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Abstract

Theory suggests that increasing idiosyncratic, uninsurable labor income risk causes indi-
viduals to reduce the risk in their financial assets. Ceteris paribus, this would lead to a negative
association between the levels of labor income and financial risks. This relationship is difficult
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both driven by unobservable preferences. Risk tolerant individuals tend to choose a riskier ca-
reer and hold riskier portfolios, leading to an upward-biased estimate of the effect of earnings
risk on risky assets holdings. We overcome this identification problem by exploiting a dis-
continuity built into the Danish national university admissions system which provides quasi-
random assignment of similar applicants to programs with different earnings risk profiles. We
provide novel evidence that university programs have a causal impact on students’ subsequent
earnings processes, and use earnings volatility as one feature of the earnings process that prox-
ies for income risk. We show that such increase in income risk reduces risky asset holding
and stock market participation. Entering a program whose enrollees subsequently experience
volatile earnings causes students to have more volatile earnings and, ceteris paribus, to hold
fewer risky assets and be less likely to participate in the stock market.
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1 Introduction

Human capital risk — specifically labor income risk — is arguably the most important risk peo-

ple face. When income risk cannot be traded away or diversified, consumers should optimally

tilt their investment portfolio away from risky assets (Kimball, 1993, Viceira, 2001, Cocco et al.,

2005). Households with higher labor income risk should therefore be less likely to participate in

the stock market, and conditional on participation should hold less risky assets. Quantifying the

effect of earnings risk on financial choices has important implications for asset pricing (Addoum

et al., 2019), the hedging of labor income through financial markets (Betermier et al., 2012), as well

as the link between stock market participation and the equity premium (Vissing-Jørgensen, 2002).

However, individuals jointly choose their careers and investment portfolios for reasons driven by

common factors that are frequently unobservable to researchers, which leads to a classical attenu-

ation bias in the effect of labor earnings risk on portfolio risk (Fagereng et al., 2018). Put simply,

risk tolerant individuals tend to choose riskier careers and portfolio holdings, so the observed cor-

relation between earnings risk and portfolio allocation will be higher (more positive) than the true

causal effect of income risk on portfolio choices.

In this paper, we investigate the effect of earnings risk on portfolio choices using an identifica-

tion strategy that overcomes this issue by isolating exogenous variation in individuals’ earnings

profiles. We exploit an institutional feature of the Danish university admissions system that cre-

ates quasi-random variation in admission to university programs, and therefore in earnings risk

profiles. Prospective university students rank up to eight programs in preferred order and com-

pete for limited enrollment capacity in selective programs based on a composite score that reflects

their grades in high school. A central agency allocates places in the different programs in preferred

order to students with the highest scores, giving rise to time-varying program-level admission

cutoffs. Students are admitted to their most preferred program for which their score exceeds the

program’s cutoff. For students with a score that is close to their more-preferred “reach” program

but well above the cutoff for their next most preferred “safety” program, the admission process

effectively randomizes them into programs with different subsequent labor income risk profiles.

Students with scores just above the “reach” program cutoff are assigned to that program, while

nearly identical students with scores just below this cutoff are assigned to their “safety” program.
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Our empirical design exploits this exogenous variation in program enrollment combined with

the fact that different programs of study lead students to subsequently experience different amounts

of earnings volatility, our proxy for labor income risk. We start our empirical analysis with the

population of first-time applicants to university, and estimate their individual-level earnings pro-

cess following Meghir and Pistaferri (2004). Next, we create average program-level attributes of

the earnings process such as unexplained log earnings growth, total volatility as well as its transi-

tory and permanent components, and the correlation of earnings to stock market returns. We then

focus on students with a reach-safety program pair and model their individual-level earnings

process and financial holdings 8 to 12 years after enrollment in a fuzzy regression discontinuity

design. Our identification strategy compares students on each sides of admission cutoffs to es-

timate the effect of crossing admission cutoffs into their enrollment program of study on their

subsequent earnings process and portfolio choices. Our methodology follows that of Andersen

et al. (2020) who use the same education discontinuities to measure the effect of program-level

gender earnings gaps on subsequent earnings of women.

In the first part of our analysis, we present new evidence on the causal effect of education

on various features of individuals’ earnings processes. Programs of study may naturally carry in

the subsequent average earnings level, growth, or volatility of their enrollees; for example, some

programs have enrollees who go on to experience volatile earnings. This could reflect selection

(people who would have volatile earnings regardless of program of study tend to enroll in simi-

lar programs), causal effects (programs cause enrollees to experience more volatile earnings than

other programs), or some combination of the two. We measure how much of the cross-program

variation in the earnings processes of their enrollees reflects causal effects. We do this by compar-

ing the subsequent earnings volatility for students who are enrolled (through our quasi-random

assignment scheme) into programs whose enrollees have higher and lower earnings volatility. To

the best of our knowledge, this is the first time that the causal effect of education programs on

labor income risk has been studied in this setting.

We find that enrolling in a program whose enrollees have higher permanent earnings volatility

increases an individual’s subsequent earnings volatility. We cannot reject the hypothesis that this

relationship is one-to-one, so that all cross-program variation in permanent earnings volatility re-

flects causal effects. We identify this strong source of exogenous variation in permanent earnings
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volatility – our proxy for labor income risk – stemming from quasi-random assignment of students

to programs that vary in the subsequent permanent earnings volatility of their enrollees. However,

not all attributes of the earnings process are causally related to programs of study. For example,

we do not find evidence that “human capital betas” (the correlation between unexplained earn-

ings growth and stock market returns), or transitory earnings volatility are caused by a student’s

program of study.

In a second step, after documenting that individuals’ permanent volatility is caused by their

program of study, we move to study the effect of individual earnings volatility on portfolio choices,

particularly insofar as program of study has a causal impact on an individual’s human capital risk.

We start by using the program-level permanent earnings volatility as proxy for its individual-level

analog. Again, we instrument program-level earnings volatility by leveraging quasi-random as-

signment to reach and safety programs. We find that higher income volatility leads to lower stock

market participation and, conditional on participation, to a smaller proportion of risky assets in

the investment portfolio. Using the marginal effect of permanent earnings risk on stock market

participation, we show that going from the least risky field (education) to one of the riskiest field

(business) would decrease stock market participation by 0.078, or by 28% on a 0.28 baseline par-

ticipation rate. Conditional on individuals participating in the stock market, permanent earnings

volatility would decrease the share of risky assets in the portfolio by 9%.

Even though the effects we document are substantial, when measuring the association between

earnings risk and financial holdings without using the admission discontinuities as an identifica-

tion strategy we find no evidence that riskier earnings lead to lower stock market participation.

This result echoes findings in different contexts that suggest that selection effects could obscure

the effect of earnings risk on financial holdings (Betermier et al., 2012, Fagereng et al., 2018). We

show that the absence of association we find is due to selection and program effects offsetting the

causal effect of earnings risk. In our example, because business leads to higher earnings than edu-

cation, we calculate that it would lead to a 0.06 higher stock market participation than education,

ceteris paribus. Combined with the offsetting effect of higher earnings risk, business students

would be predicted to have a 0.078� 0.06 = 0.018 lower participation rate. However, in the data,

business majors have a 0.19 higher participation rate, which means that selection and program

effects offset completely, and even overturn, the negative effect of stock market participation. The
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null association found in the data is therefore the result of an attenuation bias due to offsetting

effects that would not be identi�ed absent an identi�cation strategy to measure the causal effect

of earnings risk.

As validation checks for our main results, we present various robustness tests. We repeat

our empirical exercise using individual-level earnings volatility, instrumented again with quasi-

random assignment to reach and safety programs. Although individual-level earnings process

attributes are less precisely measured, we �nd qualitatively identical results, with a smaller sta-

tistical precision. We further show that our results are robust to using alternative time periods to

average individuals' earnings process attributes, as well as using raw earnings instead of unex-

plained earnings, and to many different empirical speci�cations of the model and various band-

widths around the admission cutoffs we study. These sensitivity analyses suggest that our results

are robust to different assumptions about the earnings process and our preferred empirical speci-

�cations.

Our contribution to the literature is twofold. First, a large literature has estimated the average

returns to education, with the most credible identi�cations recently using education discontinu-

ities like the ones we exploit (e.g. Kirkeboen et al., 2016, Andersen et al., 2020). However, the

literature is mostly silent on the effect of university programs in generating earnings risk for their

students. Because risk averse individuals might tend to choose safe careers, studying this ques-

tion requires overcoming important identi�cation issues. Furthermore, because programs with

volatile earnings could discourage risk-averse but otherwise competent prospective students from

entering the �elds, understanding the role of self-selection and �eld of study in generating het-

erogeneous earnings pro�les is important for policy makers concerned with the attractiveness of

professions with riskier earnings pro�les. We show that permanent earnings volatility is caused

one-for-one by the program of study. This can create important welfare costs for students inherit-

ing the risk pro�le of their program of study, despite potentially inadequate pairing of their risk

preferences to their subsequent earnings risk pro�le (Jensen and Shore, 2015).

Second, we show that the effect of this mismatch can be quantitatively important, as it carries

to other aspects of �nancial behavior such as investment choices. Starting with Guiso et al. (1996),

a large literature has documented the correlation between labor income risk and households' in-

vestment portfolios. The evidence is that labor income risk typically has small effects in deterring
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stock market participation, or the fraction of risky assets held in investment portfolios (Fagereng

et al., 2018).1 Bertaut and Haliassos (1997) study long-run precautionary motives in portfolio allo-

cations and show that it is persistent risk that affects rebalancing, rather than short-run risk. This

idea is put forth more directly by Angerer and Lam (2009) who study the association between earn-

ings risk and portfolio choice by separating explicitly between permanent and transitory volatility.

However, one must be careful when interpreting these results because unobservable risk prefer-

ences could correlate both with career and portfolio choices, resulting in attenuation bias. The

effect of risk preferences on portfolio allocations has been studied extensively (Cass and Stiglitz,

1972, Cohn et al., 1975) and it is now well documented that risk preferences affect educational

choices (e.g. Saks and Shore, 2005, Nielsen and Vissing-Jorgensen, 2006). Although the literature

has recognized that earnings risk and portfolio choices are likely to suffer from an omitted bias,

very few papers have addressed this issue because of the dif�culty in �nding sources of exogenous

variation in earnings risk.

To this point, Betermier et al. (2012) tackles this issue by analyzing the portfolio holdings of

households who switch industries between 1999 and 2002 to evaluate the effect of earnings risk

on portfolio choices while holding individual preferences constant. They �nd switching effects

across industries but no level effects, suggesting that differences in cross-sectional preferences in-

�uence both earnings volatility and portfolio choices, which would be expected in the presence

of attenuation bias.2 Such �ndings therefore warrants an identi�cation strategy of the effect that

controls for individual preferences. We take an alternative route and focus on exogenous vari-

ation in university enrollment to estimate the effect that investment in human capital can have

on portfolio choices. Whereas Betermier et al. (2012) estimates the effect of industry changes on

portfolio holdings, our methodology measures the effect of earnings risk that arise by changes in

educational program on portfolio choices.

Recently, Fagereng et al. (2018) instrument labor income risk of individuals using �nancial

1Guiso et al. (1996) �nds support for this prediction using survey responses on expected in�ation and expected
income growth to proxy for the subjective variance of income growth. Such relationship has been investigated for the
case of of counter-cyclical income risk (Shen, 2018, Catherine et al., 2019), in the presence of liquidity constraints (Koo,
1998), as well as in the context of retirement (Viceira, 2001, Bagliano et al., 2014), and the effect of other types of income,
such as entrepreneurial income (Heaton and Lucas, 2000). Guvenen et al. (2017) further document the heterogeneity
that exists in the effect of aggregate risk exposure using worker betas.

2Familiarity, such as holding stocks closely related to one's work industry, can also play an important role in the
relationship between portfolio holdings and preferences (Massa and Simonov, 2006).
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shocks to their employers. This allows them to quantify the impact of �rm risk that is passed to

employees and to conclude that uninsurable wage risk is typically small because �rms provide

substantial wage insurance to their employees. They use this source of variation in earnings risk

to measure its effect on portfolio choices. We innovate by studying the effect that career choices

can have on investment portfolios by using exogenous variation created by admission cutoffs to

study the effect of exogenous variation in income risk on investment choices. Like them, our

results are consistent with the presence of attenuation bias in the literature on correlation between

labor income risk and stock market participation. In our sample, direct estimates of permanent

income volatility on stock market participation without the use of exogenous variation show no

relationship, despite evidence of large causal effects.

2 Institutional Setting

2.1 Danish National University Application

Our study design is based on the institutional details of university admissions in Denmark. Prospec-

tive students apply to university through a central agency that allocates students to programs with

limited enrollment capacity which creates plausibly exogenous variation in the probability of ac-

ceptance into different programs. As described in Andersen et al. (2020) and Heinesen (2018),

university admission in Denmark is based on the performance of prospective students in high

school. A standardized score ranging from 0 to 13 in 0.1 increments is calculated based on the

students' grades in their last years of high school, taking into account the level and dif�culty of

the classes. Students can list up to eight programs (that is, university-major pairs such as Inter-

national Finance at Copenhagen Business School) in order of preferences. Admission is granted

to programs in preferred order to the students with the highest scores until all seats are �lled.

For competitive programs, this generates an admission cutoff according to which students with a

score above the cutoff are admitted, while those with a score below are not.

Admission to most programs only depends on the prospective student's high school score,

although their are two types of exceptions. First, admissions can be made through two different

systems, called “Quotas”. The Quota 1 admission system has applications in June and is intended

for students who apply directly after high school. These prospective students are evaluated for
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admission into their chosen programs solely based on their composite high school score. The

Quota 2 system of admission has applications in March and allows prospective students to be

evaluated based on their composite score but also on additional bonus points allocated for extra-

curricular activities. This system is usually used by students with relevant work experience for

the programs to which they apply. We cannot observe the bonus points allocated to students in

our data. As a result, the admission rule for Quota 2 partially depends on factors that we do not

observe. In the sample we analyse, 54.4% of applications are made through the Quota 1 system of

admission, and the remainder is made through Quota 2.

Second, when applying to different programs, students have the option to be included on a

standby list in case they are very close from the cutoff for their preferred program but did not

get accepted (typically if they are 0.1 to 0.2 points below the admission cutoff). Students on the

standby list will be attributed a place in the program if students drop from the program in the �rst

weeks of the semester. If no students drop from the program, students on the stand-by list are

guaranteed admission to the program in the following year. In our sample, about 40% of students

choose this option when applying. Because these applications are conceptually different and allow

students to get admitted to programs despite having a lower score than the admission cutoff, we

rule them out in our analysis.

The institutional setting of university admission in Denmark is the ideal candidate to study

the effect of education on individuals. Because the system credibly leads to exogenous variation

in admission to different programs, it de factorandomizes students who are close to the admission

cutoffs into programs with different earnings process. The fact that randomness dictates admis-

sion to different programs for students close to the admission cutoff allows us to control for the

potentially endogenous self-selection into university programs. If risk-averse students tend to en-

roll in programs for which earnings are less volatile, studying the relationship between earnings

volatility and stock market participation could lead to erroneous conclusions on its effect. Instead,

as described below, we focus on marginal students who are either slightly under or slightly above

their preferred program, for which a small change in admission cutoff will lead to admission to

different programs.
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2.2 Admission Discontinuities

We restrict our focus on the sample of students which have a viable pair of “reach” and “safety”

programs. The students included in this sample are the ones for which the admission system

generates quasi-random assignment to different programs. They must be within 0.5 points of the

admission cutoff of their preferred reach program (either above or below) and at least 0.5 point

above the admission cutoff of the less-preferred safety program. This ensures that small changes in

admission cutoffs due to annual supply and demand will generate discontinuous variation in the

enrollment program of these students. When the admission system is implemented strictly based

on students' high school score, admission to either their reach or safety programs is determined

according to

pi =

8
>><

>>:

r i if D i � 0

si if D i < 0,
(1)

where pi denotes the enrollment program of student i, r i and si denote their reach and safety pro-

grams, respectively, and D i represents the distance between the students' score and the admission

cutoff of their reach program. However, as detailed in Section 2.1, a number of complications arise

such that the admission system does not operate exactly as equation (1). First, Quota 2 applica-

tions are noisier than Quota 1 because we do not observe the bonus points assigned to students

based on their extra-curricular activity. This means that some students can effectively be closer

(above or below) to the admission cutoff of their reach program than what we observe. Second,

because some programs could require the completion of speci�c classes for admission which we

do not observe, admission could be denied despite the student having a score that exceeds the ad-

mission threshold. Finally, an algorithm breaks ties for students exactly on the admission cutoff;

we do not have details on these tie-breaker but we check that excluding students exactly on the

admission cutoff for their reach program does not alter the conclusions of our study.

Figure 1 shows the empirical admission discontinuities for students applying under the Quota

1 and 2 systems of admission. Panel (a) shows that for Quota 1 admissions, as students cross the

admission cutoff for their reach program from below, their admission probability in the program

jumps discontinuously and quickly reaches over 90%. At the same time, admission into the safety

program goes from about 75% to less than 20%. This shows that students slightly to the right
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of the admission cutoff for their reach program are discontinuously more likely to enroll in their

reach program, while students slightly to the left of the same admission cutoff are discontinuously

more likely to enroll in their safety program. This provides the source of variation we exploit in

our analysis. We also present the share of students accepted to a program other than their reach

or safety, and to no program at all for completeness. Panel (b) shows the same information for

students who apply under Quota 2. We can again see discontinuous differences in the probabilities

of enrolling in the reach or safety programs around the admission cutoff of the reach, although the

discontinuity is smaller than in the case of Quota 1. This additional noise comes from the fact

that students under the Quota 2 system of admission may get additional bonus points which we

do not observe. In the analysis, we pool applications from both admission systems but include

Quota �xed-effects and measure the probability of acceptance in the reach program separately to

effectively treat both types of applications independently.

3 Models and Estimation

3.1 Earnings Process Model

We follow Meghir and Pistaferri (2004) in specifying the earnings process as

wit = ct + b0Xw
it + uit , (2)

where wit is the logarithm of real annual earnings, 3 ct is a calendar year effect, Xw
it is a vector

of observable characteristics including a constant, marital status, number of kids, three levels of

education (less than high school, high school, and college or more), a dummy for bottom-coded

earnings, a quadratic in age, as well as gender, and gender interacted with all other observable

characteristics. uit represents the unexplained component of earnings which can be decomposed

into a transitory innovation and a martingale permanent component such that

uit = t it + p it , and, (3a)

p it = gi + p it � 1 + zit , (3b)

3We bottom code earnings at 100,000DKK and top code earnings at the 1 percent level.
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with t it the transitory shocks to earnings, and p it permanent components of earnings.4 The

unexplained component of earnings growth is de�ned as Duit and total volatility is de�ned as

(Duit )2 � s2. We assume that the transitory shock follows an MA(1) process, in which case the

permanent shock is a composite MA(2) process.5 We de�ne the variance of the transitory shock t

ass2
t , and normalize it by presenting its additive inverse. We de�ne the variance of the permanent

shock ass2
p .

3.2 Earnings Process Estimation

The moment conditions that identify the permanent and transitory shocks are

E [Duit Duit � 1] = E
�
t 2

it

�
� s2

t , and (4a)

E

2

4Duit

0

@
(1+ q)

å
j= � (1+ q)

Duit+ j

1

A

3

5 = E
�
z2

it

�
� s2

p . (4b)

In the analysis, we replace uit with the residuals of the regression in equation (2). We replace

the theoretical moments with their sample analog and denote them with a hat, such as ŝ2
p ,i and

ŝ2
t ,i for the estimated individual-level permanent and transitory volatility, respectively. We then

average the various attributes of the earnings process by program of study p to create program-

level averages. We denote these averages with an overline such ass2
p ,pi

and s2
t ,pi

for the average

permanent and transitory volatility of the student's enrollment program pi , respectively.

We measure the covariance of unexplained earnings growth and the annual return on the main

stock market index in Denmark, the OMXC20, since its introduction in 1996 up to 2016. To do so,

we compute real annual returns on the index mt and construct individual-level covariances as

r̂ i ,t = cov(Dûi ,t , mt ), as well as the analogous program-level covariancesr pi ,t
= cov(Dupi ,t , mt ).

4Note that the transitory component of earnings includes both transitory shocks and potentially measurement error
term. Although measurement error is an important aspect to model when using survey responses for income, our
usage of administrative income data in the analysis makes this distinction less relevant in our setting.

5This follows Meghir and Pistaferri (2004). In unreported results, we also test a simpler model with q = 0 and our
conclusions are unchanged.
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3.3 Determinants of Individual Financial Holdings Model

Our main equation of interest relates stock holdings to attributes of individuals' earnings pro-

cesses:

SHi = Gyi + bX i + mi , (5)

where SHi represents measures of stock holdings such as a binary variable indicating stock mar-

ket participation, and a continuous variable indicating the fraction of risky assets held in the in-

vestment portfolio, yi represents a vector of possible outcomes from the various attributes of the

earnings process de�ned in Section 3.1 (e.g., unexplained earnings u, earnings growth Du, total

volatility s2, transitory volatility s2
t , or permanent volatility s2

p ), X i represents a vector of control

variables, and mi is the error term. 6 When yi represents the permanent volatility of earnings, G

measures the extent to which the permanent earnings volatility affect stock market participation

or the share of risky assets in the individual's portfolio.

3.4 Determinants of Earnings Process Model

In the �rst step of our analysis, we investigate the extent to which average earnings from programs

of study affect individuals' earnings processes. We use the following econometric model to predict

the various individual-level outcomes yi based on the average attributesypi
of the program they

enroll in:

yi = dypi
+ bX i + ei , (6)

where, again, yi represents a vector of possible outcomes from the various attributes of the earn-

ings process, ypi
denotes the analogous program-level average outcome of the individuals who

enroll in the same program pi as individual i, X i denotes individual covariates, and ei is the error

term. When ypi
represents the permanent volatility of earnings, dmeasures the extent to which the

permanent volatility of program earnings affect an individual's own permanent earnings volatil-

ity. 7

6Equation (5) is written as a linear model for simpli�cation, but in the analysis, we estimate probit models for stock
market participation and report the marginal effects of participation, and we estimate tobit models for the share of risky
assets in the portfolio, and report marginal effects for the share of risky assets, conditional on participation.

7In our baseline speci�cation, the attributes of the earnings process are annualized averages over the period 8 to 12
years after initial enrollment. Because programs include a relatively large number of individuals enrolled over many
years, including or excluding yi from the calculation of ypi

has virtually no effect on the value of ypi
or the results that
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3.5 Fuzzy Regression Discontinuity Design

Directly estimating equations (5) and (6) may not reveal an unbiased estimate of Gand d in the

presence of selection problems, that is, if cov(yi , mi ) 6= 0 or cov(yi , ei ) 6= 0. For example, if risk-

averse individuals tend to select both �elds of study in which earnings are less volatile and less

risky investment portfolios, a classic attenuation bias problem will plague the estimation of the

causal effect of earnings risk on �nancial holdings. To overcome this identi�cation problem, our

analysis uses the admission discontinuity presented in Section 2.2 as a source of exogenous varia-

tion in admission to programs of study.

In both equations (5) and (6), we obtain causal estimates of G and d by restricting our esti-

mation sample to students near the admission cutoff of their preferred reach program, and using

admission discontinuities to estimate a fuzzy regression discontinuity IV design. The �rst-stage

regression used in our fuzzy regression discontinuity design is given by:

yi or ypi
= f X i + c Zi + xi , (7)

and the following variables are included as instruments in Zi :

P(pi = r i jD i ) � yr i
; and P(pi = si jD i ) � ysi

, (8)

where yr i
and ysi

denote the various attribute of the earnings process, averaged for the reach and

safety programs, respectively. For example, we instrument permanent volatility using P(pi =

r i jD i ) � s2
p ,r i

and P(pi = si jD i ) � s2
p ,si

. The �rst-stage equation uses the source of variation in our

instruments Zi to identify the effect of changes in admissions on the earnings process faced by

admitted students. These instruments are good candidates to use in a regression discontinuity de-

sign because they capture the variation in the earnings process attributes across reach and safety

programs and account for selection in the admission process by interacting these with the prob-

ability of being admitted to the reach and safety programs. This is a valid identi�cation strategy

because, when comparing scores just below and just above the reach program choice cutoff, the

follow from it. For individuals who are not admitted to any program of study, we calculate the average earnings of
their enrollment cohort as the sample average of students who were not admitted to any program in the reach–safety
programs pair sample used in our main analysis.
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probability of being admitted to the reach and safety programs increase and decrease discontinu-

ously, respectively.

To test the validity of our instruments, Figure 2 provides a graphical representation of the �rst-

stage equations (7), by replacing the continuous measure of the probability of enrollment in the

reach program by a sequence of dummy variables re�ecting distance from the admission cutoff.

Each student has exactly one such dummy variable equal to 1 for their own distance from the ad-

mission cutoff, with all other dummies equal to 0. The �gure shows that all �rst-stage outcomes

have large discontinuous jumps around the admission cutoff, con�rming that as students cross

the admission discontinuity from below, they are exposed to the earnings process of their reach

program instead of the safety. These jumps are large, discontinuous and are estimated very pre-

cisely such that concerns about weak instruments are absent in our context.8 To further verify

the validity of these instruments, we present bunching and other density manipulation tests in

Appendix Section A. The results show no evidence of manipulation around the admission cutoff.

In the analysis, we use the predicted values from equation (7) in two-stage estimation mod-

els for which the second stage equations are given by equations (6) and (5). When using more

than one attribute of the earnings process in our estimation, we instrument each attribute using

its analogous set of equations (8). We use reach and safety averages to instrument both individual

and program-level attributes of the earnings process. Because our analysis shows that perma-

nent earnings volatility is determined one-for-one by program-level earnings volatility, our main

results use program-level earnings volatility in equation (5), and we show that our results hold

using individual-level earnings volatility although they are less precisely estimated.

4 Data and Descriptive Statistics

Our study uses administrative data available through various Danish agencies, detailed below.

We start by constructing the population data consisting of the universe of individuals that apply

to university for the �rst time between 1993 and 2006. 9 We keep only individuals for which we

8Appendix Figure A1 present the reduced form results. These are obtained in the same way as the �rst-stage re-
sults, but replacing the program-level average outcomes ypi

by individual-level outcomes yi as dependent variables in
equation (7). Appendix Figure A2 presents the �rst-stage and reduced form results for the Quota 2 admission system.

9We keep the �rst time a student applied to university programs and entered into a program that year. If a person
applied once or more but was not accepted into a university program, we retain their initial application. We use years
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have the full set of variables used in our analysis and obtain 321,091 valid student application-year

observations. We use this population data to construct program-level averages. We then construct

our main sample consisting of the subset of these applicants who have a reach-safety program

pair. We obtain 10,567 observations, which we use in our main tests described in Section 3.5.

Table 1 presents individual-level descriptive statistics for the main variables used in the anal-

ysis. We present averages for the entire population of students applying to university for the �rst

time (all applications; left), as well as the subsample of these students who have a reach–safety

programs pair (used sample; right). This allows us to show how individuals in our reach–safety

sample differ from the population in general, and to present the average of program-level at-

tributes as calculated in the population of �rst-time applicants.

4.1 Demographics

First, we obtain demographic characteristics of individuals up to 2016 through the Danish Civil

Registration System. From these data, we obtain a unique identi�cation number for each individ-

uals allowing us to match their records from different other registries. Panel I. of Table 1 shows

that students in both samples are about 21 years old when initially applying and close to 40% of

them are male. Individuals in our main sample are somewhat positively selected based on the

wealth and education characteristics of their parents.

4.2 Educational Data

Second, we use admission data on the universe of prospective students to university programs

from the Ministry of Education. The data include for each individual their high school score, their

programs applications rankings, the program in which they were admitted (if any), whether their

application was submitted under Quota 1 or 2, and whether or not they opted to be on a standby

list. The data also include the of�cial cutoff information of each program. Panel II. of Table 1 shows

that students in our main sample have higher scores (8.8 vs 8.2) and rank one more program than

those in the population. The rank of their reach program is typically �rst, while that of their safety

is typically second. We also show that students are on average 0.1 below the admission cutoff for

1993 to 2006 for two reasons: 1) because the admission data starts in 1993, and 2) because we want to keep at least 10
years of observations to estimate the earnings process and the earnings data stops in 2016.
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their reach and that 60% of them rank reach and safety programs in the same �elds, and 30% at

the same institution.

4.3 Earnings Data

We obtain earnings information through the Danish Tax Authority from 1993 to 2016. These data

are directly reported by employers to the �scal authority. We bottom code earnings at 100,000

DKK and top code them at the 99% level in the population of �rst-time university applicants. 10

From these data, we estimate the attributes of the earning process of individuals and programs, as

described in Section 3.1. We estimate this model in the population data by pooling all individuals

between the age of 25 and 55 years old between years 1993 and 2016.

Panel III. of Table 1 presents the earnings characteristics of these prospective students. Stu-

dents in our main sample take about one more year to complete their program and �nd a job

than students in the general population, although both students start with similar initial earnings.

The attributes of the earnings process are averaged 8 to 12 years after enrollment. They are simi-

lar across both groups although unexplained earnings growth and earnings risk are larger in our

main sample, while the correlation between earnings and stock market returns is smaller.

4.4 Financial Wealth Data

Finally, we obtain �nancial wealth data through the Danish Tax Authority from 1993 to 2016.

These include the amount of savings in bank deposits and the amount invested in stocks and

bonds, all of which are directly reported to the �scal authority by the �nancial institutions. We

call investments in “stocks” any investments in the stock market, which could include exchange

traded funds or mutual funds on different asset classes. We winsorize �nancial data at the 1% and

99% levels in the population of �rst-time university applicants. From these data, we create a mea-

sure of stock market participation as a dummy variable indicating whether the individual holds

stocks in any of the years studied, as well as the ratio of total stocks held to total �nancial wealth

as a measure of the riskiness of the investment portfolio. Panel IV. of Table 1 shows the �nancial

wealth of both samples. In both cases, 28% of individuals hold stocks and 8% hold bonds. The

10The January 2019 exchange rate for USD to DKK was 6.5.
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reach-safety sample is somewhat positively selected, with individuals holding on average 42,000

DKK in stocks (vs 37,000 DKK for the general population), and 38,000 DKK in bonds (vs 35,000

DKK), conditional on holding these �nancial instruments. Virtually every individual holds bank

deposits with an average value of 73,000 DKK in our main sample (vs 67,000 DKK). Finally, the

unconditional ratio of stocks to total �nancial wealth (i.e. stocks + bonds + bank deposits) is 7%,

for both samples, re�ecting the low participation of individuals to the stock market. Conditional

on participation, this ratio increases to 25%.

4.5 Program-Level Descriptive Statistics

Table 2 shows average values for the earnings process attributes and �nancial wealth at the in-

dividual and cohort-level for the population, and at the reach-, safety- and gap-levels for the

reach-safety sample. This shows the source of variation used in our analysis to identify our main

results. When relevant, the program-level standard deviation of each variable is presented in

parentheses, while the standard deviation across programs is presented in brackets. We present

descriptive statistics for the main variables used in our analysis conditional on �elds of study in

Appendix Table A2. Although our analysis is based on discontinuities in the admission process

at the program level, this table helps understand the variation in the data. The table shows that

there is variation in all dimensions of the earnings process across �elds. For example, humani-

ties and science majors take the longest to complete their studies, law and engineering have the

highest initial earnings, humanities have the highest total volatility, and business and law have

the highest permanent volatility. In terms of �nancial wealth, business programs have the highest

rate of stock ownership, and the highest value of stocks held, whereas education has the lowest

analogous values. This provides evidence that there is substantial variation in stock market par-

ticipation across �elds, which we exploit in the main analysis. The table also shows the average

number of students per program-year, and the number of programs per �eld and the distribution

of reaches and safeties per �elds. Appendix Table A3 presents the variance-covariance matrices

for the different attributes of the earnings process. We show these values on average, within �elds,

within institutions and within �elds and institutions.
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5 Results

5.1 Effect of Program Earnings Process on Individual Earnings Process

The �rst step in our analysis consists in showing how the program-level earnings process affects

an individual's earnings process. Table 3 presents the main results. Panel A. shows the esti-

mation from instrumental variable using the identi�cation strategy exposed in Section 3.5. For

each attribute of the earnings process, we estimate equation (6) by two-stage least-squares using

equation (7) as �rst stage. We instrument each components of the earnings process using the anal-

ogous instruments presented in equation (8). The �rst-stage results are presented in Appendix

Table A4 and show that the reach-safety design strongly predicts enrollment-program outcomes,

as re�ected graphically in Figure 2. The �rst-stage regressions' F-test are large enough to rule out

any concern about weak instruments. Panel B. shows the analogous results estimated with OLS

regressions. In both panels, the dependent variables are individual-level outcomes of the earnings

process (e.g. unexplained earnings growth and volatilities) and the main explanatory variables

are the various attributes of the earnings process, measured at the program level. In interpreting

the results in Table 3, it is useful to compare the estimates for the IV and OLS equations. The OLS

equations, by construction, include causal effects of the earnings process but also self-selection

and program effects, whereas the IV results are identi�ed from the exogenous variation in pro-

gram admission and therefore isolate the causal effect of program-level attributes on individual

outcomes.

The earnings results presented in Table 3 show how individual-level earnings process at-

tributes depend on program-level earnings process attributes. Unexplained earnings, even con-

trolling for growth, are caused by program-level attributes, whereas earnings growth are mostly

driven by self-selection. This can be seen by comparing the IV and OLS estimates; for unexplained

earnings, both estimates are statistically equal, whereas for earnings growth, the OLS estimate of

0.80 is highly signi�cant, while the IV estimate is not. Although the OLS results for unexplained

earnings growth suggest a strong effect of the program studied, the IV counterpart is insigni�cant,

suggesting that most of the OLS effect is driven by self-selection of students in the program.

In terms of earnings volatility, Panel A. shows that total volatility is partly due to program of

study (an estimated coef�cient of 0.54 compared to 0.88 for its OLS counterpart). We also �nd

17



that transitory volatility is entirely driven by self-selection once we jointly instrument earnings,

earnings growth and total volatility, even though the OLS coef�cient is strong and highly signif-

icant. However, permanent volatility is highly signi�cant with a coef�cient close to 1, even after

controlling for these attributes both in the IV and OLS estimations. This suggests that permanent

earnings volatility of the program of study is causal, and carried on to students about one-for-one.

Finally, the correlation between earnings growth and stock market returns, although signi�cant in

the OLS estimation, remains small and insigni�cant in the IV estimation. 11

5.2 Effect of Earnings Process on Individual Financial Holdings

Program-Level Earnings Process Effects

Having presented evidence that programs of study cause permanent earnings volatility lit-

erally one-for-one, we turn to the effect of the individual's earning process their own �nancial

holdings. Because individual-level earnings processes are noisy and less precisely estimated than

their program-level analogs, we start by providing evidence of the effect of program-level earn-

ings processes on �nancial earnings. Table 4 presents the effect of program-level earnings risk on

individual-level stock market participation and the share of risky assets in the portfolio. Panel

A. shows the instrumental variable estimation using the identi�cation strategy exposed in Section

3.5. For stock market participation, we estimate equation (5) by two-stage probit least-squares

using equation (7) as �rst stage and report the marginal effect on the probability of holding stocks.

For the share of risky assets, we estimate the model by two-stage tobit least squares and report

the marginal effects on the share of risky assets, conditional on stock market participation. We in-

strument each components of the earnings process using the analogous instruments presented in

equation (8). The �rst-stage results are identical to those of Table 3 presented in Table A4 because

we use the same instruments and covariates as previously. Panel B. shows the analogous results

estimated by probit and tobit models but without using the admission discontinuity instruments.

In both panels, the dependent variables are individual-level outcomes (i.e. stock market partici-

pation and the share of risky assets in the portfolio) and the main explanatory variables are the

various attributes of the earnings process, measured at the program level.

11For completeness, Appendix Table A5 presents the univariate results of this estimation for the main variables used
in our analysis. However, one should be careful in interpreting these results since the estimation does not control for
the basic features of the earnings process such as level and slope.
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For both stock market participation and the share of risky assets, we see that total volatility,

although negative as expected, is too noisy to be statistically signi�cant (columns 1 and 3). Once

we segment volatility into its transitory and permanent components, we can see that the perma-

nent volatility of earnings strongly in�uences stock ownership and the ratio of risky assets to total

�nancial wealth (columns 2 and 4). The marginal effect of permanent earnings volatility is highly

signi�cant for both stock market participation and the share of risky assets held, with values of

-6.50 and -2.03, respectively. We quantify these effects in Section 5.3, below. Importantly, the non-

instrumented analogous results of these equations do not detect any relationship between the

volatility of program-level earnings and individual investment behavior. This shows that there is

likely to be an important attenuation bias in the non-instrumented estimation of these effects, as

suggested by Fagereng et al. (2018).

Individual-Level Earnings Process Effects

Because our main interest lies in the effect of individual earnings processes on individuals'

�nancial holdings, for completeness, we repeat the estimation procedure presented in Table 4 but

instead instrument individual-level earnings process attributes using the same instruments that

interact the probability of entering the reach and safety programs with their program-level average

outcomes. These results are presented in Table 5. The results are qualitatively the same as the

results using program-level attributes, although the estimates are less precise. For stock market

participation, permanent earnings volatility is still signi�cant at the 1% level, with a marginal

effect of -3.37. Its effect on the share of risky asset is insigni�cant, but its marginal effect is -3.32,

an effect similar to its estimated value in Table 4 using program-level earnings risk. This lower

statistical signi�cance is to be expected when measuring individual-level earnings processes with

limited income data. 12 Nonetheless, the evidence shows that our main results hold both at the

program- and individual-level estimations.

12The �rst-stage results are presented in Table A6 and also show that the reach and safety program-level instruments
are weaker in this context that they are for program-level earnings process attributes, as shown in Table A4.
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5.3 Quantifying the Effect of Earnings Risk on Individual Financial Holdings

In this section, we quantify the causal effects of earnings attributes on �nancial holdings. The

results presented in Table 4 show that permanent earnings risk has a large effect on stock mar-

ket participation and the share of risky assets held. The marginal effect of permanent earnings

risk on stock market participation is � 6.50 which implies that a one percentage point increase

in permanent earnings risk (roughly one standard deviation of the enrollment cohort average,

as documented in Table 2) reduces stock market participation by 23% (6.5 percentage points de-

crease on a baseline of 28 percent). The marginal effect of permanent earnings risk on the share

of risky assets held, conditional on participation, is � 2.03 which implies that a one percentage

point increase reduces the risky asset share by 8% (2.3 percentage points decrease on a baseline of

25 percent). Angerer and Lam (2009) also quantify the effect of permanent earnings risk on risky

asset share in a comparable setting to ours, but without instrumenting for earnings risk. In their

setting, the effects are considerably smaller; they show that a one percentage point increase in

permanent income risk leads to a 1.084% decrease in risky asset share. This is consistent with our

�ndings that there is important selection effects when analyzing the association between �nancial

holdings and earnings risk.

To further illustrate the implications of our �ndings, we show how our results can be used to

explain the gap in stock market participation between business and education majors. In terms

of �eld-speci�c averages, Table A2 shows that, compared to education, business has higher un-

explained log earnings (0.091 vs -0.025), higher permanent volatility (0.018 vs 0.006) and a higher

stock market participation rate (0.40 vs 0.21). We make use of the marginal effects of unexplained

earnings and permanent earnings volatility to decompose the participation gap between business

and education majors into the causal effects of earnings and earnings risk, and residual selec-

tion. First, given that permanent earnings volatility is 0.018 � 0.006 = 0.012 higher in business

than education, it would lead to a 7.8 percentage point lower rate of stock market participation

(i.e. (0.018� 0.006) � � 6.50) in business than education attributable to permanent earnings risk,

ceteris paribus. Second, given that unexplained earnings are 0.091� (� 0.025) = 0.116 higher

in business, it would lead to a 6 percentage point higher rate of stock market participation (i.e.

0.116� 0.52 = 0.06) in business than education attributable to unexplained earnings, ceteris
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paribus. Therefore, based only on the effects of earnings and their volatility, the stock market

participation rate should be 0.078 � 0.06 = 0.018 lower in business. However, Table A2 shows

that stock market participation is 0.40 � 0.21 = 0.19 higher in business than education. Out of

this gap, � 0.078 comes from differences in permanent earnings volatility, 0.06 comes from unex-

plained earnings. The unexplained gap between both major is therefore 0.208 and is due to a mix

of self-selection and the effect of program of study. This illustrates the fact that using the asso-

ciation between earnings risk and stock market participation will miss large offsetting effects of

program of study. This is con�rmed by Panel B. of Table 4 which shows no association between

permanent earnings risk and �nancial holdings.

Another way of scaling our results is in terms of the share of the variation in portfolio holdings

that can be explained by education-induced permanent earnings volatility. First, note that Table 2

shows that the cross-sectional standard deviations of individuals' and programs' stock shares are

0.17 and 0.033, respectively. This implies that(0.033/0.17)2 ' 3.8% of the variation in individuals'

stock shares can be explained by their program of study. Table 2 shows that the cross-sectional

standard deviation of programs' permanent volatility is 0.008, and Table 4 show that the coef�cient

on the causal impact of permanent vol on stock share is -2.03. Therefore, 1% of the variation in

individuals' stock shares (i.e. (2.032 � 0.0082)/0.17 2) — and 24% of the variation in programs'

stock shares (i.e. (2.032 � 0.0082)/0.0332 ' ) — can be explained by the causal effect of programs

of study permanent earnings risk on stock shares, respectively.

5.4 Robustness and Alternative Speci�cations

5.4.1 Alternative Bandwidths

We show robustness of our estimates for stock market participation and risky asset share pre-

sented in Table 4 to different bandwidths around admission cutoffs in Figure 3. The results show

that our estimates remains similar as we narrow the bandwidth of our estimation sample around

the admission cutoff of the reach.
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5.4.2 Alternative Speci�cations

We show robustness to using different speci�cations in Tables A7 and A8, which relate to our base-

line �ndings in Tables 4 and 5, respectively. When using more than one attribute of the earnings

process in these estimations, we instrument each attributes using their analogous set of equations

(8). We reproduce our main speci�cations in column (4) of each table (bolded), and we show that

our main results are largely similar when varying the set of earnings process attributes that are

jointly instrumented in the estimation procedure. In column (5) of each tables, we add program-

level stock market participation (instrumented using its reach and safety program-level analogs)

as well as the set of control variables included in all non-instrumented regressions (i.e., parents'

wealth, income, and education, as well as students' high school score, age, and gender). These

additional controls do not quantitatively change our main results.

5.4.3 Alternative Earnings Process Assumptions

We show robustness to our choice of using unexplained earnings, averaged 8 to 12 years after

enrollment in our main analysis in Table A9. We show the results using raw earnings, and to av-

eraging the attributes of the earnings process both 8 to 12 years and 8 to 15 years after enrollment.

Panels A. to D., and Panels E. to H. show robustness to these alternative assumptions as they relate

to our �ndings in Tables 4 and 5, respectively.

6 Conclusion

In this paper we study the effect of earnings volatility on �nancial holdings. Because career and

investment choices are jointly determined, we use an iden�cation strategy to isolate exogenous

variation in earnings risk. We exploit an institutional feature of the Danish National University

system which allows us to study a sample of students who are quasi-randomly assigned to dif-

ferent programs of study that vary in the subsequent earnings pro�les of their enrollees. We use

this source of variation in income pro�les to study they effect of program of study in generating

income risk for their students, and in turn the adjustments made by these individuals in their

�nancial holdings. We �rst show that certain attributes of individuals' earnings processes are in-

herited by the program they study. As previous studies have shown (e.g. Kirkeboen et al., 2016),
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we con�rm that a signi�cant portion of average earnings are caused by programs of study. We go

further than average earnings and show that permanent earnings volatility passes through from

programs of study to individuals literally one-for-one, with little room for self-selection on this

feature of the earnings process. This result has implications for the way we think about the wel-

fare cost of earnings risk on individuals as it shows evidence that risk tolerant individuals are not

necessarily the ones sorting into riskier careers (Jensen and Shore, 2015).

We then study how individuals adjust to this exogenous change in earnings volatility. We

�nd that the risk is large enough for individuals to adjust their �nancial holdings in response

to their earnings risk. This con�rms the theory that an increase in idiosyncratic, uninsurable la-

bor income risk should lead individuals to reduce the risk in their �nancial portfolios (Kimball,

1993). Although no association is found between permanent earnings risk and �nancial holdings

in the data, using our admission discontinuity instruments unveils a large and signi�cant effect

of earnings risk. An increase in permanent volatility caused by enrolling into business instead

of education would decrease stock market participation by 28% and conditional on participation,

decrease the share of risky assets held by 9%. However, offsetting effects of unexplained earnings,

self-selection and program of study obscure this relationship and instead create a 0.19 larger stock

holding share in business than education.

Our results show that earnings risk can fail to explain the stock market participation puzzle

(Vissing-Jørgensen, 2002) when offsetting selection effects obscures its contribution. Furthermore,

although income risk has been documented to affect asset prices (Addoum et al., 2019), at the

micro-level, hedging demand for stock market assets could depend on factors beyond earnings

risks, such as selection effects of programs of study and risk preferences. Our results echo those

of Betermier et al. (2012) whose use workers switching industries to estimate the effect of earn-

ings risk on �nancial holdings. We also con�rm an attenuation bias when studying the associa-

tion between earnings risk and �nancial holdings, as documented by Fagereng et al. (2018) when

studying the effect of employer �nancial shocks on portfolio holdings.
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Figures

Figure 1: Outcome of Applications

(a) Quota 1 Applications

(b) Quota 2 Applications

Note: This �gure shows the various possible outcomes of an application to a program of study. In each panel, we
show the proportion of the sample of students admitted to their reach, safety, other, or no programs by applica-
tion score bins. We use the sample of 10,567 students who have a reach–safety programs pair in application years
1994 to 2006. We pool all programs and years and present the distance between the application score and the ad-
mission cutoff for the reach program on the x-axis. Panel (a) shows the subsample of applications made through
the Quota 1 system of admission (6,339 observations) and Panel (b) shows Quota 2 applications (4,228 observations).
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Figure 2: First-stage Results

(a) Unexplained Earnings Growth (b) Total Volatility

(c) Transitory Volatility (d) Permanent Volatility

Note: This �gure provides a graphical illustration of the �rst-stage earnings and earnings gap results. We use the sam-
ple of 6,339 students who applied through the Quota 1 system of admission and have a reach–safety programs pair in
application years 1994 to 2006. We pool all programs and years and present the distance between the application score
and the admission cutoff for the reach program on the x-axis. The results show the coef�cients estimated separately for
the reach and safety programs using 10 dummy bins centered around the admission cutoff. Each student has exactly
one dummy bin variable equal to 1, with the rest equal to zero. In each panel, the dependent variable is a attribute of
the earnings process of enrollees in the program of admission, and we plot the coef�cients of earnings in the reach and
safety programs interacted with distance from cutoff dummies. Earnings are assumed to follow the process described in
equation (2). The de�nitions of the different attributes of the earnings process follow from this equation and are aver-
aged over the period 8 to 12 years after enrollment. Point estimates are given along with the 95% con�dence interval.
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Figure 3: Alternative Bandwidths

(a) Stock Market Participation

(b) Risky asset share

Note: This �gure presents the robustness of our main results to the selection of different bandwidths, using the sample of
10,567 students who have a reach–safety programs pair in application years 1994 to 2006. For stock market participation,
we estimate equation (5) by two-stage probit least-squares using equation (7) as �rst stage and report the marginal effect
on the probability of holding stocks. For the share of risky assets, we estimate the model by two-stage tobit least squares
and report the marginal effects on the share of risky assets, conditional on stock market participation. Point estimates and
95% con�dence intervals are shown, along with the number of observations included in the different bandwidth ranges.
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Tables
Table 1: Descriptive Statistics

All applications (321,091 obs.) Used sample (10,567 obs.)

Mean Std. dev Mean Std. dev
I. Demographics

Age 21.5 3.9 21.1 3.0
Male share 37.2 - 38.8 -
Parental income (000's DKK) 297.4 157.3 329.3 173.3
Parental wealth (000's DKK) 353.6 751.7 442.1 860.1
Parental education (years) 12.7 3.2 13.4 3.2

II. Education
Score 8.2 1.0 8.8 0.7
Nbr priorities ranked 2.2 1.4 3.1 1.4
Share got in reach - - 0.6 0.5
Rank of reach - - 1.2 0.6
Rank of safety - - 2.3 0.7
Rank of enrollment prog. - - 1.6 0.9
Distance from cutoff - - -0.1 0.3
Share same �eld - - 0.3 0.5
Share same institution - - 0.6 0.5

III. Earnings
Years until initial earnings 6.5 3.2 7.7 3.1
Initial earnings (000's DKK) 249.3 44.5 256.1 47.0
Unexp. earnings: u 0.001 0.232 0.001 0.239
Unexp. earnings growth: Du 0.007 0.078 0.016 0.085
Total vol.: s2 0.073 0.095 0.080 0.100
Trans. vol.: s2

t 0.029 0.059 0.032 0.063
Perm. vol.: s2

p 0.012 0.063 0.015 0.069
Stock corr.: r Du,m 0.062 0.256 0.008 0.279

IV. Financial wealth
Share own stocks 0.28 - 0.28 -

Stocks (000's DKK) | owns stocks 37.23 65.10 42.42 70.93
Share own bonds 0.08 - 0.08 -

Bonds (000's DKK) | owns bonds 35.48 36.32 37.93 37.74
Share own bank deposits 1.00 - 1.00 -

Bank dep. (000's DKK) | owns b. d. 65.69 88.71 72.80 93.84
Stocks/Fin. wealth: RS 0.07 0.17 0.07 0.17

Stocks/Fin wealth | owns stocks 0.25 0.24 0.25 0.24

Note: This table presents descriptive statistics for the population of students applying to university for the �rst time in applica-
tion years 1994 to 2006 (all applications; left), as well as the sample of 10,567 students who have a reach–safety programs pair in
these application years (used sample; right). Panel I presents the demographics, measured at the time of application. Parental
income, wealth, and education represent the average values of both parents (or the values for a single parent). Panel II presents
information typically found in a student's application. The student's score summarizes their high school grades. The number of
priorities ranked refers to the number of programs to which the student applied. For the sample of students with a reach–safety
pair, we present the average rankings of the reach, safety, and enrollment programs, as well as the distance from the admission
cutoff of the reach program, and the share of students for which both the reach and safety programs are in the same �eld or insti-
tution. Panel III presents information on earnings, which are assumed to follow the process described in equation (2). The de�-
nitions of the different attributes of the earnings process follow from this equation and are averaged over the period 8 to 12 years
after enrollment. Panel IV presents information on �nancial wealth, averaged over the period 8 to 12 years after enrollment.
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Table 2: Cohort Averages

All applications (321,091 obs.) Used sample (10,567 obs.)

Own Enroll. cohort Own Enroll. cohort Reach Safety Gap

A. Earnings process
Years until init. earn. 6.53 6.52 7.68 7.16 7.30 6.97 0.33

(3.20) [2.97]; (1.23) (3.09) [3.04]; (1.20) [3.01]; (1.13) [3.06]; (1.29) (1.11)
Init. earn. (000's DKK) 249.28 250.28 256.06 257.63 260.90 253.74 7.17

(44.54) [41.12]; (18.01) (46.63) [45.77]; (17.49) [47.58]; (19.18) [43.88]; (14.87) (17.93)
Unexp. earn.: u 0.001 -0.002 0.019 0.010 0.017 -0.003 0.020

(0.232) [0.212]; (0.092) (0.238) [0.223]; (0.098) [0.226]; (0.103) [0.220]; (0.091) (0.093)
Unexp. earn. grow.: Du 0.007 0.007 0.022 0.013 0.016 0.009 0.006

(0.078) [0.083]; (0.015) (0.083) [0.090]; (0.017) [0.093]; (0.018) [0.088]; (0.015) (0.017)
Total vol.: s2 0.073 0.072 0.083 0.080 0.083 0.076 0.007

(0.095) [0.095]; (0.018) (0.099) [0.103]; (0.017) [0.105]; (0.018) [0.100]; (0.016) (0.018)
Trans. vol.: s2

t 0.029 0.029 0.033 0.031 0.033 0.030 0.003
(0.059) [0.058]; (0.008) (0.063) [0.064]; (0.008) [0.066]; (0.009) [0.062]; (0.008) (0.009)

Perm. vol.: s2
p 0.012 0.012 0.016 0.015 0.016 0.014 0.003

(0.063) [0.059]; (0.008) (0.069) [0.066]; (0.009) [0.068]; (0.009) [0.062]; (0.008) (0.009)
Stock corr.: r Du,m 0.062 0.041 0.007 0.043 0.039 0.048 -0.009

(0.256) [N.A.]; (0.249) (0.277) [N.A.]; (0.240) [N.A.]; (0.234) [N.A.]; (0.244) (0.296)
B. Financial wealth

Stocks (000's DKK) 10.49 10.84 12.06 12.03 12.40 11.57 0.83
(38.40) [36.70]; (6.60) (42.39) [40.06]; (6.69) [41.39]; (6.33) [38.47]; (7.05) (6.40)

Bonds (000's DKK) 2.65 2.81 3.04 3.08 3.16 2.96 0.20
(13.63) [12.84]; (1.68) (14.84) [13.84]; (1.58) [14.23]; (1.49) [13.31]; (1.72) (1.47)

Bank dep. (000's DKK) 65.64 65.94 72.74 71.80 75.01 68.19 6.83
(88.69) [87.97]; (16.83) (93.82) [93.85]; (16.44) [96.36]; (16.30) [91.03]; (16.22) (15.55)

Share own stocks 0.282 0.279 0.284 0.280 0.280 0.279 0.0005
(N.A.) [0.437]; (N.A.) (N.A.) [0.439]; (N.A.) [0.441]; (N.A.) [0.437]; (N.A.) (0.082)

Stocks/Fin. wealth 0.071 0.072 0.072 0.073 0.073 0.074 -0.0009
(0.169) [0.164]; (0.033) (0.171) [0.168]; (0.031) [0.169]; (0.027) [0.167]; (0.034) (0.030)

Note: This table presents descriptive statistics for the population of students applying to university for the �rst time in appli-
cation years 1994 to 2006 (all applications; left), as well as the sample of students who have a reach–safety programs pair in
these application years (used sample; right). Earnings are assumed to follow the process described in equation (2). The def-
initions of the different attributes of the earnings process follow from this equation and are averaged over the period 8 to
12 years after enrollment. Financial wealth is averaged over the period 8 to 12 years after enrollment. For the population
data, we present the averages over the individual's own outcomes as well as the average of their enrollment cohort, while for
the reach-safety sample we present the averages over the individual's own outcomes as well as the average of their enroll-
ment cohort, their reach and safety programs, and the average gap between the two programs. We present the standard de-
viation of each variable in parenthesis, and, when relevant, we present the between-program standard deviation in brackets.
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Table 3: Effects of Program-Level Earnings Processes on Individuals' Earnings Process

Individual-level outcomes

Earnings Earnings volatility

Unexp. Unexp. earn. Total Trans. Perm. Stock
earnings: u growth: Du vol.: s2 vol.: s2

t vol.: s2
z corr.: r Du,m

A. IV estimation

P
ro

gr
am

-le
ve

le
xp

l.
va

ria
bl

es

Unexp. earnings: u 0.53*** -0.017 -0.043 -0.014 -0.070** 0.11
(5.31) (0.44) (0.95) (0.46) (2.12) (0.80)

Unexp. earn. growth: Du -0.11 0.3 -0.13 -0.016 0.42** -0.41
(0.18) (1.32) (0.49) (0.093) (2.09) (0.53)

Total vol.: s2 0.54** 0.27 -0.007 0.0003
(2.46) (0.92) (0.045) (0.001)

Trans. vol.: s2
t 0.11

(0.20)
Perm. vol.: s2

z 0.91**
(2.37)

Stock corr.: r Du,m 0.088**
(2.36)

B. Non-IV estimation

P
ro

gr
am

-le
ve

le
xp

l.
va

ria
bl

es

Unexp. earnings: u 0.78*** 0.011 0.0058 0.015 0.0062 0.025
(27.30) (0.93) (0.43) (1.58) (0.64) (0.60)

Unexp. earn. growth: Du 0.021 0.80*** -0.047 -0.098* -0.066 0.33
(0.12) (11.80) (0.56) (1.85) (0.99) (1.37)

Total vol.: s2 0.88*** 0.091 -0.025 -0.056
(14.20) (0.94) (0.53) (0.31)

Trans. vol.: s2
t 0.91***

(4.76)
Perm. vol.: s2

z 0.95***
(7.44)

Stock corr.: r Du,m 0.014
(1.05)

Note: This table presents the results of estimating equation (6) by IVs (Panel A) and by OLS (Panel B). Each column presents
the result from either a second stage of an IV regression or from an OLS regression. The outcome variable for each regres-
sion is the student's own estimate of the variable studied, while the explanatory variables are program-level average out-
comes. In Panel A., each program-level explanatory variable is instrumented using the reach and safety program-level in-
struments in equation (8). In both panels, we use the sample of 10,567 students who have a reach–safety programs pair
in application years 1994 to 2006 and present the results for a bandwidth of +/– 0.5 around the admission cutoff for the
reach program. Earnings are assumed to follow the process described in equation (2). The de�nitions of the different at-
tributes of the earnings process follow from this equation and are averaged over the period 8 to 12 years after enrollment.
The IV estimation controls for distance from cutoff �xed effects (bin FE), the reach and safety averages from the program-
level variables being instruments, calendar year FE, and the probability of being accepted given last year's admission cutoff.
The OLS results control for parents' wealth, income, and education, students' grade, age, and gender, and calendar year FE.

31



Table 4: Effects of Program-level Earnings Processes on Individual Financial Holding

Individual-level outcomes

Owns stocks Stocks/Fin. wealth

(1) (2) (3) (4)

A. IV estimation

P
ro

gr
am

-le
ve

le
xp

l.
va

r.

Unexp. earnings: u 0.41** 0.52** 0.11* 0.14**
(2.01) (2.46) (1.76) (2.18)

Unexp. earn. growth: Du -1.58 -0.036 -0.35 0.14
(1.30) (0.027) (0.94) (0.36)

Total vol.: s2 -1.17 -0.41
(1.19) (1.36)

Trans. vol.: s2
t 0.16 -0.041

(0.09) (0.076)
Perm. vol.: s2

z -6.50*** -2.03***
(2.72) (2.78)

B. Non-IV estimation

P
ro

gr
am

-le
ve

le
xp

l.
va

r.

Unexp. earnings: u 0.36*** 0.35*** 0.11*** 0.10***
(6.38) (5.73) (6.38) (5.90)

Unexp. earn. growth: Du 0.42 0.31 0.039 0.025
(1.17) (0.74) (0.39) (0.21)

Total vol.: s2 -0.16 0.035
(0.61) (0.47)

Trans. vol.: s2
t -0.41 -0.042

(0.78) (0.28)
Perm. vol.: s2

z 0.41 0.12
(0.55) (0.56)

Note: This table presents the results of estimating equation (5) by IVs (Panel A) and directly, without any instruments (Panel
B). Each column presents the result from either a second stage of an IV regression or from a non-instrumented regression.The
outcome variable for each regression is the student's own estimate of the variable studied, while the explanatory variables
are program-level average outcomes. Stock market participation is estimated with a probit model, from which we report the
marginal effects of participation, while the share of risky assets in the portfolio is estimated with a tobit model, from which
we report marginal effects for the share of risky assets, conditional on participation. In Panel A., each program-level explana-
tory variable is instrumented using the reach and safety program-level instruments in equation (8). In both panels, we use the
sample of 10,567 students who have a reach–safety programs pair in application years 1994 to 2006 and present the results for
a bandwidth of +/– 0.5 around the admission cutoff for the reach program. Earnings are assumed to follow the process de-
scribed in equation (2). The de�nitions of the different attributes of the earnings process follow from this equation and are
averaged over the period 8 to 12 years after enrollment. Financial wealth is averaged over the period 8 to 12 years after enroll-
ment. The IV estimation controls for distance from cutoff �xed effects (bin FE), the reach and safety averages from the program-
level variables being instruments, calendar year FE, and the probability of being accepted given last year's admission cutoff.
The OLS results control for parents' wealth, income, and education, students' grade, age, and gender, and calendar year FE.
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Table 5: Effects of Individual's Earnings Processes on Individual Financial Holding

Individual-level outcomes

Owns stocks Stocks/Fin. wealth

(1) (2) (3) (4)

A. IV estimation

In
di

vi
du

al
-le

ve
le

xp
l.

va
r.

Unexp. earnings: u 0.18 0.19 0.082 0.12
(0.51) (0.75) (0.32) (0.47)

Unexp. earn. growth: Du 0.70 1.97* 1.89 2.34
(0.27) (1.88) (0.80) (1.13)

Total vol.: s2 -2.10* -1.62
(1.67) (0.91)

Trans. vol.: s2
t 0.83 0.96

(0.52) (0.59)
Perm. vol.: s2

z -3.37*** -3.23
(4.03) (1.57)

B. Non-IV estimation

In
di

vi
du

al
-le

ve
le

xp
l.

va
r.

Unexp. earnings: u 0.21*** 0.20*** 0.053*** 0.049***
(10.00) (9.26) -9.02 -8.32

Unexp. earn. growth: Du 0.018 0.026 -0.004 -0.002
(0.35) (0.47) (0.24) (0.12)

Total vol.: s2 0.058 0.019
(1.31) (1.49)

Trans. vol.: s2
t -0.018 -0.0042

(0.25) (0.21)
Perm. vol.: s2

z 0.085 0.02
(1.35) (1.15)

Note: This table presents the results of estimating equation (5) by IVs (Panel A) and directly, without any instruments (Panel B).
Each column presents the result from either a second stage of an IV regression or from a non-instrumented regression. The
outcome variable for each regression is the student's own estimate of the variable studied, while the explanatory variables are
individual-level average outcomes. Stock market participation is estimated with a probit model, from which we report the
marginal effects of participation, while the share of risky assets in the portfolio is estimated with a tobit model, from which we
report marginal effects for the share of risky assets, conditional on participation. In Panel A., each individual-level explana-
tory variable is instrumented using the reach and safety program-level instruments in equation (8). In both panels, we use the
sample of 10,567 students who have a reach–safety programs pair in application years 1994 to 2006 and present the results for
a bandwidth of +/– 0.5 around the admission cutoff for the reach program. Earnings are assumed to follow the process de-
scribed in equation (2). The de�nitions of the different attributes of the earnings process follow from this equation and are
averaged over the period 8 to 12 years after enrollment. Financial wealth is averaged over the period 8 to 12 years after enroll-
ment. The IV estimation controls for distance from cutoff �xed effects (bin FE), the reach and safety averages from the program-
level variables being instruments, calendar year FE, and the probability of being accepted given last year's admission cutoff.
The OLS results control for parents' wealth, income, and education, students' grade, age, and gender, and calendar year FE.
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A Density Manipulation Tests

In this section we investigate potential manipulation of the university admission system. Truthful
revelation of preferences through the rank ordering of desired programs is optimal in the Danish
admission system. However, if students are able to guess the admission cutoffs for the preferred
programs of study, they can game the system by applying to programs to which they know they
will be admitted. We investigate this possibility in three different ways by looking at year-to-year
variation in admission cutoffs, formal bunching tests, and average observable characteristics of
individuals around admission cutoffs. Each of these three investigations point to the impossibility
of manipulating admission in the university system.

First, Panel (a) of Figure A3 presents the variation in admission cutoffs from year to year. We
present the information for the 88% of students for which the admission cutoff changes between +1
and -1. Most programs have important variations from year-to-year. Panel (b) shows the changes
in year-to-year cutoffs that students face depending on the distance between their current score
and last year's admission cutoff. This shows that even conditional on being close to last year's
cutoff, there is still important variation. Even though admission cutoffs for programs are not
known at the time of application, students could try to guess the admission cutoffs they will be
facing using information from the preceding year. Although Figure A3 presents evidence that this
would be hard to do for students, to account for this possibility in the main analysis we control
for last year's admission cutoff in all regressions such that we are identi�ed from changesin the
admission cutoff in a given year.

Second, To test formally for manipulation around the admission cutoff, we employ density
tests developed by Cattaneo et al. (2019). Formally, we are interested in testing

H0 : lim
d" 0

f (d) = lim
d#0

f (d) (9)

against the alternative hypothesis of inequality. Following Cattaneo et al. (2019), a test statistic
can be constructed using a local polynomial density estimator based on the c.d.f. of the observed
sample, which takes the form:

Tp(h) =
f̂+ ,p(h) � f̂� ,p(h)

V̂p(h)
� N (0, 1) V̂2

p (h) =
n

f̂+ ,p(h) � f̂� ,p(h)
o

, (10)

where f̂+ ,p(h) and f̂� ,p(h) represent the local polynomial density estimators, V̂p(h) presents the
standard error estimator, h denotes the bandwidth used around the cutoff point, and p denotes
the choice of polynomial order. The standard errors for the test statistic can be computed conven-
tionally or by using a jackknife method. The model can further be restricted or not based on both
estimators f̂+ ,p(h) and f̂� ,p(h) being related or not. We use local linear regressions for varying
bandwidths around the cutoffs to test the robustness of the estimation to a more or less narrow
estimation around admission cutoffs. We present the results of performing these hypothesis test
using a variety of assumptions about the restrictions imposed on the model and the choice of
standard errors. Table A1 presents the p-values for the hypothesis test in equation (9) under these
different cases. Only 1 of these 12 cases (less than 10%), fails to reject manipulation of the as-
signment variable at the 5% signi�cance level. This provides evidence that the admission system
works and that individuals are quasi-randomly assigned to different university programs based
on their score.

Third, we plot the distribution of prospective students characteristics across the admission
cutoff for their reach program. This allows us to verify whether candidates are observationally
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different on either side of the cutoff. Figure A4 shows that high school score, the number of
programs ranked, parental wealth, future earnings, and the ranking of reach and safety �elds all
seem continuous around the admission discontinuity.
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