probable college-goers from this RD sample. Only 45 percent of younger
siblings in the former group enroll in four-year college, compared to 65 percent in the latter group,
suggesting our predictive analysis successfully detected the relevant heterogeneity.

Before turning to our main results, we first confirm the validity of our regression discontinu-
ity approach. The distribution of observations near the hidden admissions thresholds appears
smoothﬂ Excess mass to the right of the threshold would imply that older siblings were either
retaking the SAT to meet the admissions threshold or that those who had met the threshold were
disproportionately likely to apply to that college in the first place. The absence of such excess
mass suggests that students are unaware of the existence of these thresholds. Similarly, we see no
evidence of imbalance in any of the observed demographic characteristics, either in the full sam-
ple or among uncertain and probable college-goers separatelym Younger siblings whose oldest
siblings fall just above and below hidden admissions thresholds appear observationally identical.
They appear to differ only in their oldest siblings” potential access to the threshold-using college.

That siblings” SAT scores are not very highly correlated rules out one final threat to validity,
namely that target colleges” admissions thresholds are affecting younger siblings not through their
older siblings” college options but directly through their own. Among the nearly 90 percent of
younger siblings who took the SAT, the distribution of differences between their scores and those
of their older siblings is 175 SAT points, or 165 points among the regression discontinuity sam-
ple)ErI This means that the set of older siblings just above and below the admissions thresholds
rarely have younger siblings who are similarly near those thresholds. The threshold thus provides
exogenous variation in older siblings’ target college access distinct from younger siblings” access,

making the exclusion restriction more plausible.

?See Figure
1%See Figure|A.2|and Table

!ISee Figure
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3 Results

3.1 Older Siblings’ College Choices

We begin our causal analysis by documenting the impact of hidden admissions thresholds on
older siblings’ college choices. Our goal is to fully characterize how such thresholds alter the types
of colleges older siblings attend, in order to better understand the nature of the treatment younger
siblings are being exposed to. We find that meeting these thresholds substantially increases older
siblings” enrollment in target colleges and that such colleges are of much higher quality and, if
anything, higher cost than the college choices older siblings would otherwise have made. We now
discuss these findings in detail.

Threshold-based admissibility roughly doubles the probability that older siblings enroll in the
target college. Figure[2|shows the remarkably linear first stage relationship between an older sib-
ling’s distance to the target college’s admissions thresholds and his or her probability of enrolling
in that target college. The visually striking discontinuity suggests that those just above the thresh-
old are roughly 10 percentage points, or nearly twice as likely, to enroll in target colleges as those
just below the threshold. That the point on the threshold is farthest from the fitted line suggests
potential mis-identification of the precise minimum SAT score used by the target colleges” admis-
sions processes, which motivates our decision to default to donut hole specifications.

Table[2quantifies that first stage discontinuity, estimating that meeting the minimum threshold
increases by nine percentage points the probability an older sibling enrolls in the threshold-using
college. The instrument is quite strong, with F-statistics exceeding 150 in our full sample default
specification and exceeding 20 even with narrower bandwidths and among smaller sub-samples.
The point estimate is quite robust to different specifications, ranging only from 8-10 percentage
points across bandwidths of 60-140 SAT points and remaining unchanged by the addition of de-
mographic controls. Eliminating the donut hole leaves the instrument quite strong but shrinks
the first stage magnitude to six percentage points. The magnitude of the first stage varies little by
predicted college enrollment rate, with quite similar estimates for uncertain and probable college-

goers.
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Nearly half of the marginal older siblings induced by admissions thresholds to attend target
colleges would not have attended four-year colleges otherwise. Panel A of Figure |3|shows a clear
discontinuity at the admissions threshold in the probability an older sibling enrolls in any four-
year college. Instrumental variables estimates in Table [3{imply that enrolling in the target college
increases older siblings” four-year college enrollment rate by 42 percentage points, from a baseline
rate of 58 percent. Many of these older siblings would otherwise have attended two-year colleges,
so that the two-year enrollment rate of marginal older siblings drops by 34 percentage points (to
zero). Only eight percent of these marginal older siblings would not otherwise have attended
college at all, so that access to the target college largely creates opportunities to choose four-year
institutions over two-year ones. That pattern appears both for uncertain and probable college-
goers.

For marginal older siblings, target colleges are of substantially higher quality than the two-
year and four-year alternatives they would otherwise have chosen. Panel B of Figure [3{shows a
discontinuity at the admissions threshold in the historical B.A. completion rate of older siblings’
chosen colleges. Instrumental variables estimates in Table 3{imply that target colleges have B.A.
completion rates 26 percentage points higher than the 41 percent completion rate older siblings’
counterfactual colleges would have had. Peer quality at target colleges, as measured by student
body mean PSAT scores, is 0.45 standard deviations higher than the -0.06 average at older siblings’
counterfactual colleges. The magnitude of older siblings” college quality improvements is some-
what larger for uncertain college-goers than for probable college-goers, though such differences
are not statistically significant.

Older siblings’ target colleges are, if anything, more costly for their families and farther from
home than their counterfactual college options. Estimates in column 5 of Table 3|imply that target
colleges” annual net prices are over $3,000 higher than the alternative, an unsurprising result given
that two-year colleges generally have substantially lower tuition than do four-year colleges. This
difference, though statistically insignificant, suggests that older siblings’ target college enrollment
may result in families having less savings to spend on younger siblings potential college tuition.

Target college enrollment also substantially increases the likelihood that older siblings enroll in an
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institution at least 50 miles away from their home. Though not shown here, we observe weaker
evidence that target college enrollment increases out-of-state enrollment, suggesting that most
older siblings are enrolling in in-state colleges farther from home than they would otherwise have
chosen.

Our estimates about the impact of hidden admissions thresholds on older siblings” college
choices are robust to alternative specifications. The magnitude and statistical significance of our
tirst stage and instrumental estimates are stable across all but the narrowest bandwidths between
60 and 140 SAT points, both for the full sample and for the sub-sample of uncertain College—goersF_ZI
The estimated discontinuities are largest at the true admissions thresholds and diminish when we
use our default specification to test placebo thresholds at other points in the SAT score distri-
butionF_gl This suggests our measured effects are true causal impacts and not simply statistical
artifacts.

In summary, the admissions thresholds we identify serve as a strong instrument, generating
substantial variation in older siblings” college choices. Admissibility increases older siblings” en-
rollment at target colleges. Many would otherwise have attended two-year colleges, so that this
treatment involves large increases in four-year college enrollment and college quality, as mea-
sured by graduation rates and peers” academic skills. Older siblings end up at institutions that, if

anything, cost their families more tuition than alternatives and end up farther from home.

3.2 Younger Siblings” College Choices

We turn to estimating the impact on younger siblings of having older siblings who attend colleges
with higher BA completion rates and peer quality, and perhaps higher cost, than they otherwise
would have. We first consider younger siblings’ college application process and then consider
their college enrollment decisions. We find that older siblings” enrollment in target colleges in-
creases younger siblings” probability of applying to the target college, generally improves the
quality of colleges they apply to, and substantially increases younger siblings’ college enroll-

ment rate and quality of college chosen. The impact of older siblings” college choices on younger

2For details, see Figures and

BFor details, see Figure
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siblings” college enrollment rate and college quality are particularly pronounced for uncertain
college-goers, with probably college-goers seeing smaller spillovers. We now discuss these find-
ings in detail.

Older siblings” enrollment in higher quality colleges does not affect their younger siblings’
SAT-taking behaviors but does increase the quality of colleges to which they apply. The estimates
in Tabldd] suggest that older siblings’ target college enrollment has little clear impact on young
siblings” probability of taking the SAT or on their ultimate SAT scores Older siblings’ target
college enrollment does, however, nearly quadruple the probability that younger siblings apply
to the same target college (from 10 to 37 percent). Though younger siblings do not appear to
increase their number of college applications, they roughly double their probability (from 25 to
53 percent) of applying only to colleges with historical graduation rates higher than 50 percent,
suggesting their portfolio of applications improves given their older siblings choice of a higher
quality college. Younger siblings” application patterns suggest interest in imitating older siblings’
choices, both in terms of the specific college and general quality of college chosen.

Spillover effects result in some younger siblings following their older siblings to the target
colleges to which the latter were exogenously granted access. Figure ] shows the reduced form
impact of older siblings” admissibility to the target college on their younger siblings” probability
of enrolling in that same college. A large discontinuity in younger siblings” enrollment rate is
clearly visible at the admissions threshold faced by the older sibling. As Table 5/shows, 13 percent
of younger siblings follow their older sibling to the target college only because their older sibling
enrolled there, an impact that is highly statistically significant. Our control complier estimates
suggest that only two percent of younger siblings would otherwise have attended the target col-
lege, implying that nearly the only reason they attend is because their older sibling did. The extent
to which younger siblings follow their older siblings to the same college is roughly twice as large
for uncertain college-goers as for probable college-goers.

Older siblings” enrollment in higher quality target colleges increases the college enrollment

“To deal with potential selection into which younger siblings have valid SAT scores, we also create indicators for
having a valid score above every multiple of 100. We see no clear evidence that older siblings’ college choices affect any
part of the SAT distribution for younger siblings, including the extensive margin.
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rates of younger siblings, and not only due increased enrollment at the target colleges. The
spillover effects are not simply the result of younger siblings substituting the target college for
another four-year college they would otherwise have attended. Panel A of Figure|5/shows a clear
discontinuity at older siblings” admissions thresholds in younger siblings” four-year college en-
rollment rate. As Table [5shows, younger siblings four-year college enrollment rate increases by
28 percentage points, nearly doubling, with little of that increase representing substitution away
from two-year colleges. Many younger siblings would not have attended college at all if their
older sibling had not enrolled in the target college. That the coefficient in column two is twice the
magnitude of the coefficient in column one implies that at least half the rise in four-year college
enrollment rates comes from younger siblings choosing four-year colleges other than the target
colleges themselves.

The target colleges and other four-year colleges that younger siblings enroll in are of higher
quality than the counterfactual college choice they would have made. Panel B of Figure |5 shows
a clear discontinuity at older siblings” admissions thresholds in the graduation rate of younger
siblings” chosen colleges. Estimates in Table |5/ imply that younger siblings” chosen colleges have
graduation rates 20 percentage points higher and peer quality 0.35 standard deviations higher
than the choices they otherwise would have made. Increases in younger siblings’ college enroll-
ment rates and college quality are driven almost entirely by uncertain college-goers, with much
smaller spillover effects for probably college-going families.

Younger siblings also enroll in colleges that are, if anything, more costly than the choice they
would have made had their older siblings not enrolled in the target college. On average, younger
siblings choose colleges with net prices $3,600 higher than they otherwise would have, though
that difference is not statistically significant. Uncertain college-goers drive these results, enrolling
in colleges with net prices close to $10,000 higher. Given that older siblings are, if anything, in-
creasing their families” costs by attending the target college, the fact that younger siblings” costs
also rise implies families are spending more in total on their childrens’ college educations. Any in-
come effect therefore appears dominated by other channels and does not explain well the observed

spillovers between siblings. Uncertain college-goers also appear more likely to choose colleges far
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from home as a result of their older siblings” enrollment in target colleges far from home.

Our estimates about the impact of older siblings’ target college enrollment on younger siblings’
college choices are robust to alternative specifications. The magnitude and statistical significance
of our instrumental estimates are fairly stable across bandwidths between 60 and 140 SAT points,
both for the full sample and for the sub-sample of uncertain college-goersE] The reduced form
discontinuities peak at or close to the estimated admissions thresholds and diminish at placebo
thresholds to the right and left, again suggesting our measured effects are not simply statistical
artifactsE] The magnitude and statistical significance of these spillover effects are robust to in-
clusion of covariates in our default specification and generally robust to elimination of the donut
hole, though the latter reduces their precision somewhat due to a diminished first stageE]

In summary, older siblings’” college choices have large and clear spillover effects on the choices
of their younger siblings. Younger siblings shift their college application portfolios to include the
colleges that their older siblings attend and generally upgrade the quality of colleges they apply to
because their older sibling enrolled in a higher quality college. Younger siblings then also enroll
in higher quality colleges, in part by enrolling in four-year colleges when they would not have
enrolled anywhere otherwise. These spillover effects are much larger for uncertain college-goers,
those from families whose ex ante characteristics predict only moderate likelihood of attending

four-year colleges at all.

3.3 Channels

What explains the college enrollment spillover effects from older to younger siblings? We consider
five potential channels through which such spillovers might occur: income effects; price effects;
proximity effects; legacy effects; and information effects. We discuss each of these in turn and
conclude that only the last, information, is consistent with our results.

Income effects can generate spillovers if older siblings’ college choices affect family budget

constraints that determine younger siblings” college financing options. Older siblings” choices

BFor details, see Figur and
A2

"For details, see Figure|A.6
7For details, see Table
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of more expensive colleges may leave credit constrained families with less funding to provide
younger siblings. Our estimates suggest that older siblings” enrollment in target colleges slightly
increases their cost of college. If income effects were large, we would then expect to see younger
siblings making less costly college choices, including enrolling at lower rates. Instead, we observe
younger siblings enrolling at higher rates, choosing colleges that are slightly more costly than they
otherwise would have or much more costly in the case of uncertain college-goers. If income effects
are present, they are dominated by other channels.

Price effects can generate spillovers because an older sibling’s enrollment in college can in-
crease the amount of financial aid a younger sibling is eligible for, as formulas for both federal
financial aid and some colleges” own financial aid plans take such factors into account. Some col-
leges also offer same-campus tuition discounts for siblings. Importantly, price effects are salient
only when both siblings are in college at the same point in time. When we split the sample by
siblings” age difference, as in the first two columns of Table 6| we find that siblings one to three
years apart exhibit somewhat smaller spillover effects than do siblings four or more years apart,
even though the latter are unlikely to be enrolled in college simultaneously. Price effects therefore
seem unlikely to explain a large portion of the observed spillovers.

Proximity effects occur because younger siblings may gain or lose utility from being on the
same campus with their older siblings. This may stem from enjoying (or disliking) each other’s
company, providing study help to each other, providing information about campus-specific issues
such as course choices, or even reducing enrollment costs through carpooling. That siblings four
or more years apart exhibit large spillovers again make this channel less compelling, given that
such siblings are unlikely to attend college simultaneously. That same-gender sibling pairs exhibit
no larger spillovers than opposite-gender sibling pairs, as in the middle two columns of Table [6)]
also renders proximity effects less likely, assuming that former tend to be socially closer than the
latter. Proximity effects also fail to explain why younger siblings” four-year college enrollment rate
rose by twice as much as their target college enrollment rate, implying that many were induced
to enroll in different four-year colleges than their older siblings. Finally, the last two columns of

Table 6| show that spillover effects on four-year college enrollment and college quality are driven
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entirely by the subset of younger siblings who never even applied to their older siblings’ target
colleges@ Such sibling pairs could not attend the same campuses, making proximity effects an
unlikely explanation for those spillovers.

Legacy effects occur because some colleges give admissions preferences to students whose
family members have previously enrolled, in large part to increase the likelihood that family
members donate money to the college (Hurwitz, [2011). Legacy effects are unlikely to explain the
spillovers observed here, for two main reasons. First, the target colleges identified here are largely
public, non-flagship institutions, whereas legacy admissions are concentrated in more elite private
and public colleges. Second, as the discussion of proximity effects noted, much of the observed
spillover effect runs through younger siblings attending different colleges than their older sibling
and thus lacking any legacy status.

Having ruled out price, income, proximity and legacy effects as potential explanations for the
observed college choice spillovers between siblings, we note that information effects are consistent
with such patterns. An older sibling’s enrollment at a particular college campus may generate in-
formation for parents or a younger sibling that would otherwise be costly or impossible to obtain.
Older siblings attending higher quality colleges than they otherwise would may report to their
families more positive experiences from those campuses. Higher persistence and graduation rates
on such campuses may, in particular, change older siblings” reports of the returns to college en-
rollment. This is particularly true given that many older siblings would otherwise have attended
two-year colleges with particularly low graduation rates.

Such information from older siblings may change younger siblings” own perceptions of the
potential returns to attending high quality colleges, which would be consistent with our obser-
vations of younger siblings applying to and enrolling in higher quality colleges than they would
otherwise. Younger siblings may place particularly high weight on their older siblings” college
experiences, given that the educational success of a close family member may be more salient and
predictive of one’s own success than less personalized sources of information. Families may not

actively seek out information about college quality and the expected returns from a given insti-

18Gplitting the sample by an endogenous variable makes coefficient interpretation harder but provides one simple
way to demonstrate spillovers between siblings not sharing a campus.
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tution. If they do, the average statistics contained in websites and college guides may feel only
somewhat relevant. Intimate personal knowledge of one person’s positive experience with higher
education may be substantially more powerful, particularly for those whose family characteristics

suggest fewer close social connections to others pursuing higher education.

4 Conclusion

We provide some of the first causal evidence of peer effects in college choice, showing that younger
siblings are more likely to enroll in college and choose higher quality colleges after their older
siblings do so first. We argue that an older sibling’s enrollment in a higher quality college can
provide for families information about postsecondary education that would otherwise be difficult
or impossible to obtain. In that sense, an older sibling’s college choice is a particularly high touch
intervention, providing prolonged exposure to another person’s experience of the complex good
that college education represents. Such information is particularly important in families where
parents do not otherwise provide it, perhaps because they themselves have little or no college
experience.

If students’ college choices are deeply affected by the college experiences of people in their
social networks, such social factors may partly explain persistent differences in college enrollment
by income, race and geography. Further research might investigate the role played by college
choices of other socially close individuals, such as parents, friends or neighbors. Such social factors
have been relatively understudied by economists and might shed further light on the origins of

inequalities in postsecondary outcomes.
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Figure 1: Distribution of Younger Siblings Across Target Colleges
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angle represents a single college.
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Figure 2: Older Siblings” Enrollment in Target College
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Notes: Shown above is older siblings” average rate of enrollment in the target college, by their own
distance to the admissions threshold. Dot sizes are proportional to the number of younger siblings
in each bin. Also shown are fitted lines from a local linear regression model using a bandwidth of
100 and excluding observations on the threshold.
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Figure 3: Older Siblings” College Choices
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Notes: Shown above are older siblings” average enrollment rate in four-year college (panel A) and
college quality measured by six-year B.A. completion rates (panel B), by their own distance to the
admissions threshold. Dot sizes are proportional to the number of younger siblings in each bin.
Also shown are fitted lines from a local linear regression model using a bandwidth of 100 and
excluding observations on the threshold.
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Younger sibling enrolled in target college
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colleges, by their older siblings” distance to the admissions threshold. Dot sizes are proportional
to the number of younger siblings in each bin. Also shown are fitted lines from a local linear
regression model using a bandwidth of 100 and excluding observations on the threshold.
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Figure 5: Younger Siblings” College Choices
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Notes: Shown above are younger siblings” average enrollment rate in four-year college (panel A)
and college quality measured by six-year B.A. completion rates (panel B), by their older siblings’
distance to the admissions threshold. Dot sizes are proportional to the number of younger siblings
in each bin. Also shown are fitted lines from a local linear regression model using a bandwidth of
100 and excluding observations on the threshold.
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Table 1: Sample Characteristics

Older Regression discontinuity sample
sibling
applied to Uncertain Probable
Only Sibling target All college-  college-
children  sample college  students goers goers
) ) ©) (4) ©) (6)
(A) Demographics
Siblings 1.00 2.32 2.26 2.25 2.25 2.25
White 0.51 0.66 0.66 0.58 0.38 0.67
Black 0.14 0.08 0.16 0.24 0.29 0.21
Hispanic 0.15 0.12 0.06 0.07 0.14 0.04
Asian 0.11 0.09 0.08 0.07 0.09 0.05
Income (000s) 67.1 80.0 82.5 75.4 43.8 92.1
Mother attended college 0.58 0.65 0.70 0.65 0.34 0.81
(B) Older siblings
Maximum SAT score 1013 1082 1070 949 910 968
Score sends 3.67 4.37 6.61 6.15 5.61 6.41
Enrolled in 4-year college 0.54 0.68 0.78 0.70 0.60 0.75
College’s B.A. completion rate 0.42 0.53 0.58 0.50 0.42 0.54
College’s peer quality 0.06 0.25 0.26 0.05 -0.08 0.12
(C) Younger siblings
Took SAT 0.83 0.88 0.85 0.76 0.90
Maximum SAT score 1072 1059 989 935 1012
Score sends 3.49 4.22 3.74 2.78 421
Enrolled in 4-year college 0.62 0.65 0.58 0.45 0.65
College’s B.A. completion rate 0.49 0.51 0.45 0.35 0.50
College’s peer quality 0.22 0.20 0.07 -0.12 0.16
N 11,287,116 3,145,006 166,080 49,069 16,356 32,713

Notes: Notes: Mean values of key variables are shown. Columns 1 and 2 divide the high school classes of 2004-14
into those with no observed siblings and those with at least one observed sibling. Column 3 includes only those
families in which the oldest sibling applied to one of the target colleges. Column 4 limits that sample to those
within 100 SAT points of the relevant threshold, excluding those on the threshold itself. Columns 5 and 6 divide
the RD sample into those in the bottom third and top two-thirds of the distribution of predicted four-year college
enrollment. College quality is measured by the fraction of students starting at that college who complete a B.A.
anywhere within six years and the mean standardized PSAT score of students at that college.
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Table 2: First Stage Impacts of Thresholds on Older Siblings” Target College Enrollment

80 100 120 140 100 100
(2) (3) (4) ©) (6) ()

Bandwidth = 60
(1)
All students 0.075***
(0.009)
F-statistic 62.4

Uncertain college-goers  0.078***
(0.016)
F-statistic 23.2

Probable college-goers ~ 0.073***

(0.011)
F-statistic 40.2
Donut hole Y
Demographic controls N

0.082°* 0.085* 0.095** 0.101*** 0.085*** 0.061***
(0.008)  (0.007) (0.006) (0.006)  (0.007)  (0.007)
1093 1529 2348 3141 1540 80.8

0.076™* 0.083* 0.091*** 0.101*** 0.083*** 0.060***
(0.013)  (0.012) (0.010) (0.010) (0.012)  (0.012)
33.1 50.6 76.0 113.0 50.9 26.5

0.084°* 0.085* 0.095*** 0.100*** 0.085*** 0.061***
(0.010)  (0.008)  (0.008)  (0.007)  (0.008)  (0.008)
76.7 1000  160.7 2058 1012 54.8

Y Y Y Y Y N
N N N N Y N

Notes: Heteroskedasticity robust standard errors clustered by oldest sibling’s high school are in parentheses (*
p<.10 ** p<.05 ** p<.01). Each coefficient is a first stage estimate of the impact of an older sibling’s threshold-
based admissibility on their enrollment in the target college. Each estimate comes from a local linear regression
that includes fixed effects for each combination of older sibling’s cohort, younger sibling’s cohort, and the target
college to which the older sibling applied. Columns 1-5 use bandwidths from 60 to 140 SAT points and a donut hole
specification that exclude observations on the threshold itself. Columns 6 and 7 replicate column 3 but respectively
add demographic controls (for gender, race, income and parental education) and eliminate the donut hole. The first
row includes all students, while the second and third rows divide the sample into those in the bottom third and top
two-thirds of the distribution of predicted four-year college enrollment. Beneath each coefficient is the F-statistic

for the admissibility instrument.
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Table 3: Characteristics of Older Siblings” Chosen Colleges

College type College quality Price, location
50+
B.A. Peer Net miles
4-year 2-year completion quality price from
college college rate (Z-score)  (000s) home
) 2) (3) (4) () (6)
All students 0.424**  -0.344*** 0.257*** 0.446** 3.280  0.324**
(0.115) (0.105) (0.063) (0.103) (2.026)  (0.125)
Control complier Y 0.58 0.34 0.41 -0.06 10.44 0.23
Uncertain college-goers ~ 0.409** -0.465** 0.317*** 0.570*** 1.920 0.336
(0.207) (0.196) (0.110) (0.185) (3.220)  (0.207)
Control complier YV’ 0.59 0.47 0.31 -0.29 11.37 0.21
Probable college-goers 0.370*** -0.229* 0.197** 0.361*** 3.356 0.289*
(0.140)  (0.126) (0.078) 0.127)  (2.642)  (0.157)
Control complier Y 0.63 0.23 0.49 0.07 10.57 0.28

Notes: Heteroskedasticity robust standard errors clustered by oldest sibling’s high school are in parentheses (*
p<.10 ** p<.05 ** p<.01). Each coefficient is an instrumental variables estimate of the impact of an older sibling’s
enrollment in the target college on their own college choices, using admissibility as an instrument. Each estimate
comes from a local linear regression with a bandwidth of 100 SAT points, a donut hole specification that excludes
observations on the threshold, and fixed effects for each combination of older sibling’s cohort, younger sibling’s
cohort, and older sibling’s target college. The first row includes all students, while the second and third rows
divide the sample into those in the bottom third and top two-thirds of the distribution of predicted four-year college
enrollment. College quality is measured by the fraction of students starting at that college who complete a B.A.
anywhere within six years (column 3) and the mean standardized PSAT score of students at that college (column
4). Also listed below each coefficient is the predicted value of the outcome for control compliers.
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Table 4: Younger Siblings” College Entrance Exam and Application Choices

College entrance exams College applications
Ever Maximum Only high
took SAT Target Total grad. rate
SAT score college number colleges
@ (2) 3 4 )
All students 0.074 41.1 0.267*** 0.610 0.278**
(0.090) (39.8) (0.096) (0.910) (0.119)
Control complier ¥ 0.82 949 0.10 2.75 0.25
Uncertain college-goers 0.001 81.7 0.250 0.248 0.398*
(0.178) (68.7) (0.164) (1.379) (0.205)
Control complier ¥ 0.87 858 0.13 2.97 0.10
Probable college-goers 0.113 -0.5 0.285** 0.583 0.196
(0.095) (50.7) (0.124) (1.197) (0.152)
Control complier ¥ 0.80 1015 0.06 2.78 0.35

Notes: Heteroskedasticity robust standard errors clustered by oldest sibling’s high school are in parentheses (*
p<.10 ** p<.05 *** p<.01). Each coefficient is an instrumental variables estimate of the impact of an older sibling’s
enrollment in the target college on younger siblings’ testing and application choices, using admissibility as an
instrument. Each estimate comes from a local linear regression that includes fixed effects for each combination
of older sibling’s cohort, younger sibling’s cohort, and the target college to which the older sibling applied. Each
regression uses a bandwidth of 100 SAT points and a donut hole specification that exclude observations on the
threshold itself. The first row includes all students, while the second and third rows divide the sample into those in
the bottom third and top two-thirds of the distribution of predicted four-year college enrollment. The outcome in
column 5 is an indicator for a student’s application portfolio containing only colleges whose B.A. completion rates
exceed 50 percent. Also listed below each coefficient is the predicted value of the outcome for control compliers.
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Table 5: Younger Siblings” College Choices

College type College quality Price, location
Followed 50+
to B.A. Peer Net miles
target 4-year 2-year completion quality price from
college  college college rate (Z-score)  (000s)  home
) (2) (3) (4) (5) (6) ()
All students 0.132***  0.275*  -0.060 0.201*** 0.345** 3.556 0.190
(0.048)  (0.122) (0.101)  (0.074) (0.137)  (2.191) (0.117)
Control complier ¥ 0.02 0.33 0.26 0.28 -0.24 7.51 0.19
Uncertain college-goers ~ 0.200"*  0.448*  0.061 0.423*** 0.649***  9.820** (0.459**
(0.085)  (0.216) (0.186) (0.129) (0.230)  (3.614) (0.198)
Control complier Y 0.00 0.13 0.12 0.03 -0.65 0.86 0.00
Probable college-goers 0.096 0152  -0.106 0.068 0.158 -0.399 0.010
(0.062)  (0.150) (0.128) (0.091) (0.170)  (2.824) (0.150)
Control complier ¥ 0.06 0.48 0.31 0.44 0.01 11.81 0.36

Notes: Heteroskedasticity robust standard errors clustered by oldest sibling’s high school are in parentheses (*
p<.10 ** p<.05 ** p<.01). Each coefficient is an instrumental variables estimate of the impact of an older sibling’s
enrollment in the target college on younger siblings” college choices, using admissibility as an instrument. Each
estimate comes from a local linear regression with a bandwidth of 100 SAT points, a donut hole specification that
excludes observations on the threshold, and fixed effects for each combination of older sibling’s cohort, younger
sibling’s cohort, and older sibling’s target college. The first row includes all students, while the second and third
rows divide the sample into those in the bottom third and top two-thirds of the distribution of predicted four-year
college enrollment. College quality is measured by the fraction of students starting at that college who complete
a B.A. anywhere within six years (column 4) and the mean standardized PSAT score of students at that college
(column 5). Also listed below each coefficient is the predicted value of the outcome for control compliers.
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Table 6: Exploring Channels for Spillover Effects

Younger sibling

Siblings’ Siblings’ applied to
age difference genders target college
1-3 years 4+ years Same  Different No Yes
) () ®) (4) (5) (6)
(A) All students
Target college 0.108* 0.195** 0.072 0.176** 0.054* 0.145
(0.057) (0.096)  (0.065)  (0.070) (0.031)  (0.133)
Four-year college 0.176 0.529* 0.217 0.326" 0.387**  -0.121
(0.135) (0.247)  (0.165)  (0.175) (0.169)  (0.149)
College’s B.A. completion rate ~ 0.166** 0.290**  0.168* 0.226**  0.277***  -0.068
(0.081) (0.147)  (0.099)  (0.108) (0.103)  (0.087)
N 33,356 15,713 25,047 24,016 39,142 9,865
(B) Uncertain college-goers
Target college 0.179* 0.246 0.154 0.295** 0.097 0.337
(0.099) (0.165)  (0.112)  (0.137) (0.064)  (0.225)
Four-year college 0.293 0.812* 0.328 0.674* 0.600*  -0.120
(0.240) (0459)  (0.277)  (0.359) (0.307)  (0.259)
College’s B.A. completion rate ~ 0.355** 0.579**  0.375**  0.498*  0.550***  0.011
(0.142) (0.276)  (0.165)  (0.218) (0.185)  (0.147)
N 10,866 5,482 8,461 7,844 13,407 2,815

Notes: Heteroskedasticity robust standard errors clustered by oldest sibling’s high school are in parentheses (*
p<.10 ** p<.05 *** p<.01). Each coefficient is an instrumental variables estimate of the impact of an older sibling’s
enrollment in the target college on younger siblings’ college choices, using admissibility as an instrument. Each
estimate comes from a local linear regression with a bandwidth of 100 SAT points, a donut hole specification that
excludes observations on the threshold, and fixed effects for each combination of older sibling’s cohort, younger
sibling’s cohort, and older sibling’s target college. Columns 1 and 2 split the sample by siblings” age difference,
columns 3 and 4 by siblings’ gender match, and columns 5 and 6 by whether the younger sibling applied to the older
sibling’s target college. Panel A includes all students while panel B includes only those whose family characteristics
predict four-year college enrollment probabilities in the bottom third of the distribution.

37



Figure A.1: Density of Observations

(A) Full sample
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Notes: Shown above is the density of younger siblings by their older siblings” distance to the
admissions threshold. Panel A shows the full sample of those whose older siblings applied to
a target college, while panel B limits the sample to those whose older siblings” SAT scores were

within 100 points of the relevant threshold.
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Figure A.2: Covariate Balance
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Notes: Shown above are the mean values of younger siblings’ characteristics by their older sib-
lings” distance to the admissions threshold. Dot sizes are proportional to the number of younger
siblings in each bin.
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Figure A.3: Differences in Siblings” SAT Scores

(A) Full sample
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Notes: Shown above is the density of the difference between younger and older siblings” SAT
scores (for younger siblings who took the SAT). Also shown is the standard deviation of that
distribution. Panel A shows the full sample of those whose older siblings applied to a target
college, while panel B limits the sample to those whose older siblings” SAT scores were within 100

points of the relevant threshold.
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Figure A.4: Robustness of Older Sibling Effects to Bandwidth Choice, All Students

(A) Older sibling enrolled in target college (B) Older sibling enrolled in 4-year college
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Notes: Shown above are first stage estimates of older siblings” admissibility on their target col-
lege enrollment (panel A) and instrumental variables estimates (panels B-D) of the impact of older
siblings’ target college enrollment on their own college choices. Also shown are 95 percent con-
fidence intervals based on heteroskedasticity robust standard errors clustered by oldest sibling’s
high school. Each estimate comes from a local linear regression with the listed bandwidth, a donut
hole specification that excludes observations on the threshold, and fixed effects for each combi-
nation of older sibling’s cohort, younger sibling’s cohort, and older sibling’s target college. The
sample includes all students.
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Figure A.5: Robustness of Older Sibling Effects to Bandwidth Choice, Uncertain College-Goers

(A) Older sibling enrolled in target college (B) Older sibling enrolled in 4-year college
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Notes: Shown above are instrumental variables estimates of the impact of older siblings’ target
college enrollment on their own college choices. Also shown are 95 percent confidence intervals
based on heteroskedasticity robust standard errors clustered by oldest sibling’s high school. Each
estimate comes from a local linear regression with the listed bandwidth, a donut hole specifica-
tion that excludes observations on the threshold, and fixed effects for each combination of older
sibling’s cohort, younger sibling’s cohort, and older sibling’s target college. The sample includes
only students whose family characteristics predict four-year college enrollment probabilities in
the bottom third of the distribution.
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Figure A.6: Placebo Thresholds for Older Sibling Effects

(A) Older sibling enrolled in target college (B) Older sibling enrolled in 4-year college
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Notes: Shown above are first stage (panel A) and reduced form (panels B-D) estimates of older sib-
lings” admissibility on their own college choices. Also shown are 95 percent confidence intervals
based on heteroskedasticity robust standard errors clustered by oldest sibling’s high school. Each
estimate comes from a local linear regression re-centered around the true admissions threshold
by the listed amount, with a bandwidth of 100 SAT points, a donut hole specification that ex-
cludes observations on the re-centered threshold, and fixed effects for each combination of older
sibling’s cohort, younger sibling’s cohort, and older sibling’s target college. The sample includes
all students.
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Figure A.7: Robustness of Younger Sibling Effects to Bandwidth Choice, All Students

(A) Younger sibling enrolled in target college (B) Younger sibling enrolled in 4-year college
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Notes: Shown above are instrumental variables estimates of the impact of older siblings’ target
college enrollment on the characteristics of younger siblings” chosen colleges. Also shown are
95 percent confidence intervals based on heteroskedasticity robust standard errors clustered by
oldest sibling’s high school. Each estimate comes from a local linear regression with the listed
bandwidth, a donut hole specification that excludes observations on the threshold, and fixed ef-
fects for each combination of older sibling’s cohort, younger sibling’s cohort, and older sibling’s
target college. The sample includes all students.
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Figure A.8: Robustness of Younger Sibling Effects to Bandwidth Choice, Uncertain College-Goers

(A) Younger sibling enrolled in target college (B) Younger sibling enrolled in 4-year college
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Notes: Shown above are instrumental variables estimates of the impact of older siblings’ target
college enrollment on younger siblings” college choices. Also shown are 95 percent confidence
intervals based on heteroskedasticity robust standard errors clustered by oldest sibling’s high
school. Each estimate comes from a local linear regression with the listed bandwidth, a donut
hole specification that excludes observations on the threshold, and fixed effects for each combi-
nation of older sibling’s cohort, younger sibling’s cohort, and older sibling’s target college. The
sample includes only students whose family characteristics predict four-year college enrollment
probabilities in the bottom third of the distribution.
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Figure A.9: Placebo Thresholds for Younger Sibling Effects

(A) Younger sibling enrolled in target college (B) Younger sibling enrolled in 4-year college
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Notes: Shown above are reduced form estimates of older siblings” admissibility on their younger
siblings’ college choices. Also shown are 95 percent confidence intervals based on heteroskedas-
ticity robust standard errors clustered by oldest sibling’s high school. Each estimate comes from
a local linear regression re-centered around the true admissions threshold by the listed amount,
with a bandwidth of 100 SAT points, a donut hole specification that excludes observations on the
re-centered threshold, and fixed effects for each combination of older sibling’s cohort, younger
sibling’s cohort, and older sibling’s target college. The sample includes all students.
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Table A.2: Further Robustness of Younger Siblings” College Choices

Baseline Including Eliminating
specification covariates donut hole
(1) 2) 3)
(A) All students
Enrolled in target college 0.132*** 0.128*** 0.223***
(0.048) (0.047) (0.062)
Enrolled in 4-year college 0.275* 0.219* 0.205
(0.122) (0.116) (0.150)
B.A. completion rate 0.201*** 0.159** 0.175*
(0.074) (0.069) (0.092)
Peer quality 0.345** 0.258** 0.339**
(0.137) (0.129) (0.170)
(B) Uncertain college-goers
Enrolled in target college 0.200** 0.200** 0.332***
(0.085) (0.085) (0.118)
Enrolled in 4-year college 0.448™ 0.454** 0.472*
(0.216) (0.213) (0.272)
B.A. completion rate 0.423*** 0.407*** 0.472**
(0.129) (0.127) (0.171)
Peer quality 0.649**~ 0.590*** 0.784***
(0.230) (0.223) (0.304)

Notes: Heteroskedasticity robust standard errors clustered by oldest sibling’s high school are in parentheses (*
p<.10 ** p<.05 ** p<.01). Each coefficient is an instrumental variables estimate of the impact of an older sibling’s
enrollment in the target college on younger siblings’ college choices, using admissibility as an instrument. Each es-
timate comes from a local linear regression that includes fixed effects for each combination of older sibling’s cohort,
younger sibling’s cohort, and the target college to which the older sibling applied. Column 1 uses a bandwidth of
100 SAT points and a donut hole specification that exclude observations on the threshold itself. Column 2 adds to
that regression covariates, including gender, race, income and parental education. Column 3 eliminates the donut
hole, including observations on the threshold itself. Panel A includes all students, while panel B includes those in
the bottom third of the distribution of predicted four-year college enrollment.
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