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Abstract

This paper studies optimal need-based financial aid when parental transfers—unobserved by
policymakers—vary across and within families of similar means. Using data on U.S. college
students, I document substantial inequality in parental transfers, especially among wealthier
families. I then analyze how this affects aid design aimed at reducing inefficiencies from
borrowing constraints and the aid itself. Greater inequality in parental transfers among wealthier
families weakens the progressivity of the aid, providing more relief to students with low transfers
despite their affluent background. Moreover, aid shifts toward two-year colleges, which students
with limited parental help are more likely to attend.

Bank topics: Fiscal policy,; Potential output; Productivity
JEL codes: D14, D61, D64, D82, 122, J24

Résumé

Cette étude porte sur le fonctionnement optimal de 1’aide financiére fondée sur les besoins
lorsque, sans que les politiques le reflétent, la répartition des transferts parentaux varie a
I’intérieur d’une méme famille ou entre des familles aux ressources similaires. A I’aide de
données sur la population étudiante postsecondaire aux Etats-Unis, je rends compte de la
disparité considérable des transferts parentaux, particulierement chez les familles mieux nanties.
J’analyse ensuite 1’effet de cette disparité sur la conception de 1’aide financiére visant a réduire
les inefficiences dues aux contraintes d’emprunt et sur I’aide financiére elle-méme. Une forte
disparité des transferts parentaux parmi les familles mieux nanties affaiblit la progressivité de
I’aide financiére, puisqu’elle favorise les personnes recevant moins de transferts méme si elles
sont issues de milieux aisés. De plus, 1’aide financiere se déplace vers les établissements offrant
des programmes de deux ans, qui sont plus susceptibles d’accueillir une clientéle comptant sur
une aide financiere parentale limitée.

Sujets : Politique budgétaire; Production potentielle; Productivité
Codes JEL : D14, D61, D64, D82, 122, J24



1 Introduction

College education in the U.S. is expensive, and many students rely on financial support from
their parents to cover the costs.! However, the amount of parental contribution toward college
expenses varies widely across students.? While some of this variation reflects disparities in
families’ financial resources (such as parental income and assets), little is known about how
parental contributions differ among families with similar economic means.?3

The current need-based financial aid system in the U.S. adjusts awards based on families’
financial capacity, providing more aid to students from households with fewer resources, who
tend to receive lower parental transfers.* However, if parental support varies substantially even
among families with similar financial means, it becomes difficult to precisely target students
with limited parental assistance, since parental transfers are not observable or contractible and
therefore cannot be directly used in awarding aid. This paper documents considerable inequality
in parental transfers among students with comparable family resources and demonstrates that
accounting for this variation has important implications for the design of financial aid policy.

Using data from the 2011-2012 National Post-Secondary Student Aid Survey (NPSAS:12),
I first document that parental transfers are highly unequally distributed among American un-
dergraduate students considered to have similar family resources for financial aid purposes.
These disparities are especially pronounced among wealthier families. Parental transfers also
vary across college types conditional on family resources, with contributions generally lower
at two-year colleges (which are more affordable) than at four-year colleges.

Motivated by these disparities, I next analytically characterize how differences in the distri-
bution of parental transfers affect the optimal allocation of grant aid (or subsidy) across students
with different family resources when they face limited borrowing opportunities.> Using a two-
period model of binary college attendance choice with heterogeneity in parental transfers,
parental income, and preferences for schooling, I show that the optimal aid level for a given
parental income group is positively associated with the average marginal utility of consumption
among college attendees in that group. Due to diminishing marginal utility, higher parental

transfers in higher-income groups lead to lower average marginal utility, and therefore lower

For instance, during the 2023-2024 academic year, the average cost of college for American undergraduates was
$28,409, with 49% covered by parents, 27% by grants and scholarships, and 23% by students (Sallie Mae, 2024).

2According to the Health and Retirement Survey (HRS), the most common responses regarding the fraction of
tuition covered by parents were either 100% or 0% (Haider and McGarry, 2012).

3Ellwood and Kane (2000) and Johnson (2013) show a positive correlation between parental income and the amount
of financial support provided by parents.

4While the role of merit-based aid has grown over time (McPherson and Schapiro, 1998), the majority of non-
repayable aid remains need-based: in 2011-2012, only 35% of grant aid received by students at public four-year
colleges was non-need-based (College Board, 2016).

SBorrowing constraints may stem from frictions such as limited commitment (e.g., Kehoe and Levine, 1993). These
frictions are especially relevant for investment in human capital, which serves as poor collateral (Becker, 1975). While
the importance of borrowing constraints under current aid policy is debated (see Lochner and Monge-Naranjo (2012)
for a review), few would argue they are irrelevant in the absence of financial aid.



optimal aid, under certain distributional assumptions. However, greater inequality in transfers
within higher-income groups can offset this effect: when marginal utility is convex, greater
dispersion raises the group’s average marginal utility, thereby increasing optimal aid, all else
equal. These findings—that both the central tendency and dispersion of parental transfers in-
fluence the optimal aid schedule—mirror classic results from the literature on decision-making
under uncertainty (e.g., Rothschild and Stiglitz, 1970, 1971).

It is important to emphasize that these results are not driven by inequality aversion, which
arises from a utilitarian social welfare function with a strictly concave utility function.® Instead,
I assume that the social planner seeks to minimize inefficiencies in intertemporal consumption
allocation and schooling allocation caused by borrowing constraints and the aid policy itself.
These inefficiencies are evaluated in monetary terms, based on individuals’ willingness to pay to
eliminate them.” I show that, for a given level of aggregate financial aid spending, minimizing
these inefficiencies is equivalent to maximizing a utilitarian social welfare function, where
the cardinal scale of the utility function is set in monetary units. While this money-metric
utility equals lifetime consumption when borrowing constraints do not bind, it still exhibits
concavity and, when individuals are not too averse to shifting consumption over time, also
convexity of marginal utility. This is because, when borrowing constraints bind, an additional
dollar of consumption during college raises money-metric lifetime utility by more than a dollar,
as it improves consumption smoothing over time. Thus, redistributing financial aid toward
borrowing-constrained individuals with low parental transfers can be desirable even in the
absence of social preferences for equity, because it enhances allocative efficiency.

This framework is extended to allow for multiple college choices—such as the two- versus
four-year options considered in the quantitative model—to characterize how optimal aid should
vary not only across parental income but also across schooling levels. As in the binary choice
case, the optimal aid for a given income and schooling level is positively associated with the
average marginal utility of consumption among students in that group. The pattern of average
marginal utility across schooling levels, conditional on income, reflects two opposing forces.
On the one hand, for a given level of parental transfers, students attending more expensive
college options (which also yield higher returns) are more likely to be borrowing constrained
and thus have higher marginal utility during school. On the other hand, borrowing constraints
affect schooling choices: students who receive lower parental transfers are more likely to select
less expensive college options, resulting in a compositional shift toward more constrained
students with higher marginal utility at lower schooling levels. This compositional effect is

stronger among higher-income families, where parental transfers are more unequal, which in

6In contrast to tax/transfer policies, reducing inequality may not be a primary goal of financial aid, which can raise
earnings inequality by enabling high-ability students to attend college. For instance, Hanushek, Leung, and Yilmaz
(2003) find that education subsidies are less effective at achieving redistribution. Jacobs and Yang (2016) similarly
show that optimal education subsidies are lower in the presence of inequality aversion, due to their regressive nature.

7Bénabou (2002) develops a related measure of aggregate efficiency that abstracts from equity but does not capture
inefficiencies in intertemporal consumption smoothing.



turn weakens the progressivity of aid at lower schooling levels.

These theoretical insights are quantified using a dynastic multi-period lifecycle model with
two- and four-year college choice that also accounts for heterogeneity in monetary return to
schooling and endogeneous parental transfers. Parental transfers are determined by a family’s
financial capacity and parents’ preferences for giving, captured by the degree of parental
altruism, which vary across families.® After calibrating parameters related to the monetary
costs and returns to schooling, the preference parameters are estimated using data on parental
transfers during ages 18-26, education choices, cognitive ability, and other family background
variables from the National Longitudinal Survey of Youth 1997 (NLSY97). Importantly, the
estimation procedure allows for measurement error in parental transfers by using the value of
educational savings accounts intended for the youth’s education, measured prior to age 18,
as an additional, noisy measure of parental transfers. This additional measurement serves
as an instrumental variable, allowing for measurement error to be separately identified from
unobserved heterogeneity in parental altruism (Hu, 2008; Hu and Schennach, 2008).

The estimated model is used to compute optimal policies that assign different aid amounts
by parental income quartile and college type (two- vs. four-year), approximating the structure
of the current U.S. need-based financial aid system. The optimal policy simulations confirm
that the theoretical results derived under specific distributional assumptions hold more broadly.
The budget-neutral optimal policy yields an aid gap between the bottom and top parental
income quartiles at four-year colleges that closely resembles the one observed in the current
system. However, this gap would have been larger if parental altruism were homogeneous,
eliminating much of the observed dispersion in transfers—especially among higher-income
families. The optimal policy also redistributes aid from four-year to two-year colleges across
most income quartiles, resulting in a two-year college aid schedule that is flatter and more
generous than under current policy. In contrast, under the counterfactual of homogeneous
altruism, the optimal policy would have redistributed aid away from two-year colleges.

The optimal policy increases overall college attendance by approximately 2 percentage
points and improves efficiency in schooling allocation by about $1,000 per individual (in
2004 U.S. dollars). While it enhances consumption smoothing for students enrolled in two-
year colleges, aggregate efficiency in intertemporal consumption allocation remains roughly
unchanged, partly because expanded college access introduces consumption distortions for

some students who could have fully smoothed consumption had they not attended college.

Related Literature. While many studies quantitatively evaluate higher education policies
with parental transfers (e.g., Keane and Wolpin, 2001; Johnson, 2013; Abbott et al., 2019),

few examine their optimal design. Conversely, the optimal human capital policy literature

8Brown, Scholz, and Seshadri (2012) provide evidence of heterogeneity in parental altruism: in the HRS, 9% of
respondents would not give 5% of their income to a child earning only one-third of their own income, while 62% would
even if the child earned 75% of their income.



often abstracts from intergenerational linkages (e.g., Bohacek and Kapicka, 2008; Findeisen
and Sachs, 2016; Stantcheva, 2017) or considers only policies that do not vary with family
background (Krueger and Ludwig, 2016; Jacobs and Yang, 2016).

One exception is Colas, Findeisen, and Sachs (2021), who study how optimal financial
aid varies with parental income using an estimated model with endogenous parental transfer
decisions. Their work is most closely related to this paper but differs in three important respects.
First, they do not examine how the distribution of parental transfers, conditional on income,
affects the optimal aid schedule. Second, they focus exclusively on four-year colleges and
do not consider how optimal aid varies across college types. Third, in their framework, the
primary rationale for financial aid is to offset the distortions from income taxation on education
investment (Bovenberg and Jacobs, 2005). This paper complements their work by motivating
need-based financial aid as a response to inefficiencies from borrowing constraints, and by
examining how aid design is affected when those in need cannot be easily identified due to
heterogeneity in parental preferences. As discussed earlier, conditioning aid on both college
type and income is a key policy lever for effectively targeting students who are borrowing
constrained because of low parental support.

I also extend the analysis to incorporate inefficiencies in schooling allocation arising from
social returns that are not internalized by individuals—specifically, the impact of education on
future tax revenues. Consistent with Colas, Findeisen, and Sachs (2021), the optimal aid sched-
ule for four-year colleges becomes more progressive than the current policy, expanding aid only
for lower-income groups whose stronger enrollment responses generate greater fiscal returns.
Nonetheless, the central finding of this paper—the role of the distribution of parental transfers
in shaping aid amounts across both parental income and college types—remains. Optimal aid
schedules for four-year colleges would be even more progressive under homogeneous parental
preferences. Moreover, aid for two-year colleges expands across all income groups relative to
the current policy, whereas under homogeneous altruism, the opposite pattern would emerge.

Providing larger subsidies for higher levels of education investment—a feature of current
U.S. financial aid policy, which offers more aid to students at four-year than at two-year
colleges—is often justified as a way to alleviate borrowing constraints (De Fraja, 2002; Jacobs
and Yang, 2016). This paper shows that borrowing constraints can support such a policy
when they bind more tightly for students pursuing more expensive options. However, when
differences in investment primarily stem from unobserved variation in available resources rather
than returns, borrowing constraints may instead justify greater aid at lower levels of schooling.
Accounting for heterogeneity in both educational returns and parental support, the quantitative
analysis shows that optimal aid for two-year colleges can exceed that for four-year colleges,
particularly among high-income families where parental transfers are more unequal.

The rest of the paper is organized as follows. Section 2 presents U.S. evidence on the

relationship between parental transfers and family resources. Section 3 uses a two-period



model to analytically characterize the optimal financial aid. Section 4 extends the model to a
multi-period life-cycle with endogenous parental transfers and describes its parameterization.
Section 5 quantitatively characterizes the optimal financial aid. Section 6 further extends the

analysis to account for the impact of education on tax revenues. Section 7 concludes.

2 Parental Transfers and Family Resources

In this section, I examine inequality in parental transfers across families with similar resources
using data from the NPSAS:12. The NPSAS:12 is a nationally representative survey of
students enrolled in U.S. post-secondary institutions during the 2011-2012 academic year. A
key feature of this dataset is that it includes both information on family resources—measured
by the Expected Family Contribution (EFC)—and on how much parents actually contributed
toward college expenses.

The EFC is intended to reflect the amount a student’s family is reasonably expected to
contribute toward college costs for the academic year.® It is calculated based on the information
reported in the federal financial aid application, including income, assets, and family size.
For dependent students—which includes most traditional college-age students—the EFC is
determined primarily by parental income from the previous year, while student income and
family net worth play a more limited role.o!!

The EFC plays a central role in the allocation of financial aid in the U.S., where most aid
is need-based. For federal aid, a student’s financial “need” is defined as the difference between
the cost of attendance and the EFC.1? The cost of attendance is determined by each institution
and includes tuition, fees, and estimated living expenses. In general, the amount of aid awarded
increases with student need (Dick and Edlin, 1997).

In the NPSAS:12 data, the EFC and other financial aid variables are drawn from adminis-
trative records, whereas parental transfer amounts are reported by students in the survey. To
ensure access to administrative data, I restrict the sample to dependent students who submitted a
federal financial aid application. Because cost of attendance can vary widely across institutions
and student circumstances, I focus on a more homogeneous group by limiting the sample to
U.S. citizens enrolled full time for more than nine months at a single two- or four-year public
institution during the 2011-2012 academic year, paying the standard “in-jurisdiction” tuition
rate and not living with their parents while enrolled.

Figure 1 displays percentiles of parental contributions during the 2011-2012 academic year

9See Part F of Title IV of the Higher Education Act for further details on the needs analysis formulas.

10Students are considered independent if they meet any of the following criteria: they are age 24 or older; married;
have dependents; are veterans or active-duty members of the U.S. armed forces; or are orphans or wards of the court.

1'The EFC calculation excludes assets such as home equity in a primary residence and retirement savings. Liabilities
like mortgages on the primary residence and consumer debt are also generally excluded.

12State and institutional aid programs generally follow a similar need-based formula.
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Figure 1: Grants and Parental Transfers by Expected Family Contribution

by six EFC groups, separately for students attending two- and four-year institutions.’> The
figure also includes median grant amounts—the primary subsidy component of financial aid—
for each EFC group. As expected under a need-based system, students with higher EFCs receive
smaller grants. Correspondingly, parental contributions generally rise with EFC, compensating
for the reduction in grant aid.

However, parental contributions vary widely even within each EFC group. For example,
over 10% of students with an EFC above $20,000 receive no parental support, while more than
25% of students with a zero EFC receive over $1,000. The dispersion of parental transfers
also increases with EFC. At four-year institutions, the interquartile range of parental transfers
grows more than sevenfold from the lowest to the highest EFC group. A similar, though more
muted, increase is observed at two-year institutions. This widening dispersion is partly driven
by a stagnant lower tail: the 25th percentile increases by less than $2,000 across EFC groups
at four-year institutions and remains flat at zero for two-year institutions.

Comparing two-year and four-year institutions, students at two-year colleges receive smaller
grants than their four-year counterparts within the same EFC group, reflecting the lower cost
of attendance. At any given EFC level, parental transfers are also lower for students attending
two-year colleges. This may reflect that parents contribute less when their children attend
less expensive institutions, but it could also indicate that students anticipating limited parental
support are more likely to choose lower-cost options.

Taken together, this evidence suggests that even parents with sufficient means often con-
tribute less than what is expected by financial aid authorities. Given limited borrowing oppor-
tunities, their children—who receive not only low parental support but also reduced financial

aid—may face low consumption during college or opt for less schooling than they otherwise

13See Section A of the Appendix for additional details on the data and summary statistics.



would.™ Therefore, the financial aid system design must account not only for differences in
family resources, but also for variation in parental contributions among families with similar

means—a disparity that is particularly pronounced among wealthier families.

3 Theory of Optimal Need-Based Financial Aid

In this section, I develop a simple two-period model to analytically characterize the optimal
financial aid schedule when parental transfers are imperfectly correlated with family resources. 1
begin with a binary schooling choice—college attendance versus non-attendance—and examine
how the distribution of parental transfers shapes the optimal progressivity of financial aid,
defined as the extent to which aid amounts vary with family resources. I then extend the model
to allow for multiple college options with differing costs and returns, highlighting how optimal

aid allocation also depends on college choices conditional on family resources.

3.1 Individual’s Problem

Intertemporal Consumption Allocation. Consider individuals who may invest in school-
ing in the first period and work in the second period. Their preferences are represented by the

following utility function:

|z gz

U(cy,c2) = (1+pP) CIT+WCZ ,

1+ 1
where ¢; > 0 is consumption in periods ¢ € {1,2}, B is a discount factor, and v > 0O is the
elasticity of intertemporal substitution (EIS).

The utility function (1) is a monotonic transformation of the standard additively separable
utility function u(cy) + Bu(cz), where u(c) = (¢!~ —=1)/(1 = 1/y). As shown in Section
B.1 of the Appendix, the transformation converts utils to dollars. This “money-metric” util-
ity function (McKenzie, 1957) is useful for welfare analysis because it eliminates inequality
aversion typically present in the utilitarian social welfare function.

Each individual is endowed with a parental transfer » > 0, which can be thought of as
initial wealth. Individuals face two schooling options: j = 0 and j = 1 represent the option
of not attending and attending college, respectively. Let y; be lifetime earnings associate with
schooling option j.

Individuals who do not attend college enter the workforce immediately in the first period
and can borrow or save freely at the gross interest rate R = 1/8. They maximize utility given

by equation (1), subject to the lifetime budget constraint ¢; + R~'c, < yo+b. Let Vo (b) denote

14Tn 2011-2012, first-year dependent students could borrow only up to $5,000 in federal loans, well below the
average cost of attendance exceeding $10,000. Most private loans require evidence of creditworthiness, which many
undergraduates lack, and carry higher interest rates (Consumer Financial Protection Bureau, 2012).

7



their indirect utility function. It is easy to see that Vy(b) = yo + b; that is, lifetime utility in
monetary terms equals total lifetime consumption. Consequently, the marginal value of wealth
is constant: V(D) = 1.

On the other hand, those who attend college pay the monetary cost of college (i.e., tuition)
k > 0, receive financial aid ¢ > 0, and cannot borrow more than the amount [ > k in the first
period. Let V(b + g) be their indirect utility function, that is, maximized utility subject to the

lifetime budget constraint c; + R™'¢c, < y; + b + g — k as well as the borrowing constraint
cir<b+g—k+l. 2)

Note that the assumption [ > k ensures that consumption during college is positive, making
college attendance feasible regardless of the level of parental transfers or financial aid.

When individuals have enough resources (b + g > Ry, + k — (1 + R)I), the borrowing
constraint (2) does not bind and full consumption smoothing is achieved (u’(c;) = Bu’(c2)).
Otherwise, (2) binds and intertemporal consumption allocation is distorted (u’(c1) > Bu’(c2)).
In this case, Vi(b+g) <y +b+g—kand V/(b+g) > 1. That is, the money-metric lifetime
utlity is less than lifetime consumption due to the intertemporal consumption distortion, and
an additional dollar of initial wealth increases utility by more than a dollar by reducing the

consumption distortion. This results is state in the following lemma.

Lemma 1 (Marginal Utility). V{(b +g) > 1, with strict inequality if and only if (2) binds.

College Attendance Decision. Individuals with an identical parental transfer may make
different schooling choices because of differences in non-pecuniary, or “psychic,” costs of
schooling.’® Let € be the utility gain from not attending college, distributed with a cumulative
distribution function F(-) and a density function f(-). Then, an individual attends college if

and only if € < V(b + g) — Vo(b) and the college attendance rate conditional on (b, g) is
p(b,g) i=Pr(s < Vi(b+g) = Vo(b)) = F(Vi(b +g) - Vo(b)).

The following lemma characterizes the college attendance decision.

Lemma 2 (College Choice). (i) p(b, g) is increasing'” in b when (2) binds, and is constant in

b otherwise; (ii) p(b, g) is increasing in g.

College attendance increases with parental transfers only when the borrowing constraint (2)
binds. In this case, additional wealth raises the value of attending college more than the value of

not attending by improving consumption smoothing during college (i.e., V{(b+g) > V{(b) = 1).

15See Section B of the Appendix for all proofs and other analytical details.
16“For a review of the evidence on non-pecuniary returns to schooling, see Heckman, Lochner, and Todd (2006).
Throughout the paper, “increasing” and “decreasing” refer to weak monotonicity unless otherwise specified.



When the constraint does not bind, parental transfers have no effect on schooling choices
because individuals select the option that maximizes lifetime consumption, accounting for
psychic costs.'® This result is well established in the literature (e.g., Becker, 1975; Lochner and
Monge-Naranjo, 2011).

In contrast, college attendance increases with higher financial aid regardless of whether the
borrowing constraint binds, since aid raises the value of attending without affecting the value of
not attending. For borrowing-constrained students, additional aid helps smooth consumption
over time, bringing their enrollment decision closer to what it would be in the absence of the
constraint. However, because aid is conditional on enrollment, it also introduces a distortion—
inducing some students to attend college who otherwise would not.

The adverse effects of borrowing constraints on intertemporal consumption smoothing and
educational attainment are central to the optimal design of financial aid in this paper. As
noted earlier, while financial aid can alleviate these constraints, it also introduces distortions
by influencing schooling choices. Next, I outline how these inefficiencies can be quantified in

monetary terms.

3.2 Efficiency Losses

In this subsection, I develop monetary measures of inefficiencies, based on individuals’ maxi-

mum willingness to pay to eliminate them.

Intertemporal Consumption Distortion. Recall that the money-metric utility function
(1) satisfies that U(c1, ¢, ) is equal to lifetime consumption ¢;+ R~ ¢, if ¢ = ¢7, and strictly less
than ¢; + R~ 'cp if ¢; # o, reflecting the efficiency loss from the intertemporal consumption
distortion. Because individuals are indifferent between a potentially distorted consumption
profile (c1, ¢2) and an undistorted consumption profile (¢}, ¢3), where ¢} = ¢ = U(cy, ¢2) /(1+
B), they are willing to pay as much as ¢; + R™!¢y — (c? + R‘lcz) =c1+R ¢y —U(cy, ) to
eliminate the intertemporal consumption distortion.

Formally, the distortion in intertemporal consumption allocation for an average individual

receiving (b, g) is defined as:

Lo(b,g) = p(b,g)[(1+b+g—k) = Vi(b+g)].

When the individual attends college, she consumes y; + b + g — k and attains utility Vi (b + g)
over the lifetime. However, she could have attained the same level of utility if she consumed a
constant amount V(b + g)/(1+ ) in each period. Therefore, (y;+b+g—k)—Vi(b+g) is her

8This absence of direct wealth effects is a desirable feature, as wealth effects would imply a counterfactual negative
relationship between parental resources and educational attainment for empirically relevant values of positive psychic
costs (Caucutt, Lochner, and Park, 2017).



maximum willingness to pay to eliminate the intertemporal consumption distortion associated
with college attendance. Since the consumption allocation of those who do not attend college

is not distorted, taking the average across individuals over the psychic cost ¢ yields L. (b, g).
Schooling Distortion. Next, the distortion in schooling allocation conditional on (b, g) is

Lg(b,g) = / max{yo + &, y1 = k} = {Tesvi (b+g)-vo(p) (V0 + &) + Lo <v, (brg)-vo () V1 — k) } dF (8),

where I, = 1 if the statement x is true and I, = 0 otherwise. The first term in the integral is the
lifetime income, net of psychic and monetary costs of schooling, delivered by the “first-best”
schooling choice, that is, in the absence of borrowing constraints and financial aid. The second
term in the integral is the same object, but under the current schooling choice. Individuals are
willing to pay the difference between the two if they could eliminate the inefficiencies leading

to the current schooling choice that deviates from the first-best level.

Total Distortion. Finally, the total distortion is L(b, g) := L.(b, g)+Ls(b, g). Aggregating
L(b, g) across individuals gives the social planner’s objective function to be minimized. The
next lemma shows that this monetary measure of inefficiency is closely related to the monetary
measure of welfare, V(b, g) = f max {Vo(b) +&, Vi(b+ g)}dF(s).

Lemma 3 (Welfare Decomposition). The average indirect utility can be written as follows:

V(b,g) = / max{yo+¢,y, —k}dF(e)+b+ p(b,g)g - L(b,g) . 3)
———— ————
gain if aid is given as  efficiency loss
first-best a lump-sum transfer

The monetary measure of welfare, V(b, g), consists of the maximum lifetime (money-
metric) utility that can be attained in the absence of borrowing constraints and financial aid,
/ max{yo+e&, y1 —k}dF (&) +b, plus the potential increase in utility if the current amount of aid
is given instead as a lump-sum transfer, p(b, g)g, net of the efficiency losses in intertemporal
consumption and schooling allocations, L(b, g).

Since V(b, g) is an indirect utility function, aggregating it across individuals gives a
utilitarian social welfare function without inequality aversion. The decomposition (3) implies
that maximizing this utilitarian social welfare function is equivalent to minimizing aggregate
efficiency losses when the aggregate spending on financial aid is held constant. However, as

discussed in the next subsection, the two objectives may lead to different allocations.

3.3 Optimal Policy

Now, I characterize how the optimal financial aid schedule—that minimizes efficiency losses—

varies across family resource levels when parental transfers are imperfectly correlated with those

10



resources. Consider individuals who differ in parental transfers, psychic costs of schooling,
and parental income, where the latter influences only the distribution of transfers. Specifically,
suppose there are finitely many parental income groups indexed by 4 € H. Let nj denote
the fraction of individuals in group &, and my () the probability density function of parental
transfers within that group.

Define the college attendance rate for group ki, Py (g), and the density of parental transfers
conditional on college attendance within group £, my; (b, g), as:

b, b
Pae) = [ by (b)b, (b, ) = PO,

The social planner, endowed with a total budget G > 0, observes each individual’s schooling
decision and group membership but not their specific parental transfers or psychic costs. The
planner sets a fiancial aid schedule to minimize aggregate efficiency losses. Let g, > 0 denote

the aid amount assigned to group /4. The planner’s problem is formulated as follows:

Definition 1 (Optimal Policy). The optimal policy (8n)nea Solves

min Z np / L(b,gn)mp(b)db
(&n)hen heH

subject to Z npPr(gn)gn < G, ()
heH

and gn, > 0 forall h € H. Let A > 0 be the Lagrange multiplier on the constraint (4).

Optimality Condition. The first-order condition with respect to gy, is

behavioral response
mechanical —_——

PP R - P (8n) ,
Vi(b+gn)mp1 (b, gn)db < (1+2) 1 >——8&n | &)
Pp(8n)
average marginal utility of attendees impact on public spending

with strict inequality if and only if g, > 0 binds. The left-hand side of (5) represents the
marginal benefit of financial aid, while the right-hand side captures its marginal cost.

As shown by Colas, Findeisen, and Sachs (2021), an increase in financial aid acts like a
lump-sum transfer for inframarginal students—those who would attend college regardless—
while it has distortionary effects on marginal students—those who enroll only because of the
additional aid.”® For inframarginal students, the aid increase simply raises their utility, as
captured by the average marginal utility, and imposes a direct cost on the planner, referred to
as the mechanical effect. When some inframarginal students are borrowing constrained, the

utility gain from aid exceeds one, reflecting improved consumption smoothing.

9Saez (2001) discusses a similar mechanism in the context of optimal income taxation.
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In contrast, marginal students are indifferent between attending and not attending; their
enrollment does not increase aggregate utility but still incurs a cost through the rise in atten-
dance. This efficiency loss stems from the behavioral response to the aid expansion across the
entire group, since aid cannot be conditioned on parental transfers or psychic costs—factors
unobserved by the social planner. Importantly, this inefficiency persists even when college
attendance falls short of the first-best level due to borrowing constraints.

To illustrate how minimizing inefficiency differs from standard welfare maximization,
consider a group in which no individual faces a binding borrowing constraint. Under an
inefficiency-minimizing policy, this group receives no aid, since it would only reduce efficiency.
In contrast, welfare maximization may still allocate aid to this group if it raises overall utility.
If the inefficiency-minimizing solution does allocate aid to such a group, it implies that their
enrollment decisions are unresponsive to aid changes and that the planner’s budget constraint
(4) is slack.

Proposition 1 (No Aid for the Unconstrained). Suppose that the borrowing constraint (2) is
slack for all individuals in group h under the optimal policy. (i) If P} (&n) > O, then g, = 0;
(ii) If §n > O, then P, (§n) = A =0.

Moreover, unlike under welfare maximization, the planner’s budget constraint can be slack
in the inefficiency-minimizing solution. This occurs when no individuals in the economy face

binding borrowing constraints, so additional aid does not reduce inefficiencies.

Corollary 1 (Slack Social Budget Constraint). If the borrowing constraint (2) is slack for all
individuals, then A = 0.

Rearranging the optimality condition (5) gives the optimal policy formula for g, > 0:

5 VI(b+ g b, g1)db
§h—Ph(gh) {f (b +8n)mp1(D, &n) _1}' ©)

A 1+1

This expression shows that variation in optimal aid across groups is driven by differences in (i)
average marginal utility, which captures the marginal benefit of financial aid, and (ii) enrollment

responses, which determine the marginal cost. I examine each component in turn.

Variation of Marginal Utility Across Groups. Parental income groups differ only in
the distribution of parental transfers. I focus on two key aspects of these distributions—their
central tendency and dispersion—and examine how they influence the average marginal utility.
As is well established in the literature on decision-making under uncertainty (e.g., Rothschild
and Stiglitz, 1970, 1971), the first and second derivatives of marginal utility determine how its

average responds to shifts in the location and spread of the distribution.

Lemma 4 (Derivatives of Marginal Utility). (i) V{"(b+g) < 0; (ii) V{"(b+g) 2 0ify = 1/2.
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Marginal utility decreases with initial wealth: it is strictly decreasing in the constrained
region, where the borrowing constraint binds, and constant—equal to one—in the unconstrained
region. As a result, the slope of marginal utility transitions from negative at low wealth to zero
at high wealth. This transition is monotonic—and thus implies global convexity of marginal
utility—when the EIS is not too low.

Now, I consider two groups % and 4’, and compare their average marginal utility when their

parental transfer distributions differ in either location or spread of the distribution.

Lemma 5 (Greater Parental Transfers). Suppose that my (b) /my,(b) is increasing in b for all
b. Then f VI(b+g)mp1(b,g)db < f V(b +g)mp1(b, g)db forall g.

If individuals in group A’ tend to receive higher parental transfers than those in group 4 in
the sense of monotone likelihood ratio dominance (Milgrom, 1981), then their distribution of
transfers conditional on college attendance also shifts upward, exhibiting first-order stochastic
dominance. Because students with higher parental transfers are less likely to face binding
borrowing constraints—and therefore have lower marginal utility—the average marginal utility

among college attendees is lower in group 4’.

Lemma 6 (Unequal Parental Transfers). Suppose that my(b)/my (b) is unimodal in b and
[ bmuj(b,g) —mu(b,g)|db =0. If y > 1/2, then [ V](b + g)mu1(b,g)db > [V|(b+
g)mp)1(b, g)db.

If group & has a more equal transfer distribution than group 4’, in the sense of unimodal
likelihood ratio dominance (Ramos, Ollero, and Sordo, 2000; Hopkins and Kornienko, 2004),
then the distribution of transfers among college attendees in group / is also less dispersed.??
Moreover, if the two groups of attendees have the same mean parental transfer, the distribution
for group 4’ is a mean-preserving spread of that for group 4. Given the convexity of marginal
utility, this implies that the average marginal utility among attendees is higher in group 4’.

Overall, these results suggest that the marginal benefit of aid is generally lower for higher
parental income groups, which tend to have higher average transfers. However, this effect may

be attenuated by the greater within-group dispersion in transfers observed among these groups.

Behavioral Response Under a Distributional Assumption. When p(b,g) € (0, 1)

for all b, the semi-elasticity of college attendance with respect to financial aid is given by:

P (8) _/Vl,(b+g)f(V1(b+8)—V0(b))

Ph(g) - F(Vl(b+g)_Vo(b))mhll(b,g)db, (7)

20The unimodal likelihood ratio dominance is a refinement of second-order stochastic dominance, analogous to
how monotone likelihood ratio dominance refines first-order dominance. See Costinot and Vogel (2010) for another
application of this concept.
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which expresses the behavioral response as the average marginal utility weighted by the reverse
hazard rate of the psychic cost distribution, f(&)/F(g).

Although higher-income groups are likely to exhibit smaller behavioral responses due to
their higher attendance rates, comparing these responses across groups requires an assumption
about the distribution of psychic costs. Without loss of generality, I model the psychic cost £ as
a location-scale transformation of a baseline random variable z, where E[z] and SD(z) denote

its mean and standard deviation, and impose the following distributional assumption on z:

Assumption 1 (Psychic Cost). € = u+o0(z — E[z])/SD(z), where z < 0 follows a distribution

with cumulative distribution function e*, and o > 0.

Under this assumption, the reverse hazard rate simplifies to a constant: f(g)/F(g) =1/0,
over the support € < u + o, where ¢ and o are the mean and standard deviation of &. This
implies that the semi-elasticity of attendance with respect to aid is proportional to the average
marginal utility among college attendees. Consequently, it is lower for groups with higher
parental transfers. In this setting, the average marginal utility governs both the marginal benefit

and marginal cost of financial aid, allowing for a sharp characterization of the optimal policy.

Optimal Policy Across Groups. Assumption | simplifies the optimal policy formula (6):

Proposition 2 (Optimal Policy Formula). Suppose Assumption 1 holds. If g, > 0 and
p(b,8r) < 1forall b, then g, satisfies

1 1
gn=0 - - " : (®)
{ L+ [VI(b+gn)mp (b,gh)db}
This formula shows that the optimal aid level increases with the marginal benefit of aid,
which is captured by the average marginal utility of college attendees. To ensure that this
marginal benefit declines with the aid level, I impose the following regularity condition on the

distribution of parental transfers:
Assumption 2 (Log-Concave Distribution). my, (b) is log-concave in b for all h.

Lemma 7 (Diminishing Marginal Benefit). Suppose that Assumptions | and 2 hold. If
p(b,g) < 1 forall b, then f V(b +g)mp)1(b, g)db is decreasing in g.

As financial aid increases, it directly raises each student’s available resources, thereby
reducing their marginal utility. At the same time, it draws in additional students with lower
parental transfers, shifting the conditional distribution downward and pushing up the average
marginal utility. Under log-concavity, the direct effect dominates, ensuring that the average

marginal utility—and thus the right-hand side of (8)—declines with the level of aid.?!

2L og-concavity is a property shared by many common distributions, including the normal, uniform, exponential,
gamma, and beta distributions.
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Proposition 3 (Optimal Policy Across Groups). Suppose Assumptions 1 and 2 hold, and that
p(b,g) < ljforall bandall g between gy, and gy (i) If my (b)/my, (b) is increasing in b for all
b, then g < &p; (ii) If mp(b) /myy (b) is unimodal in b, [ b[mp1(b, ) — my 1 (b, g)|db =0
for some g between gy, and gy, andy > 1/2, then gy, > gy,

This is the first main theoretical result. The optimal policy formula in (8) shows that
differences in aid across groups are entirely driven by differences in the average marginal utility
among college attendees. Lemmas 5 and 6 establish that average marginal utility is lower
in groups with higher parental transfers or with less dispersion in the distribution of parental
transfers. These results imply that the optimal financial aid amount decreases with the central
tendency and increases with the dispersion of the parental transfer distribution within a group.

As documented in Section 2, both the central tendency and the dispersion of the parental
transfer distribution increase with family resources. Therefore, part (i) of Proposition 3 implies
that the optimal financial aid schedule is progressive: students from higher-income families,
who tend to receive larger parental transfers, are awarded less aid—mirroring the current
system. However, part (ii) shows that this progressivity is tempered by the greater inequality
in parental transfers within high-income groups, which increases the average marginal utility
of college attendees in those groups and calls for more generous aid.

The dispersion effect could, in principle, lead to a regressive aid schedule, and I examine

its quantitative impact in Section 5. There is, however, a simple case where this effect is small:
Assumption 3 (Exponential Distribution). my,(b) = (e~/%) /8y, where 6}, > 0.

Corollary 2 (Optimal Policy with Exponential Distribution). Suppose Assumptions 1 and 3
hold, and that p(b, g) < 1 for all b and all g between gy, and gy. If Op > Oy, then gy < 8h.

Under Assumption 3, parental transfers follow an exponential distribution. This distribution
is log-concave (satisfying Assumption 2) and has both mean and standard deviation equal to 6j,.
As aresult, groups with higher 8, exhibit both higher average transfers and greater dispersion.
Nevertheless, the likelihood ratio my (b)/my(b) remains monotonic. By Proposition 3(i), it

follows that groups with higher average transfers receive less financial aid.

3.4 Multiple Schooling Choices

Now, I extend the analysis to the case of multiple schooling options—such as two-year versus
four-year colleges, as considered in the quantitative model of Section 4—that differ in both the
cost and return to education. I characterize how the optimal amount of financial aid varies not

only across parental income groups but also across different types of schooling choices.

Intensive Margin. Let 7 denote the set of college options, excluding the indices for non-

attendance and attendance, denoted by O and 1. For each j € 7, let y;, k;, and g; represent

15



the associated lifetime earnings, monetary cost, and financial aid, respectively. Higher levels
of schooling involve greater monetary costs but also yield higher returns, so that y; < y;» and
kj < kj for j* > j. Talsoassume k; < Iforall j € J, ensuring that all college options remain
feasible regardless of parental transfers or financial aid.

Let V;(b + g;) denote the indirect utility from choosing option j € J. This function is
analogous to the earlier definition of V(b + g), but with option-specific values for lifetime
earnings, cost, and aid—that is, y;, k;, and g;, respectively. Individuals differ in their
preferences over college options—or psychic returns—which are modeled as additive utility

components £;. Given attendance, each individual sovles the following problem:
max{Vi(b+g;)+¢&;;.
ey {Vib+g)) +e;}

Let g := (gj)jeq denote the vector of financial aid amounts across options. Define
pjii(b,g) as the probability that an individual with parental transfer » chooses option j,
conditional on attending college and given aid vector g. Let V; (b, g) denote the corresponding

expected utility from college attendance.?>

Extensive Margin. The extensive margin of college choice remains unchanged: an indi-
vidual enrolls in college if and only if & < Vi (b, g) — Vo(b), where & is independent of &;
forall j € . Let p(b,g) = F(Vi(b, g) — Vo(b)) denote the overall college attendance rate,
and define p;(b,g) = p(b,g)p;;1(b,g) as the fraction of individuals who choose option
J. Letmp)j(b,g) = pj(b, g)mh(b)// pj(b’,g)my(b")db’ denote the conditional density of

parental transfers among individuals in group ~# who choose schooling option j.

Optimal Policy Across Groups and Schooling Levels. The social planner can only
observe individuals’ schooling choices and group membership, and sets g, = (g;.1) eq for
all h € H, where g; 5, is the amount of financial aid for option j in group h. The efficiency
losses and planning problem with multiple schooling choice are defined similarly as the case
with binary schooling choice. Let (£1)new = (8,n)(j,h)e xH denote the optimal policy.
For analytical characterization, I assume that intensive-margin psychic returns are indepen-

dent across schooling options and impose a specific distribution on their marginal distributions.

Assumption 4 (Psychic Returns). Forall j € J, &; = uj +01(zj — E[z;])/SD(z;), where z;

follows a distribution with cumulative distribution function exp(—e~%), and oy = 0 SD(z;).

Under Assumption 4, each g; is a location-scale transformation of a standard Gumbel

(Type I extreme value) distribution. This yields closed-form expressions for both p ;i (b, g)

22Formal definitions, along with additional analytical details for this subsection, are provided in Section B.14 of the
Appendix.
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and V; (b, g). Together with Assumption 1, these distributional assumptions lead to a tractable

optimal policy formula, which is analogous to (8):

1 1
gin=0 - - - . )
’ {1 +4 - [VIb+gjn)mn ,-(b,gmb}

This formula makes it clear that the previous result regarding the impact of parental transfer

distributions (Proposition 3) extends to the case of multiple schooling choices.

Proposition 4 (Optimal Policy Across Groups by Schooling Level). Suppose Assumptions 1,
2, and 4 hold, and that p(b, g) < 1 for all b and all g between gj, and gy. (i) If my (b) /my,(b)
is increasing in b for all b, then g p < & p for all j € J; (ii) If my(b) /my (b) is unimodal
inb, f b[mh|1(b, g) — mh/|1(b,g)]db = 0 for some g between gy, and g/, and y > 1/2, then
giw=28jnforalljeyg.

The formula (9) also implies that variation in optimal financial aid across schooling levels
within group / depends only on differences in the average marginal utility across those levels.

The following lemma identifies two opposing forces that shape this variation:

Lemma 8 (Marginal Utility Across Schooling Levels). Suppose that Assumptions | and 4 hold.
For j' > jwithgj=gj, (i) V]f,(b+gj/) > V]f(b +g;) forall b, and (ii) my (b, g) /mp; (b, g)

is increasing in b.

On the one hand, individuals are more likely to be borrowing constrained at higher schooling
levels, which involve both greater costs and returns. This raises their marginal utility for a
given level of parental transfers. On the other hand, higher schooling levels tend to be selected
by individuals with larger parental transfers, lowering the average marginal utility at those
levels. If everyone in a group received the same amount of parental transfers, the first effect
would dominate, implying that optimal financial aid increases with schooling level—a pattern
consistent with the current financial aid system. However, when there is within-group inequality

in parental transfers, the second effect may dominate, potentially reversing this pattern.

Proposition 5 (Optimal Policy Across Groups and Schooling Levels). Suppose Assumptions
1, 3, and 4 hold, and that p(b, g) < 1 for all b and all g between g, and gy (i) &jn < &j.n
forall jif Oy > Oy, (ii) §; 1, increases in j if 0, < o /max;cg ij(O).

Under Assumption 3, parental transfers follow an exponential distribution with both mean
and standard deviation equal to ;. Interpreting higher 6; as representing higher parental
income, the optimal financial aid remains progressive across all schooling levels, consistent
with Corollary 2. However, the degree of progressivity varies by schooling level and tends
to be weaker at lower levels. For lower-income groups (6 < 0 /max e g VJf(O)), the optimal

policy allocates more aid to higher schooling levels than to lower ones. This reflects weaker
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negative selection into lower schooling due to limited within-group inequality in transfers. In
contrast, for higher-income groups with greater inequality in transfers, stronger selection can
reverse this pattern, leading to more aid at lower schooling levels. When this occurs, the aid

gap between low- and high-income students is smaller at lower levels than at higher ones.??

4 Quantitative Model

This section presents and parameterizes a dynastic life-cycle model to examine the quantitative
implications of unobserved heterogeneity in parental transfers for the design of financial aid. I
begin by extending the framework to a multi-period setting that incorporates heterogeneity in
ability and endogenous parental transfers. I then calibrate and estimate the model using data

on the joint distribution of schooling, ability, parental income, and parental transfers.

4.1 A Dynastic Life-Cycle Model

Time is discrete, with each model period corresponding to a calendar year. A family consists
of a parent and a child. At period ¢ = 0, the child has completed high school and is about to

enter college. Children live through period ¢ = T and parents live through period t = T,.

Intertemporal Consumption Allocation. Children—refereed to as “youth”—derive util-
ity from consumption ¢, in each period ¢, and discount future utility at a subjective discount
factor 8 € (0, 1). The present discounted value of lifetime money-metric utility (as of period
t = 0) from a consumption path {ct}tTj1 is given by:

"
t oy-1\ 7!

T
>
2K
t=1

Let j = 0 denote the choice of not attending college, in which case youth begin working in

U ({ct}ff;l) = A-

T
, where A = Z,B’. (10)
=1

period ¢ = 1. Conditional on attending college, the set of schooling options is J = {2, 3,4},
where j = 2 corresponds to attending a two-year institution only, j = 3 to starting at a two-
year institution and transferring to a four-year institution, and j = 4 to attending a four-year
institution only. Let J := {0,2, 3,4} be the full choice set, including the no-college option.
Individuals attending only a two-year college (i.e., j = 2) study for 7; = 2 years, while those
attending a four-year college (i.e., j = 3 or j = 4) study for 7; = 4 years.

Individuals can save and borrow at an annual gross interest rate R = 1/4. Let y;(a) denote

the present discounted value of lifetime earnings for those with schooling j and ability a. Then,

2Suppose that §jrp, — ;0 202> &1y — & for j* > jand b’ > h. This implies ., — &jr.n = &j.n — &)1
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the lifetime budget constraint for college attendees choosing j € 7 is

T
DR, <yj(a)+bj+g;—kj, (11)
1=1
where k;, b;, and g; are the present discounted values of college costs, parental transfers, and
financial aid, respectively. The budget constraint for non-attendees is identical to (11), except
that k; and g; are not included.
While individuals not enrolled in college can fully smooth consumption over time, those

who are enrolled face borrowing constraints. For j € 7,
T;
D Re+kj—bj-g; <1}, (12)
t=1

where ;j denotes the borrowing limit during college. These schooling-specific borrowing limits
reflect a key feature of the U.S. federal student loan program, which offers higher annual and
total loan limits to students in advanced years.

Let Vo (bo; a) denote the money-metric indirect utility of not attending college, conditional
on (bg,a), and let V;(b; + g;; a) represent the money-metric indirect utility of college choice
J € J, conditional on (b, gj,a). I define V;(b; + gj;a) := —co whenever b; +g; < k; — Zj,
since in this case consumption cannot be positive, making choice j infeasible. Let ij (bj+gj;a)

be the derivative of V;(b; + g;; a) with respect to b; + g;. Then, a version of Lemma 1 holds:

Lemma 9. Forall j € J: (i) if the borrowing constraint (12) binds, then ij(bj +gjia) > 1

and ij(bj + g;j;a) is strictly increasing in a; (ii) otherwise, ij(bj +gjia) =1

As discussed earlier, an additional dollar of initial wealth increases welfare by more than one
dollar for borrowing-constrained individuals, as it enhances their ability to smooth consumption
over time. This effect is particularly strong for higher-ability individuals who have higher post-

schooling earnings and thus a greater desired level of consumption during schooling.

Education Choice. The nested choice structure described in Section 3.4 is maintained.
First, I modify Assumption 1 so that the psychic cost of college, &, is normalized to have
mean zero and is assumed to have full support: specifically, 4 = 0 and z follows a standard
logistic distribution with cumulative distribution function 1/(1 + ¢7%). Next, Assumption
4 is modified to capture heterogeneity in average psychic returns by ability a and parental
income group h. For all j € J, the psychic return of college option j is specified as
gj=pj(a,h)+o1(z; —E[z;])/SD(z;), where z; still follows a standard Gumbel distribution.

Under these assumptions, the model yields closed-form expressions for the choice prob-

abilitie p ;| (b,g,a, h) and p(b, g,a, h), as well as for the value functions V; (b, g, a, h) and
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V(b,g,a,h), where b := (bj)j 7 denotes the parental transfer schedule.>*  Furthermore,
define p;(b,g,a,h) := p(b,g,a,h)pj(b,g,a,h) and po(b,g,a,h) =1-p(b,g,a,h).
Let & = 0/SD(z) and 07 = 01/SD(z;) denote the relative scale parameters, where
SD(z) = n/V3 and SD(z;) = n/V6. T impose the restriction & > &, which ensures that
the correlation in psychic returns across college options, Corr(g;,&;1) = 1 — (51/7)?, is
nonnegative. A special case is & = J, corresponding to a standard multinomial logit model

rather than a nested logit structure.

Parental Transfer Decision. At time 7 = 0, parents are endowed with wealth w, which
represents the sum of initial net worth and the present discounted value of future earnings.
Because parents are altruistic toward their child, they allocate their wealth between their own
consumption and transfers to the child. The degree of altruism varies across families and is
captured by a parameter 6 € [0, 1].

To simplify their decision problem, I assume that parents do not observe their child’s
psychic costs of college at the time of transfer, though they share all other information avail-
able to the child. Parents offer and commit to the transfer schedule . Then, a schooling
option j is chosen with probability p;(b, g, a, h), leading to an expected parental transfer of

Zj TP j(b,g,a,h)b;. Therefore, the parent’s expected annual consumption, ¢, satisfies

Tp

D R7c,=w= > p(b,g.a hb;. (13)
1=1 jeg

Similarly, the expected money-metric indirect utility of the child, V(b, g, a, h), can be

expressed in terms of annual consumption cg satisfying

T
Z R'c; =V(b,g,a,h). (14)
t=1

Although parents face uncertainty about their child’s schooling preferences, they are risk

neutral and care only about expected values, ¢;, and c,. Their preferences are represented by

Ty Ty
(1-8) Y B'v(cp) +6 Y Bv(cw), (15)
=1 t=1

where v(c) := (¢'7"/7 = 1)/(1 = 1/57). The parameter 1 > 0 denotes the elasticity of intergen-
erational substitution (EGS), which captures the strength of the desire to smooth consumption
across generations (Cérdoba and Ripoll, 2018). It may differ from the EIS, vy, in which case

the parental utility function in (15) is more general than the specification typically assumed in

24These expressions are provided in Section B.19 of the Appendix.
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the literature, as in Becker and Tomes (1986). Allowing the EGS to differ from the EIS enables
the model to better match the empirical relationship between educational attainment, ability,
parental transfers, and parental income.

Taking (p;(b, g, a, h))je? and V(b, g, a, h) as given, the parent chooses b to maximize
(15), subject to (13), (14), and the constraint b; € [0,w] for all j € . The following

proposition characterizes parental transfers:

Proposition 6. Consider a family with (g,a, h,w, ), and suppose that b = (b J)j 7 solves
the parent’s problem, and that l3j +g; > k;— Zj forall j € J. Then: (i) Bj = ZA)J-/ forall j and
j’ such that the constraint (12) does not bind; (ii) If & = &1, then for any j with b i € (0,w),

bj= Zpj/(bA,g,a,h)l;j/+5-{(lf6)v'(CAk) 1 } (16)

e v (Ep) Vj(bj +g;5a)

where ¢, and Cy are given by (13) and (14), evaluated at b = b.

Parental behavior is particularly transparent in the multinomial logit case, where condition
(16) holds. When this condition applies to all j, taking expectations over j yields

. -1
pj(b’g’a’ h)

(1=86)v'(¢p) = 6v'(Ck) Z Vb, +ga)
j\CiTs)

jeg

A7

When all borrowing constraints are slack, condition (17) simplifies to (1 — 6)v'(¢p,) =
o0v’(¢r). In this case, wealthier or more altruistic parents provide larger transfers. In contrast,
higher-ability youth receive smaller transfers, since they earn and consume more. How transfers
vary with these factors depends on the EGS, while the EIS does not affect behavior in this case.

When the borrowing constraint binds for some j, (17) implies (1-6)v’(¢p,) > 6v'(¢x). Now
the EIS becomes relevant: with a stronger preference for intertemporal smoothing, consumption
fluctuations are more costly. If the EIS is small relative to the EGS, higher-ability youth may
receive larger parental transfers despite their higher consumption, because their consumption
distortion is greater.

Condition (16) explains why non-paternalistic parents may condition transfers on their
child’s schooling choice.?> Parental transfers differ across schooling levels only when borrowing
constraints bind and parents lack full information about their child’s preferences. Otherwise,
non-paternalistic parents have no incentive to influence schooling choices through differential
transfers.?® With incomplete information, transfers are larger for schooling options where

children’s consumption is more distorted by borrowing constraints.

25Such “conditional parental transfer rules” are often assumed exogenously (Keane and Wolpin, 2001; Johnson,
2013) or motivated by paternalistic preferences (Abbott et al., 2019; Colas, Findeisen, and Sachs, 2021).

26Hence, dynastic models with complete information typically feature lump-sum parental transfers (e.g., Becker and
Tomes, 1986; Krueger and Ludwig, 2016).
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4.2 NLSY97 Data

I use data from the NLSY97, a longitudinal survey of 8,984 Americans born between 1980
and 1984. The survey was conducted annually from 1997 to 2011 and biennially thereafter.
It provides rich information on respondents’ educational choices and detailed data on family
background. Crucially, it includes questions on parental transfers, which have been used in
prior work to study their role in educational decisions (e.g., Johnson, 2013). Because data on
parental transfers are available only through 2010—when the youngest respondents were age
26—1I construct a measure of total transfers received between ages 18 and 26, discounted back
to age 17. This serves as the primary measure of parental transfers in the analysis.

As noted by Abbott et al. (2019), constructing the parental transfer variable in the NLSY97
data involves judgment (see Section C.2 of the Appendix for details), which may introduce
measurement error. Moreover, because transfers are observed only during early adulthood, they
are not directly comparable to those in the model, which represent lifetime transfers. Individuals
receiving substantial support during college are likely to receive additional transfers later, as
parents may prefer to spread transfers over time rather than front-load them when children are
young.?” As a result, observed transfers likely understate total lifetime support, implying that
measurement error is potentially non-classical.?®

To address potential measurement error in reported parental transfers, I use the value of
education savings accounts—collected as part of parental net worth—as a secondary measure.
These tax-advantaged accounts are designed to help families save for future college expenses
and can be interpreted as planned parental transfers, since parents cannot reclaim the funds for
personal use without incurring penalties. As such, their value serves as an additional indicator
of actual parental support. For instance, if parents report substantial holdings in these accounts
but the child reports receiving no college support, the discrepancy may reflect a reporting error.

Schooling choices are classified using monthly full-time enrollment records from two- and
four-year colleges. Individuals who attend only a two-year college are assigned to the two-year
only group (j = 2), while those who begin at a two-year college and later transfer to a four-year
institution are classified as choosing the two- and four-year college option (j = 3). Those whose
first enrollment is at a four-year institution are assigned to the four-year only group (j = 4).

As a measure of ability, I use quartiles of Armed Forces Qualifying Test (AFQT) scores.?®
Parental background information—including income, net worth, education, and age at the time
of the youth’s birth—is taken from the first round of parent interviews. To improve precision,

I also average parental income reports from rounds 2 through 5, primarily collected for youth

27For instance, parents may use bequests to compensate children for services (Bernheim, Shleifer, and Summers,
1985), or withhold transfers fearing that early generosity could lead to future demands (Bruce and Waldman, 1990).

28 An alternative would be to modify the model to allow multiple transfers, aligning more closely with the data.
However, as shown by Brown, Scholz, and Seshadri (2012), repeated interactions introduce inefficiencies—even in the
absence of borrowing constraints—that complicate the policy problem.

2 AFQT scores are widely used to measure cognitive ability. Most respondents took the test as part of the survey.
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still living at home. When both parents are present, parental education refers to the highest
completed grade of either parent, and parental age is the average of both parents’ ages. Parental
education is categorized into four groups: no college (<12 years), some college (13-15 years),
college (16 years), and more than college (=17 years). The analysis also accounts for family
composition—specifically, the number of parents and siblings present in the household in round
one—as well as race, grouped into four mutually exclusive categories: white, Black, Hispanic
(including other races), and Asian.

Solving the model and comparing it with the data requires several additional assumptions.
First, the model assumes a simple family structure consisting of one parent and one child.
To account for differences in family size observed in the data, I allow family composition to
influence parental altruism in the model. Second, I assume that parents receive a constant
stream of income starting from the year their child turns 17. Parental lifetime wealth, w, is then
defined as the sum of their net worth and the present discounted value of remaining income.

I restrict the sample to youth from the random samples, excluding those from the minority
and poor white oversamples. I include individuals who were under age 18 and living with their
parents in the first survey round. I exclude those who first enrolled in college after age 20 or
were still enrolled after age 26, as older students may be considered independent for financial
aid purposes. I also drop individuals with missing data on any key variables or with nonpositive

parental wealth.

4.3 Calibration

The parameterization proceeds in two stages. I begin by externally setting parameters related
to the monetary returns and costs of schooling. The remaining preference parameters are
then estimated through model simulation, as described in the next subsection. All monetary
values in this and the following sections are expressed in 2004 U.S. dollars, adjusted using the
Consumer Price Index (CPI-U-RS).

Monetary Returns to Schooling. Youth are age 17 in period 7 = 0. All individuals work
until age 65 and live until age 80. The present discounted value of lifetime after-tax earnings

for those choosing schooling option j € 7 is given by

65-17-T;
yi@= > R [5,(a,x) - T(5;(ax)],
x=1
where ¥;(a,x) denotes before-tax annual earnings for individuals with schooling j, ability a,
and potential experience x, and 7 (-) is the income tax function. I assume a constant annual
interest rate of 3%, so that R = 1/ = 1.03. The tax function follows Guner, Kaygusuz, and
Ventura (2014): 7 (5) = 0.264[1 — (0.01250-96% 4 1)~1/0-964]5;,
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The parameters of the earnings function are estimated using NLSY97 data from 1997 to
2019. I apply the same sample selection criteria as in Section 4.2, except that the restrictions
based on family-related variables are omitted. To estimate annual earnings ¥;(a, x), I regress
log real annual earnings—before-tax income from all jobs—on indicators for schooling choices,
AFQT quartiles, and potential experience levels. I then assume that earnings remain constant
after 16 years of experience when constructing the present discounted value of lifetime earnings.
Section C.1 of the Appendix presents the Ordinary Least Squares (OLS) estimates from this
regression (Table C.1) and the resulting present discounted values of lifetime earnings, y;(a)
(Table C.2).

Monetary Costs of Schooling. Monetary costs and financial aid for each level of schooling
are computed using data from the 2003—-2004 National Post-Secondary Student Aid Survey
(NPSAS:04), restricted to full-time, full-year, dependent students who applied for federal
financial aid, did not live at home, and were not paying out-of-jurisdiction tuition. The
NPSAS:04 is used because the 2003—2004 academic year overlaps with the period when most
NLSY97 respondents were enrolled in college. The monetary cost & ; is defined as the present
discounted value of the average annual cost of tuition and books, net of earnings while enrolled.
Financial aid g; j, reflects the present discounted value of the average annual amount of grant
aid. To capture key features of the need-based aid system in a tractable way, I divide the
population into quartiles of parental income and estimate average grant aid separately for each
group.?® Given the limited role of private student loans in 2003-2004, I assume students
borrow only from government sources. The total borrowing limit li j is based on the annual
limits of the Stafford Loan Program for that year. Tables C.3 and C.4 in Section C.1 of the
Appendix report the estimated annual and total amounts.

For the two-year only option (j = 2) and the four-year only option (j = 4), total costs and
aid are based directly on the annual amounts for their respective institution types. For the two-
and four-year option (j = 3), total amounts are computed as a weighted sum of the annual
figures for two- and four-year institutions. Accordingly, the grant aid for this option, g3 j, is

calculated as:

(24 3R_t)
1=
g.h =80+ | ——|8.n VYheH. (18)
thl R d

This relationship is maintained when solving for the optimal policy.

30Because the NPSAS:04 includes only college enrollees, its parental income distribution differs from that of the
NLSY97. Therefore, I apply the parental income quartile thresholds from the NLSY97 to the NPSAS:04 sample.
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4.4 Maximum Likelihood Estimation

Assuming parental transfers are measured with error, the remaining parameters to estimate
include: the consumption smoothing parameters (y,n); the distribution of psychic returns
(,uz(a, h), us(a, h), us(a, h), o, 0'1); the distribution of parental altruism; and the distribution

of measurement error in reported transfers. They are estimated using the NLSY97 data.

Specification. Let X denote the vector of predetermined variables—financial aid schedule,
youth ability, parental income, wealth, and age—that influence parental transfer decisions,
conditional on parental altruism. Let b (5, X) be the solution to the parent’s problem for a
family with characteristics X and parental altruism level 8. The implied probability of choosing
schooling option j, conditional on (6, X), is given by Pr(J = j|9, X) = p; (5(6, X),gn, a, h),
where J is a random variable representing schooling attainment.

Let Z denote a set of additional categorical, predetermined variables with finite support
Z = {zq}(?:l. The vector Z consists of 9 indicator variables: 3 each for parental education,
race, and family composition. These variables are excluded from X but may be correlated with
parental altruism ¢. Altruism is assumed to take values on a finite support O = {(Sm}ﬁ‘n"':1 =
{0.1,0.3,0.5,0.7}, with its distribution depending on Z and independent of X given Z:

Pr(6 =6m|X,Z) =Pr(6 =6ml|Z) =Pr(ZTa +v € (Xm-1, xml|Z),

where yo := —o0, Yy = o0, and v is a standard logistic random variable. Note that Z exclude

M-1

a constant term, as the intercept cannot be separately identified from the thresholds {x,.}, -

Let B* := b; (8, X) denote the unobserved true parental transfer. Let B and B be two noisy
observed measures: reported transfers and education savings account values, respectively.

Conditional on B*, these are assumed independent of each other and of other variables:
Pr(B € By, B € B)|B*,X,Z,J) = Pr(B € Bx|B*) Pr(B € B;|B"). (19)

Here, {Bc}_, = {{0}, (0,11, (1, 5], (5,201, (20, 50], (50, 0) } and {B;} 2, = {{0}, (0,20], (20, o0)}
partition R, (in $1,000). I assume Pr(B € By|B*) = Pr(B € B;|B* € By-) and Pr(B €
B|B*) = Pr(B € B|B* € By:) for B* € B+, and parameterize these probabilities using

multinomial logits:

exp(€1,x+)
Zlszl exp(&r k+) 7

exp(Lk,k*)

Pr(B € Bi|B* € By+) =
Zkazl exp (L, k+)

, Pr(Be BB e By) =

with {k i+ = &L k+ = 0 for all k*. To ensure identification, I impose that Pr(B € 8;|B* € By-+)
strictly decreases in k*, and analogously for B. This structure flexibly captures non-classical
measurement error while remaining tractable.

Finally, I specify the average psychic returns additively as u;(a, h) = ¢ j + ko + vi,, With
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the normalization k, = v, = 0 for some (a, h).

Likelihood. The joint probability of schooling and the two parental transfer measures is

M
Pr(J =j,B € B, BeBIX,Z) = ) Pr(6=0,|Z)Pr(J = j|6 = 5, X)

m=1

K
X | D" 15 (6,0 x)cm,. Pr(B € Bi|B" € Bi) Pr(B € B|B" € By-) |, (20)
k=1
using the conditional independence assumptions Pr(J|§, X, Z) = Pr(J|d, X) and Pr(6|X, Z) =
Pr(6|Z), along with (19). Based on (20), I construct the likelihood of an observation
(J,B, B, X, Z). Parameter identification is discussed in Section C.3 of the Appendix.

Parameter Estimates. Table I reports the estimated preference parameters. Panel A shows
that the EIS is less than 1, consistent with most estimates surveyed by Browning, Hansen, and
Heckman (1999). In contrast, the EGS exceeds 1, aligning with the findings of Cérdoba and
Ripoll (2018). Since the EGS is greater than the EIS, the model implies a weaker preference
for smoothing consumption across generations than within a generation (i.e., over time). As
discussed below, this feature helps the model replicate the observed positive relationship
between parental transfers and youth ability.

The large negative estimates of i ; reported in Panel B of Table 1 indicate substantial psychic
costs associated with attending college, consistent with prior findings surveyed by Heckman,
Lochner, and Todd (2006). Attending any type of college entails a psychic cost exceeding
$160,000 in present value terms. However, these costs are smaller for youth with higher
parental income or greater ability. Psychic returns also exhibit substantial heterogeneity, even
after conditioning on parental income and ability, as reflected in the large estimated standard
deviation. Although the model allows psychic returns across college types to be positively
correlated, the estimated values of o~ and o) imply a correlation of only about 0.1.

Panel C of Table 1 presents the estimated parameters for the latent parental altruism index, «,
along with the thresholds that define the ranges corresponding to each altruism type d,,. Parental
altruism is estimated to be higher among more educated parents and among racial minorities. 3!
Family composition also affects altruism, though its influence is smaller compared to that of
parental education.

Figure 2 shows the conditional probabilities of observed parental transfers given the true
transfer amount, Pr(B € B |B* € B+).>> While higher actual transfers generally correspond

to higher reported transfers, there is substantial dispersion due to measurement error. Reported

3Figure C.1 in the Appendix visualizes the resulting distribution of altruism across groups.
32The corresponding distribution for the secondary measure of parental transfers is shown in Figure C.2 in the
Appendix.
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Table 1: Estimated Preference Parameters

Parameter Description Estimate

A. Consumption Smoothing

vy Elasticity of intertemporal substitution 0.278* (0.004)
n Elasticity of intergenerational substitution 3.613" (0.086)

B. Psychic Returns to Schooling ($1,000s)

2 -183.400*  (2.206)
U3 Mean components for schooling choices -203.550*  (2.032)
v -162.800*  (1.870)
12 10.405* (1.663)
V3 Mean components for parental income quartiles ~ 21.815" (2.096)
V4 23.349" (3.511)
K2 11.407* (1.793)
K3 Mean components for ability quartiles 40.739* (3.913)
K4 72.090" (3.082)
o Standard deviation for the extensive margin 71.192% (0.881)
loa) Standard deviation for the intensive margin 47.763* (0.867)

C. Determinants of Parental Altruism

Some College 0.760* (0.110)
College Effects of parental education 1.787* (0.171)

> College 2.270" (0.200)
Black 0.819* (0.202)
Hispanic Effects of race 0.215 (0.157)
Asian 1.887 (1.278)
Two Parents 0.040 (0.050)
1 Sibling Effects of family composition 0.473* (0.113)
2+ Siblings -0.039* (0.016)
X1 0.136" (0.062)

X2 . 2.716* (0.121)

s Thresholds for parental altruism types 6,, 5478 (13.955)

Notes: Standard errors, shown in parentheses, are calculated from 100 bootstrap replications.
* indicates statistical significance at the 5% level.
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Figure 2: Distribution of Measured Parental Transfers Conditional on Actual Transfer Amounts

transfers tend to be biased downward, especially at higher levels of true transfers. As noted
earlier, this downward bias may reflect that transfers are measured only during early adulthood,

potentially omitting a significant portion of lifetime transfers.

Model Fit. T now assess the fit of the estimated model with respect to two key outcomes:
schooling choice and parental transfers. Figure 3 shows that the model replicates the marginal
distributions of these outcomes reasonably well, although it overpredicts attendance at two-
year colleges. To evaluate how well the model captures the joint distribution of outcomes and
observed characteristics, I compare the estimated effects of covariates in the model to those
in the data. Specifically, Figure 4 presents OLS estimates of how observed characteristics are
associated with college attendance and with reported parental transfers exceeding $5,000.

As shown in prior research (e.g., Belley and Lochner, 2007), college attendance is positively
associated with both parental income and youth ability. The model reproduces this pattern
reasonably well, though the estimated effects are somewhat attenuated. In the model, the
positive relationship between parental income and attendance reflects larger parental transfers
interacting with borrowing constraints, as well as lower psychic costs of college. This occurs
despite higher-income students receiving less need-based financial aid.

In the model, higher-ability youth are also more likely to attend college, driven by higher
monetary returns and lower psychic costs, as well as greater parental transfers. This pattern
persists despite a strong preference for intertemporal consumption smoothing, which could
discourage attendance by amplifying the welfare cost of low consumption during college—
especially for high-ability youth, for whom borrowing constraints are more likely to bind.

The estimated effect of ability on parental transfers is weaker than its effect on college
attendance, likely reflecting intergenerational consumption smoothing—parents may give less
to higher-ability children due to their greater lifetime income. Still, under weaker intergen-
erational than intertemporal smoothing, borrowing constraints induce a positive relationship
between ability and transfers, consistent with the data.

The remaining covariates influence both college attendance and parental transfers in the
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model through their effect on parental altruism. As discussed earlier, higher parental education
and racial minority status are associated with greater altruism, leading to more generous
transfers and higher college attendance. While the overall empirical patterns align with the
model, the effects of being Black or Asian on college attendance are substantially larger than

their effects on parental transfers—but only in the data.33

5 Optimal Policy Simulations

This section uses the estimated model to calculate optimal policies. I begin with a simplified
scenario featuring exogenous parental transfers, consistent with the theoretical framework

presented in Section 3. I then extend the analysis to the case of endogenous parental transfers.

5.1 Planning Problem

As discussed in Section 2, the amount of aid in the U.S. depends on a diverse set of factors,
including parental income, assets, family composition, and parental age. However, solving for
aid schedules that incorporate the full range of this information is computationally challenging.
Instead, I approximate the current financial aid system by assigning distinct aid amounts to each
parental income quartile, while removing within-quartile income variation and all differences
in family composition and parental age. Specifically, I assign the average parental income
within each quartile to all individuals in that quartile, assume all families consist of one parent
and one child—removing heterogeneity in parental altruism due to family structure—and hold
parental age constant across families. I retain variation in parental net worth within income
quartiles, however, since it plays a relatively minor role under the current financial aid system.
I continue to assume that the social planner observes only each individual’s schooling choice
and parental income group, and sets aid amounts (g, ), <4 to minimize aggregate inefficiencies.
Leti=1,...,N index individuals in the NLSY97 data. The planner’s problem is:

N M
min > PH(6 = 6l Z0 L (B Gy Xo), s s, i)

N M
. 1 .
subject to Z Z Pr(6 =6,,|Z;) Z Pj (b(Om, Xi). gn;» ais h;)gj,hi <G, 21
i=1 m=1 jeg

together with the constraints g; , > O forall (7, #) € J xH and constraint (18), where b(s,X)

solves the parent’s problem for a family with (5, X).34

33This discrepancy may reflect omitted mechanisms, such as race being correlated with returns to college.
34See Sections D.1 and D.2 in the Appendix for the definition of inefficiencies in the quantitative model and the
computational algorithm used to solve the planner’s problem.
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5.2 Exogenous Parental Transfers and Binary Schooling Choice

I begin with a simplified setup that closely mirrors the theoretical framework presented in
Section 3.3. First, I assume that parental transfers are lump-sum and exogenous, which
facilitates quantifying the impact of the transfer distribution on the optimal financial aid sched-
ule. Specifically, for each individual, I compute a fixed lump-sum parental transfer—i.e.,
E_,((S, X)=b j+(6, X) for all (j, j’)—that solves the parent’s problem under the current aid
policy. These transfer amounts are then held fixed when evaluating alternative aid schedules.
Second, I restrict the schooling choice to a binary decision: attend a four-year college or not
attend college at all. Under this assumption, I characterize the optimal financial aid schedule

for four-year colleges only.
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Figure 5: Financial Aid Schedules: 4-Year College, Exogenous Parental Transfers

Figure 5 compares the current (solid line) and budget-neutral optimal (dashed line) financial
aid schedules for four-year colleges, both of which allocate approximately $7,500 per individual.
Under the existing policy, students in the lowest parental income quartile receive about $33,000
in total financial aid over four years. Due to the progressivity of need-based aid, this amount
declines to roughly $16,000 for students in the highest income quartile. Notably, the current
aid schedule is already quite close to optimal.

What drives the degree of progressivity—or the slope—of the optimal financial aid sched-
ule across parental income quartiles? In this framework, individuals differ only along two
dimensions: parental transfers, and the monetary and psychic returns to college, with the latter
shaped by both ability and parental income. Consequently, any progressivity in the optimal aid
schedule must arise from how the joint distribution of these two factors varies across income
quartiles. To isolate the contribution of each factor, I construct counterfactual distributions
that hold specific features of the joint distribution fixed across quartiles, while allowing other
features to vary. I then recalculate the optimal aid schedule under each counterfactual, holding

the Lagrange multiplier on the constraint (21) fixed at its value under the actual distribution.
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In the first counterfactual, I focus on the role of average parental transfers. I assume
that individuals in the top three income quartiles are identical to those in the bottom quartile
in all respects, except for a mean shift in their parental transfer distributions. Specifically,
I construct the joint distribution of parental transfers and ability for each of the top three
quartiles by taking the bottom quartile’s joint distribution and adding the respective average
parental transfer difference to every observation. This procedure preserves the inter-quartile
differences in average transfers while keeping the dispersion of the transfer distribution and
the distribution of ability identical across quartiles. To remove remaining variation in psychic
returns by income, I also set v, = 0 for i € {2,3,4}.

The dotted line of Figure 5 shows the financial aid schedule under the first counterfactual
distribution. The aid amount for the bottom quartile is unchanged from the actual optimal aid
schedule (dashed line), since both the distribution for the bottom quartile and the Lagrange
multiplier remain fixed. For the higher quartiles, however, aid amounts are lower under the
counterfactual and drop to zero for the third and fourth quartiles. This pattern illustrates that, all
else equal, an increase in average parental transfers reduces the optimal aid amount, consistent
with Proposition 3(i). The fact that the counterfactual aid schedule is much steeper than the
actual optimal aid schedule suggests that other inter-quartile differences—such as the greater
dispersion of parental transfers and higher average ability for higher quartiles—mitigate the
strong progressivity implied by average transfer differences alone.

In the second counterfactual, I incorporate inter-quartile differences in monetary and psy-
chic returns to college, which were abstracted from in the first experiment. As in the first
counterfactual, I start by assigning to each of the top three quartiles the joint distribution of
parental transfers and ability from the bottom quartile. I then reweight individuals based on
ability—following the approach of DiNardo, Fortin, and Lemieux (1996)—so that the marginal
distribution of ability in each quartile matches that of the actual distribution. This ensures that,
under the counterfactual, the dispersion of parental transfers conditional on ability is identical
across quartiles. To preserve the observed inter-quartile differences in average parental trans-
fers, I add a quartile-specific constant to the parental transfer of every individual in the top
three quartiles. Finally, I account for variation in psychic returns across income quartiles by
allowing the parameter v, to vary with /, as in the baseline model.

Figure 5 shows that the financial aid schedule under the second counterfactual distribution
(dash-dotted line) is less progressive than that under the first counterfactual (dotted line).
This reflects a positive correlation between ability and parental income. Lemma 9 implies
that, for a given level of parental transfer, higher-ability individuals are more likely to be
borrowing constrained and therefore benefit more from financial aid. While Figure 4(b)
shows that individuals with higher ability or higher parental income tend to receive larger
parental transfers, these transfers may not fully offset their greater need for resources to smooth

consumption over time. As a result, incorporating higher average ability for higher parental
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income quartiles reduces the aid amounts for these groups less sharply, leading to a flatter aid
schedule than in the first counterfactual.

Relative to the actual optimal aid schedule (dashed line), however, the aid schedule under
the second counterfactual remains more progressive. This is because, in the actual distribution,
parental transfers are more dispersed—conditional on ability—for higher-income quartiles,
whereas the counterfactual imposes constant dispersion across quartiles. Proposition 3(ii)
shows that greater dispersion in parental transfers increases the optimal aid amount when the
EIS is not too small. This theoretical result continues to hold in our quantitative model, even
though our estimated EIS is relatively low.

Together, these counterfactuals confirm that our theoretical insights on how the distribution
of parental transfers shapes the progressivity of the optimal aid schedule carry over to the
quantitative model: higher average parental transfers among higher-income families alone
imply a steeply progressive aid schedule, but this effect is moderated by the greater dispersion

in transfers for these families.

5.3 Expanding to the Full Schooling Choice Set

I now relax the binary choice restriction between attending a four-year college and not attending
college at all, and instead allow for a full range of schooling choices, including two-year colleges.

Parental transfers remain lump-sum and exogenous.
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Figure 6: Financial Aid Schedules: Exogenous Parental Transfers

Figures 6(a) and 6(b) display the current (solid line) and budget-neutral optimal (dashed
line) financial aid schedules for two-year and four-year colleges, respectively, with both the
current and optimal policies spending approximately $7,000 per individual. Unlike in the

binary choice case, the optimal policy departs significantly from the current one. Aid for four-
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year colleges is substantially reduced—especially for students in the bottom parental income
quartile—while aid for two-year colleges increases, particularly for those from higher-income
families. These changes make the system less progressive and shift public spending from
four-year to two-year colleges.

To understand the forces shaping the optimal aid schedule, I recalculate it under the two
counterfactual distributions introduced earlier: one that varies only in average parental transfers
across income quartiles, and another that also incorporates interquartile differences in ability.
As in the previous exercise, the Lagrange multiplier on the constraint (21) is held fixed at its
value under the actual distribution.

The dotted and dash-dotted lines in Figure 6 represent the optimal aid schedules under the
first and second counterfactual distributions, respectively. Similar to the results in Figure 5
and consistent with Proposition 4(i), both counterfactual optimal policies are more progressive
than the actual optimal policy, since the counterfactual distributions account only for higher
average parental transfers, not the greater dispersion of transfers among higher-income parental
quartiles. The optimal aid schedule under the second counterfactual (dash-dotted line) is
very similar to the first, despite the positive correlation between parental income and ability.
However, it is still substantially more progressive than the actual optimal policy (solid line),
highlighting the role of varying parental transfer dispersion across income quartiles. As
Proposition 4(ii) suggests, greater dispersion of parental transfers in higher-income groups
increases optimal aid for these groups. This effect is especially pronounced for two-year
colleges, for which the optimal aid schedule is effectively flat. While the optimal aid amount
for four-year colleges exceeds that for two-year colleges among lower-income quartiles, the
opposite is true for the top income quartile—an outcome consistent with Proposition 5(ii) and
standing in stark contrast to the current policy, which allocates more aid to four-year colleges.

These results underscore that the impact of the parental transfer distribution on the optimal
progressivity of financial aid depends on the level of schooling. Youth with lower parental trans-
fers disproportionately self-select into more affordable two-year colleges, raising the marginal
benefit of expanding aid at these institutions. This effect is particularly strong for higher-income
groups with greater inequality in parental transfers, producing a relatively flat and elevated aid

schedule for two-year colleges.

5.4 Endogenous Parental Transfers

Up to this point, I have focused on a simplified framework aligned with the theoretical model,
where parents provide a lump-sum transfer under the current policy, and this amount is held
fixed when evaluating alternative policies. I now turn to the full quantitative model, in which
parental transfers vary across schooling levels and are endogenously determined based on the
policy in place—not just the current one. In this setting, a $1 increase in financial aid results in

less than a $1 increase in youth resources, as parents partially offset the aid by reducing their
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Figure 7: Financial Aid Schedules: Endogenous Parental Transfers

Table 2: Effects of Optimal vs. Current Policy under Endogenous Parental Transfers

Parental Income Quartile

All
Q. Q2 Q3 Q4
A. 2-Year Colleges Only
Financial Aid ($1,000) 1.9 43 7.5 3.8 44
Parental Transfer ($1,000) 0.5 1.8 3.0 8.8 2.2
Attendance Rate (ppt) 1.4 4.4 6.3 5.5 4.4
Consumption Distortion ($1,000) -2.7 -6.7 -12.6 -7.9 -71.5
B. 2- and 4-Year Colleges
Financial Aid ($1,000) 0.5 2.2 9.2 0.7 34
Parental Transfer ($1,000) -1.2 6.2 -25 -19.2  -10.5
Attendance Rate (ppt) 1.0 1.0 1.5 0.9 1.1
Consumption Distortion ($1,000) 1.3 0.6 4.7 1.1 2.1
C. 4-Year Colleges Only
Financial Aid ($1,000) 29 43 3.6 -6.4 -2.4
Parental Transfer ($1,000) 3.7 48 -15.7 1.3 -7.4
Attendance Rate (ppt) -1.8  -33 -2.0 -5.5 -3.1
Consumption Distortion ($1,000) 0.5 2.9 -0.2 1.6 1.1
D. All Individuals
Financial Aid ($1,000) -04  -05 3.6 -2.8 0.0
Parental Transfer ($1,000) -0.2  -09 -2.9 0.0 -1.0
College Attendance Rate (ppt) 0.6 2.1 5.8 0.9 23
Efficiency Loss ($1,000) 02 -07 -25 -0.6 -1.0
Consumption Distortion -0.1 03 -0.4 0.4 0.0
Schooling Distortion 0.1 -1.0 -21 -1.0 -1.0
Welfare ($1,000) -04  -0.7 32 -2.1 0.0

35



transfers. That is, the marginal utility of additional aid is dampened by the crowding out effect.
Naturally, this effect is weaker for youth who receive little parental support to begin with.

The dashed lines in Figure 7 show the optimal aid schedules with endogenous parental
transfers, which allocate approximately $7,900 per individual. Relative to the current policy
(solid lines), which spends the same amount, the optimal policy for four-year colleges is only
slightly more progressive in terms of the aid gap between the bottom and top parental income
quartiles, with generally lower aid amounts—except for the third quartile. For two-year colleges,
the optimal aid schedule is both higher and less progressive than the current one. Compared
to the case with exogenous parental transfers (Figure 6), the optimal aid schedules are steeper
when transfers are endogenous. This reflects the fact that the crowding out of parental transfers
is stronger for youth in higher-income quartiles, who receive larger transfers on average.

While endogenous parental transfers make the optimal financial aid schedules more pro-
gressive, the greater dispersion of transfers among youth from higher-income families can still
contribute to a flattening of the aid schedules. To evaluate this effect, I consider a counterfac-
tual environment that abstracts from within-group heterogeneity in parental altruism—the key
driver of within-group variation in transfers. The budget-neutral optimal aid schedules under
this counterfactual are shown as the dotted lines in Figure 7. For four-year colleges, the aid
schedules are steeper, consistent with the reduced variation in within-group inequality across
income quartiles when parental altruism is homogeneous. Although progressivity is slightly
lower for two-year colleges under the counterfactual, the overall level of aid is also lower, re-
flecting a reallocation of resources from two-year to four-year colleges. These results highlight
the importance of accounting for within-group heterogeneity in parental transfers—driven by
variation in altruism—when designing optimal financial aid policies.

Table 2 presents the effects of the optimal policy relative to the current policy in the
baseline environment featuring within-group heterogeneity in parental altruism. Panels A—C
report outcomes by schooling choice, while Panel D summarizes results for all individuals. As
discussed earlier, the optimal policy increases financial aid for two-year colleges and reduces
aid for four-year colleges, though to a lesser extent. As a result, individuals who attend both
two- and four-year colleges receive more aid overall. These adjustments to the aid schedule
lead to an increase in the share of individuals choosing two-year colleges, accompanied by a
decline in those selecting the four-year-only option. Overall, the college attendance rate rises
across all income groups under the optimal policy.

The optimal policy reduces overall efficiency losses by $1,000 per individual, entirely
driven by a decline in the schooling distortion. In contrast, average consumption distortion
remains largely unchanged, despite a more efficient allocation of aid. The substantial increase
in financial aid for two-year colleges across all parental income quartiles significantly reduces
consumption distortion among individuals who attend only two-year colleges. However, their

consumption allocation remains distorted on average, so the increase in their attendance rate
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under the optimal policy places upward pressure on the average consumption distortion, partially
offsetting improvements elsewhere.

Efficiency losses decline for all parental income quartiles, despite most groups receiving
less financial aid and parental transfers on average under the optimal policy—only the third
parental income quartile experiences an increase in aid sufficient to offset the reduction in
parental transfers. The reduction in schooling distortion appears to be the primary driver of
efficiency gains across all groups, while the intertemporal consumption allocation worsens for
the second and fourth quartiles—those experiencing the largest reductions in financial aid.

Youth’s welfare gains from the reform, measured by the change in their money-metric
indirect utility, are equal to the sum of changes in financial aid and parental transfers, plus the
efficiency gain (Lemma 3 for the case of endogenous parental transfers). Under the optimal
policy, aggregate welfare does not improve, as the efficiency gain of $1,000 per individual is
fully offset by the crowding out of parental transfers.>> At the group level, welfare gains largely
mirror changes in financial aid, with gains accruing only to the third parental income quartile.

These results indicate that simply redesigning the financial aid schedules within the existing
budget could generate meaningful efficiency gains by better targeting individuals more likely
to be borrowing constrained due to low parental transfers. However, such efficiency gains do
not necessarily lead to improvements in youth welfare if parents respond by reducing their

transfers.

6 Externality of Education

Until now, the analysis has focused on financial aid as a tool to address inefficiencies caused
by borrowing constraints. However, a complementary rationale for subsidizing education is
the presence of externalities—that the social return to education exceeds the private return. In
section, I extend the analysis to the case where private returns are suppressed by the disincentive

effects of income taxation on education (Bovenberg and Jacobs, 2005).

6.1 Modifying the Optimal Policy Formula

I first show how the optimal policy formula (6) is modified to account for externalities in the
theoretical framework of Section 3.3, which features binary choice and exogenous parental
transfers. For j € {0, 1}, let y;, defined earlier, represent after-tax earnings, and define ¥; as
before-tax earnings, so that 7; := §; — y; is the income tax paid. I assume 71 > 79, implying

that the private earnings returns to college, y; — yg, is smaller than the social return, j; — ¥g.

35When family welfare is defined as the sum of (13) and (14), it increases by $1,000 due to higher parental
consumption resulting from reduced transfers. With endogenous transfers, minimizing inefficiencies for a given level
of aid spending is equal to maximizing family welfare. See Section D.1 of the Appendix for details.
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While individuals base their schooling decisions on after-tax earnings, the social planner
values before-tax earnings. Let Ly (b, g) denote the efficiency loss from suboptimal schooling
choices, accounting for the social return. It mirrors Ls(b, g), but replaces y; with §;. The
total efficiency loss, L(b,g) = Ls(b,g) + L.(b, g) can then be written, up to constant terms,
as L(b, g) minus the total tax paid under the current allocation, [1 — p(b, g)]7o + p(b, g)711.3¢

The social planner allocates income tax revenues and other funds to financial aid and other

expenditures. The planner’s budget constraint is given by:

Z nnPr(gn)gn + E < Z nh{[l - P(gn)] 0 +Ph(gh)T1}, (22)

heH . heH
other net spending

spending on financial aid revenue from income tax

where £ > 0 represents net non-aid spending and is assumed to be exogenous. Unlike the
previous budget constraint (4), the planner’s spending on financial aid is not fixed: additional
aid can be funded through higher tax revenues.

Taking tax policies as given, the optimal financial aid schedule that accounts for the
education externality, denoted (&7,), e, minimizes the total efficiency loss L(b, g), aggregated

across individuals, subject to (22) and g > O for all 2. When gj, > 0, the optimal aid satisfies

gh=TI—T0 ~ (23)
—_— P (&n)
Pigouvian correction

Pu(@n) [ [ Vi(b+gn)mpun(b,gn)db »
1+1 ’

where A > 0 is the Lagrange multiplier on the constraint (22). This expression is identical to
the baseline formula (6), except for the Pigouvian correction term 71 — 79, which increases the
optimal level of aid to offset the effects of taxation, as shown by Bovenberg and Jacobs (2005).

When 11 = 19, there is no incentive to encourage college attendance at the margin, due to a
negative fiscal externality: aid given to marginal students—those indifferent between attending
and not attending—raises costs without yielding benefits. In contrast, when 71 > 19, expanding
college attendance can be socially beneficial if it increases tax revenues net of aid costs. In this
case, total aid spending can also rise, provided it is offset by higher tax revenues.

Although the Pigouvian correction term is identical across groups, it can give rise to a
progressive aid schedule due to heterogeneity in behavioral responses, as highlighted by Colas,
Findeisen, and Sachs (2021). To isolate this mechanism, consider the case where 1 — o, s0
that the planner maximizes net tax revenue. In this case, the optimal aid policy simplifies to
gn = 71 — 10 — Pn(gn)/ P} (8n), implying that groups with stronger enrollment responses—
typically those with lower parental income—receive greater financial aid. This contrasts with
the case without externalities, discussed in Section 3.3, where stronger enrollment responses

increase the marginal cost of aid, thereby reducing optimal aid levels.

36See Section E.1 of the Appendix for the expressions of L (b, g) and L(b, g).
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Nonetheless, the optimal policy formula (23) shows that the paper’s central mechanism
remains relevant with externality: variation in the distribution of parental transfers across

groups shapes the optimal aid schedule by altering the marginal benefit of aid.

6.2 Quantifying the Effects of Externality

I now solve for the optimal policy accounting for externality in the quantitative model from
Section 4.37 The dashed lines in Figure 8 show the optimal financial aid schedules when
accounting for the externality, and Table 3 reports the effects of the optimal policy relative
to the current policy. Under the optimal policy, total spending on financial aid increases
by approximately $5,000 per individual, fully financed by higher tax revenues from greater
educational attainment. This expansion is concentrated among the bottom two income quartiles,
making the aid schedule more progressive than the current policy for both two-year and four-
year colleges. The progressivity is particularly pronounced for four-year colleges: students
in the top parental income quartile receive less aid than under the current policy, despite the
overall increase in program size.3® Aid also expands more at two-year colleges than at four-year
colleges, with two-year college students receiving more support than under the current policy
across all income groups.

The optimal aid schedules are also more progressive than in the case without externality
(Figure 7). As discussed in Section 6.1, this reflects that college enrollment among students
from lower parental income groups tends to respond more strongly to aid expansion, gener-
ating greater tax revenues. This strong progressivity induced by the fiscal externality can be
moderated by greater inequality in parental transfers among higher-income groups. The dotted
lines in Figure 8 show the optimal financial aid schedules under the same externality, but in the
counterfactual environment considered earlier, where parental altruism is homogeneous within
each income quartile. These schedules are more progressive for both college types than those
under the baseline environment (dashed lines). Moreover, optimal aid amounts for two-year
colleges in the counterfactual are lower than those in the baseline and even lower than under the
current policy. These patterns mirror the results without externality, confirming a key insight
from the quantitative exercise: within-group heterogeneity in parental altruism—which drives
greater inequality in parental transfers among higher-income groups—reduces the progressivity
of optimal aid and reallocates resources toward two-year colleges.

Returning to the baseline environment, the optimal financial aid schedules yield a substantial
reduction in inefficiencies—approximately $7,000 per individual. Across all parental income

quartiles, this improvement is driven entirely by a better allocation of schooling investment,

37See Section E.2 of the Appendix for the modified definitions of schooling distortion and the planner’s problem
that incorporate externality.

38The progressivity of the optimal financial aid schedule for four-year colleges is quantitatively comparable to the
baseline result of Colas, Findeisen, and Sachs (2021).
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Figure 8: Financial Aid Schedules: Endogenous Parental Transfers and Externality

Table 3: Effects of Optimal vs. Current Policy under Endogenous Parental Transfers and Externality

Parental Income Quartile

All
Ql Q2 Q3 Q4
A. 2-Year Colleges Only
Financial Aid ($1,000) 7.0 11.0 5.1 2.3 6.2
Parental Transfer ($1,000) -3.9 -14.1  -19.5 -10.6 -114
Attendance Rate (ppt) 0.9 4.5 4.7 3.2 33
Consumption Distortion ($1,000) -9.9  -15.7  -9.0 -4.9 -9.6
B. 2- and 4-Year Colleges
Financial Aid ($1,000) 11.8 16.3 6.0 0.1 9.8
Parental Transfer ($1,000) -17.0  -30.5 -8.9 0.5 -28.6
Attendance Rate (ppt) 34 3.7 1.0 0.6 2.2
Consumption Distortion ($1,000)  -3.8 -0.1 2.7 -0.3 1.0
C. 4-Year Colleges Only
Financial Aid ($1,000) 9.8 10.8 1.9 -4.6 5.0
Parental Transfer ($1,000) -40.3 -36.7 -1.3 4.1 -29.5
Attendance Rate (ppt) 14.4 9.7 -0.9 -2.8 5.1
Consumption Distortion ($1,000) 4.2 4.4 0.6 1.4 33
D. All Individuals
Financial Aid ($1,000) 10.4 10.4 2.2 -2.1 5.2
Income Tax ($1,000) 9.8 9.1 2.0 0.0 5.2
Parental Transfer ($1,000) 0.4 -1.2 -1.6 1.0 -0.4
College Attendance Rate (ppt) 18.6 17.9 4.8 1.1 10.6
Efficiency Loss ($1,000) -11.1 -128 -39 -0.7 -7.1
Consumption Distortion 3.1 1.5 0.2 0.5 1.3
Schooling Distortion -142 -143 -4.1 -1.2 -8.4
Welfare ($1,000) 12.2 12.9 2.5 -0.4 6.8
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while intertemporal consumption allocation exacerbates, due to the significant increase in
educational attainment induced by the aid expansion. Notably, the increased aid amounts
for four-year colleges worsen intertemporal consumption smoothing among those who attend
only four-year colleges. This deterioration results from a reduction in parental transfers, which
reflects both the crowding out effect and a compositional shift, the latter arising as expanded aid
at four-year colleges draws in individuals with lower parental transfers into those institutions.

With the externality, the youth’s welfare gain from the optimal policy equals the sum
of (i) changes in financial aid, net of taxes paid—the only difference from the case without
externality—(ii) changes in parental transfers, and (iii) the efficiency gain.’° The optimal
policy improves youth welfare by around $7,000 per individual—an amount roughly equal
to the efficiency gain, as the crowd out of parental transfers is relatively small. These gains
primarily accrue to the bottom two quartiles, where financial aid increases the most. Because
the increase in aid for each group is largely offset by higher taxes paid by that group, and
parental transfer adjustments are relatively small, the welfare improvements across income
quartiles primarily reflect efficiency gains, particularly from better schooling allocation.

In sum, recognizing the fiscal externality of education strengthens the case for progressive
and expansive financial aid policies. Even when accounting for behavioral responses by parents,
well-designed aid expansions can yield substantial efficiency and welfare gains. Importantly,
the central insight from the baseline analysis without externality remains: greater inequality in
parental transfers among higher-income groups, driven by heterogeneity in parental altruism,
weakens the progressivity of optimal aid and shifts resources toward two-year colleges. In fact,

absent this heterogeneity, the optimal aid schedules would be even more progressive.

7 Conclusions

As the cost of higher education continues to rise, there is increasing concern that many young
people without substantial parental support lack the necessary resources to attend college.
While current policy discussions around financial aid mainly focus on disparities in family
resources, this paper highlights significant inequality in parental transfers even among students
from families with similar financial means. This poses a challenge for financial aid design, as
parental transfers are not directly observable by aid authorities, complicating efforts to target
assistance effectively.

I show that unobservable heterogeneity in parental transfers—conditional on family re-
sources—has important implications for the design of need-based financial aid, even when
equity concerns are set aside. Youth who receive low parental transfers are more likely to be
borrowing constrained and to underinvest in education, and can therefore be better targeted by

increasing aid at lower levels of schooling, such as two-year colleges. Because parental transfers

39See Section E.2 in the Appendix for details.
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are only imperfectly correlated with family resources, financial aid need not decline sharply
with family resources. The quantitative analysis suggests a reform that reallocates financial aid
from four-year to two-year colleges to improve targeting. Such a reform also reduces the gap
in aid across income groups for two-year colleges, thereby offering broader public support for
college attendance—including for youth from high-income families. The potential efficiency
gains from such a budget-neutral reform, while modest, are nontrivial.

Universally expanding public support for two-year colleges has been a prominent topic in
policy debates, particularly since President Obama introduced America’s College Promise in
2015—a legislative initiative to make community college tuition-free. While free community
college proposals have drawn substantial media attention and led to legislation at the state and
local levels, critics argue that such policies are poorly targeted: “covering the full tuition of
all community college students would mean middle-income, and even upper-income, students
would get hefty subsidies, even though many do not need the help” (Butler, 2015).

However, the results in this paper suggest that eliminating community college tuition
could improve efficiency, as some students from middle- and high-income families receive
little parental support and would benefit from additional aid. At the same time, the analysis
implies that generous aid for two-year colleges should be offset by reduced aid for four-year
colleges, since students with substantial parental support—who are less in need of aid—are
disproportionately likely to attend four-year institutions. Therefore, free community college
proposals should be considered within a broader framework that reevaluates tuition and financial

aid policies across all types of institutions.
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Appendices

A Additional Details on the NPSAS:12 Data

Parental transfer amounts are based on the student survey question: “Through the end of the
2011-12 school year, about how much will your parents (or guardians) have helped you pay for
any of your education and living expenses while you are enrolled in school?” The responses are
reported in 12 categories,! from which I compute percentiles by assume a uniform distribution
within each interval. To calculate the mean reported in Table A.1, I additionally assume a

Pareto distribution at the top two bins and estimate the shape parameter based on the bin shares.

Table A.1: Average College Costs and Financing Sources ($)

Variable 2-Year 4-Year
Tuition and Fees 2,846 8,198

Cost of Attendance 13,974 22,336
Expected Family Contribution 6,769 12,552
Parental Transfers 2,065 5,884

Earnings While Enrolled 4,164 2,673

Grants 3911 5,771

Federal Student Loans 1,273 4,647

Private Student Loans 110 524

Table A.1 presents average college costs and financing sources for the sample.? In the
2011-2012 academic year, the average cost of attendance was $13,974 for two-year colleges
and $22,336 for four-year colleges, with the difference driven largely by tuition and fees. On
average, about half of the cost is expected to be covered by students and their families through
the EFC, while grants account for roughly 30%, and the remaining gap can be financed through
federal student loans.®> In practice, however, families often contribute less than their EFC,
with parents covering less than half of the EFC on average. Even after including students’
own earnings, this falls short of meeting the full cost of attendance—particularly at four-year
institutions. The gap is filled in part through federal student loans and, presumably, by reducing

living expenses.*

1The categories are: $0, less than $250, $250 to $500, $501 to $1,000, $1,001 to $1,500, $1,501 to $2,000, $2,001
to $5,000, $5,001 to $10,000, $10,001 to $15,000, $15,001 to $20,000, $20,001 to $25,000, and more than $25,000.

2All results based on the NPSAS:12 data use sample weights and are obtained through the National Center for
Education Statistics DatalLab website. Direct access to the data is granted only to users in the U.S.

3For dependent students in 2011-2012, the annual loan limits were $5,500 for first-year students, $6,500 for
second-year students, and $7,500 for third-year students and beyond.

4Students rarely borrowed from private lenders, likely due to higher costs and more stringent requirements.
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B Proofs and Analytical Details

B.1 Money-Metric Utility

I show that the utility function (1) is a money-metric transformation of the standard additively
separable utility function u(c;) + Bu(cz), where u(c) = (¢~ = 1)/(1 — 1/y). Define the
expenditure function that gives the minimum lifetime consumption to achieve a given utility
level U:

C(U,R) = gncr; {cl + R_lcz}

subject to u(cy) + Bu(cy) > U,

c1=>20,¢c0 >0.

Then, C (u(cl) + Bu(cs), R) is the money-metric utility function that measures individual
welfare in monetary terms (McKenzie, 1957). Since SR = 1, it is equal to the utility function

(D

Y
y-1

(1= L) [uer) + Bu(ea)] + (14 )
C(u(cy) +Bu(cr), R)

1+ (,BRl_;)y];

1 y=1 ﬁ y=1\ 5
+BT T )

(1+ﬁ)(1

=U(c1, c2).

B.2 Proof of Lemma 1

When (2) does not bind, Vi(b +g) = y1 +b+g —k and V[(b + g) = 1. When (2) binds,
Vitb+g)=U(ci,c2), whereci =b+g—k +l<cy= R(y;1 — Z). Therefore,

B e\
Vl(b+g)_(l+,8+l+/3(c1) ) > 1.

B.3 Proof of Lemma 2

Part (i): The derivative of p(b, g) withrespectto bis f(Vi(b+g)—Vo(b))[V|(b+g) -V, (b)].
Therefore, the result follows from Vj(b) = 1 and Lemma 1.
Part (ii): The derivative of p(b, g) with respect to g is f(Vi(b+g) — Vo(b))V/(b+g) > 0.
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B.4 Proof of Lemma 3

First, notice that L (b, g) can be written as follows:

Ls(b,g) =/ max{yo +&,y1 — k}dF(g) = V(b,g) — [1 = p(b.g)] [yo — Vo(D)]

—pb.g)|[yi —k-Vi(b+g)],

which follows from

Losvi (b+a)-Vo(b) (Y0 + &) + Lo<v, (b4g) Vo (b) (V1 — k)
=Lesv, (b+g)-Vo(b) [Vo(D) + & + Y0 = Vo () | Lo <v; (b+g)-vo(p) [VI(D + 8) + y1 —k = Vi(b + g)]
=Los vy (b+g)-Vo(b) | Vo (D) + ] + Lo <vy (brg)-vi (1) V1 (B + 8)

+Los vy (brg)-Vo (k) [0 = Vo(B) | + Lacv; (beg)-vom) [y1 — k = Vi(b + 8)].
Therefore,
Lu(b.) + Le(b.g) = [ max(yo+ 231 = K)aF(e) = V(b.0) + [1 = p(b.0)]b

—p(b, Q) [y —k=Vi(b+g)| +p(b,g)|[(yi+b+g—k) - Vi(b+g)]

=/ max{yo + &,y — k}dF(&)b+p(b,g)g —V(b,g).

B.S Proof of Proposition 1

Suppose that (2) does not bind for all individuals in group 4 and g5, > 0. Then the first order

condition becomes

1=(1+2)

P (8
1+ h(gh) Ah:| ‘

Pu(gn®

This condition can hold only when P} (§,) = A = 0. If P} (§,) > 0, then the right hand side of

the equation is strictly greater than 1. Therefore, g, = 0 must hold in this case.

B.6 Proof of Corollary 1

Suppose that (2) does not bind for all individuals. If g, = O for all &, then >, ny Pr(gn)én =
0 < G, implying A = 0. If g5, > O for some £, then 4 = 0 must hold by Proposition 1.

B.7 Proof of Lemma 4

Since V{(b + g) = 1 when (2) is slack, we only need to consider the case (2) is binding. In this

case, the derivatives of the indirect utility function are partial derivatives of the utility function
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with respect to c;.

The first derivative is

dU(c1,c2)
acl B

! + B c_%c%ﬁ.
1+8 1+p! 2

The second derivative is

2-y
2 -11-2y  (y=1)? =1 {14y _1 | T
9°U(cy, ¢2) =_l B 1 CYTfyy ) B_ %5 (V-E)Cﬂyz—w <0
ac? yl1+p|1+p ! 2 1+8! 2
The third derivative is
3-2y
3 -1 1= (y-1)2 -1 1+ -1 | >
PU(cres) 1 p R = ol v B =
dc3 y2(1+B)2 | 1+p ! 2 1+8! 2
—ry-1 (=12 -@2y-1) y-1
(2,)/_ ])CIY(Z*Y) C27(2*7) +(1 +y)ﬁcly(277) C;(Zﬂ/) ,

which is positive if y > 1/2.

B.8 Proof of Lemma 5

First, notice that my, 1 (b, g)/mp1(b,8) = [p(b, g)mp (b) [P (8)1/[p (b, 8)mu(b)/Pr(g)] =
[mp (b)/ Py (g)]/[mn(b)/Pr(g)] holds. Therefore, my1(b, g)/mp1(b, g) is also increasing
in b. Since the monotone likelihood ratio property implies first-order stochastic dominance
(Milgrom, 1981), the parental transfer distribution conditional on college attendance of group
h’ first-order stochastically dominates that of group /. Since V| (b + g) is decreasing (Lemma
4), [V{(b+g)mp(b,g)db < [V/(b+g)my(b,g)db holds for all g.

B.9 Proof of Lemma 6

Since mp|1 (b, g)/mu1(b, g) = [mpn(b)/Pr(g)]/[mn (b)/Pp(g)], the unimodality of my, (b) /mp: (b)
implies that mp1 (b, g)/mp|1(b, g) is also unimodal in b. As shown by Ramos, Ollero, and
Sordo (2000) and Hopkins and Kornienko (2004), the unimodality of m (b, g) /mp|1(b, g),
along with f b [mh|1 (b,g) —mp (b, g)] db = 0, implies that the parental transfer distribution
conditional on college attendance of group % second-order stochastically dominates that of
group h’. Since V(b + g) is convex when y > 1/2 (Lemma 4), f Vi(b+g)mp (b, g)db >

[ V{(b+g)mp (b, g)db holds.
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B.10 Proof of Proposition 2

First, note that E[z] = —1 and SD(z) = 1. Therefore, the support of & is bounded above by

u + o. The cumulative distribution function of € over its support is

8_’u—1)=exp(8_—'u—1),
o o

F(e)=Pr(p+o(z+1) Se):Pr(zS

and its density is

fle) =t exp (E2H -1) - Fe)

ag ag

Using the expression for the semi-elasticity (7) for the case of p(b, g5,) < 1 for all b, the optimal
policy formula (6) becomes (8).

B.11 Proof of Lemma 7

Consider a fixed group & and define x = b + g. Let ri1p1(x, g) denote the density of x
conditional on g among college attendees. It is equal to m | (x — g, g) when x > g and is zero
otherwise.

I first show that, for g" > g, ritp)1(x, 8") /i (x,8) = mpp(x — g’,8") /mp;1(x - 8, 8)
increases with x when x > g’. Forx’ > x > g/,

mu (X' —8.8) _p(x'—g,8)malx’—g) _p&x'—gg)ma(x’—g") _mun(x’— g’ 8")
mp(x—g,8) plx—g.8) mp(x-g) ~ plx—-g.g) mp(x-g) mui(x-g.g)

This inequality follows from two facts. First, due to the linearity of Vy(-),

p(x'—g,8) e (Vl (x") =Vo(x" = g) = [Vi(x) = Vo(x — g)])
222 —exp
p(x—g,8) o
Cex Vi(x’) —Vox" = g") = [Vilx) = Vo(x —g)]\ _ p(x"—g’,¢g")
- P o Cplx-g.g)’

Second, consider the following inequality:

mp(x'—g) _ mu(x' ~g’)
mp(x—g) =~ mp(x—g’)"

This holds if and only if my (x" — g)/mj (x — g) is increasing in g, that is,

B mp(x —g) _ —my (0 = gmp(x = g) +mp(x — g)mj (x - g) 20
dg mp(x—g) mp(x — g)> o
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which is equivalent to

my(x—g) m(x'-g)
mp(x—g)  mp(x’—g)’

This holds due to the log-concavity of my(b) (Assumption 2). Therefore, for g’ > g,
ip 1 (x,8") /My (x, g) increases with x when x > g’.

Since the support of 7)1 (x, g) depends on g, I next establish the relationship between
the monotone likelihood ratio dominance and first-order stochastic dominance with potentially

different support.

Lemma B.10. Consider a series of random variables indexed by i. For each i, the random
variable is distributed over its support [x;, o) with a cumulative distribution function ®;(x)
and a probability density function ¢;(x). If x;, < x,, and ¢;(x)/¢;(x) is increasing in x over
x > x,, then ®y(x) < ®;(x) for all x.

Proof. For x” > x > x,,, we have the following monotone likelihood ratio dominance:

dir(x) < #i(x)
¢ (x’) ~ pi(x")’

(B.1)

Since ¢ (x) = 0 for x < x,,, (B.1) also holds for all x < x’. Therefore, integrating (B.1) over

x < x’ gives

X i (x) X pi(x)
dx < dx,
BT Rl B ET S

which is equivalent to

_ ¢i'(X’) <_ ¢,-(x’) ‘
[Sgr@de [T gi(x)dx

Integrating this over x” > x”, where x” > x,,, gives

T () )

— ' d.xl S x’ d'x,‘ (B2)
¥ [T ¢ (x)dx X [ i(x)dx
Then, (B.2) can be written as follows: for all x” > x,,,
@, (x") =exp|— Ma’x’ <exp|- #dx’ = ®;(x").
x" f_oo ¢ir(x)dx x" /_w ¢i(x)dx
Moreover, for x” < x,,, we have @y (x") = 0 < @;(x"). O

This lemma implies that, for g’ > g, the distribution of x conditional on g’ first-order

stochastically dominates that conditional on g. Since V{(x) is decreasing in x (Lemma
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4. [ V{(b+ gmuyi(b.g")db = [ Vi) (e.g)dx < [ V()i (x. g)dx = [ Vi(b+
g)mp1 (b, g)db follows.

B.12 Proof of Proposition 3

Part (i): Suppose that my (b)/myj(b) is increasing in b for all b and gj» > g5. From the
optimal policy formula (8), gp > gu implies [ V/(b + &n)mp 1 (b, 8p)db > [V/(b +
&n)mp|1(b, §n)db. Moreover, since my (b)/my(b) is increasing in b , Lemma 5 implies
[Vi(b + gnymui(b,8n)db > [V](b+ gn)mp 1 (b, §n)db. Therefore, we have [ V(b +
gn)mp (b, gn)db > /Vl’(b + &n)mp1(b, §n)db. By Lemma 7, this implies g, < gx,
leading to a contradiction. Therefore, g, < g, must hold.

Part (ii): Suppose that my, (b)/my (b) is unimodal in b, f b[mh“(b,g)—mh/“(b,g)]db =0
for some g between gj, and g/, v > 1/2, and g < 5. From the optimal policy formula (8),
gw < &n implies [ V(b + gn)mu 1 (b, gn)db < [ V{(b+ gn)mp (b, &n)db. Consequently,
by Lemma 7, [ V/(b+8)my1(b,8)db < [ V|(b+8g)my1(b,§)db also holds for § € [gy, 8r]
such that /b[mh/u(b,g) - mh“(b,g)]db = 0. However, since my,(b)/my (b) is unimodal
in b and vy > 1/2, Lemma 6 implies fVl’(b + 8)mp (b, 8)db > / V(b + &)mpu1(b, 8)db,

leading to a contradiction. Therefore, g, > g, must hold.

B.13 Proof of Corollary 2

Under Assumption 3, my, (b) /mp(b) = exp (b(1/6,—1/604))01 /6. Therefore, my (b) /mp, ()

is increasing in b if 6, > 6},. Then, the result follows from Proposition 3(i).

B.14 Analytical Details on Section 3.4

Conditional Choice Probabilities and Values. Let & = (g;);eq denote a vector of
psychic return for each college option j, distributed with a cumulative distribution function
F1(-). Then, the fraction of individuals choosing j, conditional on (b, g) and attending college

is
pj|1(b’g) = /I[jeargmanIEj{Vj/(b+gj/)+8j/}dF1(81)'

The average indirect utility of attending college conditional on (b, g) is

Vi(b, g) 2=/I}lez}%i{vj(b+gj)+8j}dF1(81).
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Finally, the average indirect utility conditional on (b, g) is
V(b, g) = / max {Vo(b) +&,Vi(b, g)}dF(s).
Efficiency Losses. The efficiency losses from intertemporal consumption distortion is

Le(b,g) = ) pi(b,)[(yj+b+g;—ky) = Vi(b+g)].
jeg

The schooling distortion is

Ly(b.g) = [ max {yo vo. [ max; -k + sj}dF1<s>} 4 (@)~ [ Loovitngr-vin 00 + ) ()
-p(b,g) Z /Hjéargmaleej{vi/(b+gj/)+aj/}(yj —kj+e&j)dFi(&)).
Lemma B.11. The average indirect utility can be written as follows:
V(b,g) :/ max {yo +&, / max{y; - k; +&;}dFy (81)} dF (g) +b + ;(]pj(b,g)gj ~L(b.g).
J

Proof. First, notice that we can rewrite Ly(b, g) as follows:

Ls(b,g):/max{yo+s,/rjnez})7({yj—kj +8j}dF1(81)}dF(8)

—[1=p(b. @[y =Vo®)] = > pi(b.&)|yj—k; = Vi(b+gp)] - V(b.g),
Jjeg

which follows from
/ Lesv, (b.g)-vo(b) (Yo + €)dF () + p(b, g) Z / Ljeargmax ;oo 5 (V;r (b+g; 421 (V) — K j + &)dF1(&1)
JET
=/ Lesvi (b.g)-Vo(b) | Vo(B) + € + yo — Vo(b) | dF (e)

+p(b,g) Z /]Ianrgman/EJ{Vj/(b+gj/)+sj/}[Vj(b+gj)+€j +yj—kj = Vi(b+g;)]dFi(e1)
jeg

=[1-p(b,&)][yo - Vo(b)] + Z pi(b.g)|yj—k;=Vi(b+g;)| -V(b,g).
JET
Therefore,
Lo(b,g)+ Lg(b,g) :/ max {yo + g,/ mz?;{yj —kj+e&;}dF, (81)} dF(e)+b
JE€

+ > pi(b,2)g; ~V(b,g).
JeT
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Planning Problem. Define

Pjn(g) 2=/pj(b,g)mh(b)db.

Definition 2. The optimal policy (&5)neq solves

min " nh/L(b,gh)mh(b)db

(&n)nen heH
subject to Z np Z Pin(b,gn)gjn <G, (B.3)
heH jeg

and gjp > 0 forall (j,h) € J X H. Let 1 > 0 be the Lagrange multiplier on the constraint
(B.3).

The first order condition with respect to g j is

OPp,j(8n)  8&j.n
V(b + 8, n)mu; (b, gn)db < (1+2) |1+ : ik
/J( &j.n)mn (b, &n) (1+4) Jé 9gj.n  Pjn(&n)

Proposition B.7. Suppose Assumptions | and 4 hold. If §; , > 0 and p(b, &) < 1 for all b,
then g; i satisfies (9).

Proof. With Assumption 4,

exp ([VJ-(b +g;) +,uj]/0')

Syeqexp([Vitb+gp) +uplfo)

pin(b,g) =

bl

Vi(b, g) ZO'III(Z exp ([Vj(b+gj) +,uj]/0')).

JjeJ

Then, with Assumption 1, when p(b,g) < 1,

p(b,g) =exp 0B HOEI 20 0) = exp (W——ﬂ—‘f)

o o

Z exp ([VJ-(b +g;) +,uj]/0').

Jjeg

Therefore,

Vj(b+gj)+,uj—Vo(b)—ﬂ—‘T)
(oA

pj(b,g)=p(b,g)pj(b,g) = eXp(
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This implies

oPyn(g 1 _ = [ Vib+gj)mp;(b,g)db, forj =],
ag] P],h(g) 0, fOl’j'#j.

Therefore, the first order condition for the case of §; , > 0 and p(b, g) < 11is

, . . &j.n , . .
[ Vit gy b.girs = 1+ |14 Z22 [ vio s gm0, 200 .
(oa

Rearranging this equation gives (9). O

Lemma B.12. Suppose that Assumptions 1, 2, and 4 hold. If p(b,g) < 1 for all b, then
/ Vi(b+gj)mp (b, g)db is decreasing in g ;.

Proof. It is straightforward to see that the proof of Lemma 7 also applies to this case, once we
replace V(b +g) with V; (b + g;). O

B.15 Proof of Proposition 4

It is straightforward to see that the proof of Proposition 3 also applies to this case, once we

replace V(b +g) with V; (b + g;).

B.16 Proof of Lemma 8

Since g;» = gj and R(y; -0/(b +g;—k; +1) is increasing in kjand y;, we have
, i ik
Vj'(b+gj’) _ 1+ﬁmax{l,R(yj/—l)/(b+g_,~r—kj/ +l)} Y

Vib+g))

> 1. (B.4)

1+ Bmax {1, R(y, ~1)/(b+gj - kj'*'Z)}yT_l

Next, my, - (b, g)/mp|;(b, g) is increasing in b due to (B.4):

mp|j (b, g) :Pj/(b,g) mp(b) Ppn,;j(g) ~ e Villb+gj)+puj—Vi(b+g;)—u;\ Pn,j(g)
mp|;(b,g) pj(b,g) my(b) Pp j(g) o Puji(g)

B.17 Proof of Proposition 5

Part (i): It is straightforward to see that Corollary 2 applies to this case, once we replace
Vi(b + g) with Vj(b + gj)-
Part (ii): Define

1

r-l y-1
1+ Bmax{l,x 1}7 ) 1

= >

w(x) = ( T+ 5
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which is decreasing in x. Then, by a change of variables x = (b +g; — k; + 0/ [R(y; — D],

b+gj—kj+i

R(y;—1) & ViR(yj =D +kj = 1) = 0(x).

Vi(b+g)) =w(

The density of x conditional on choice j is my|; (xR(y; —1) —g; +k; —1,g)R(y; = 1), s0

/ V;(b +gj)mpj(b,g)db = /ﬁki” w(x)mh|j(xR(yj - Z) -gj+kj— Z,g)R(y‘,- - i)dx.
0 R()’j.—i)
For j’ > j, consider the ratio between conditional densities of x, where these densities are
strictly positive (x > max{(g; — k; +1)/[R(y; = D)1, (g —k;j +)/[R(y; = D]}):

mp (R(yy = 1) =gy +ky=1,8) (v = 1)
muj(xR(y; = 1) —g;+k;—1.8) (v;—1)
Vi (xR(y; -0+ k jr —Z) +uy —Vi(xR(y; -1 +kj —Z) -l
g
o mu(xR(yy —1) — g +ky—1) P;a(g) (v —7)'
mp(xR(y; 1) =g +k;=1) Prn(8 (y;-1)

=exp

Taking a derivative with respect to x after taking logs gives

w(x) m) (xR(y-,—Z)_g.+k.,_j) B
ROy =)+ e PRy D) - -
7 mu(xR(yy =D =g +kj 1) ma(R(y; ~1) —g; +k; )

Under Assumption 3, this is simplified to

[w(x) B

1
. 5] ROy - v)). (B.5)

Note that, due to b > 0, g; > 0, and the monotonicity of y; and k; in j,

b+gj—kj+7 Z—kj Z—kJ
X = = > — > —.
R(y;—1) R(y; =0 R(ys-1D

Since w(x) is decreasing in x,

= r]nee}}i Vj(O).

wx) fw (Z_—kj_
R(ys=1)

Therefore, (B.5) is negative when 6, < o/maxeq V]f(O). In this case, by Lemma B.10,

the distribution of x conditional on j first-order stochastically dominates the distribution of x

56



conditional on j’ for j’ > j with g;» < g;. Since w(x) is decreasing in x, this implies

eymtpt @@ (XR(yy =) = g + k= 1. g)R(yr = D)dx
k(yj"*z)
> ﬂj_w w(x)mp);(xR(y; - ) - gj+kj ~1, g)R(y; —l)dbx,
R(y;-1)

which is equivalent to

/0v;,(b+gj,)mh|j,(b,g)dbz/0 V(b +gj)mp; (b, g)db. (B.6)

Suppose that 6, < O'/maxjejij(O) and gy < §;n for j* > j. Then, the formula
(9) implies [~ Vi, (b + & n)mn o (b, 8)db < S Vi(b +&;.n)mn; (b, £)db. This contradicts
(B.6), thus g7, > g; », must hold.

B.18 Proof of Lemma 9

When (12) does not bind, V;(b; +g;;a) = y;j(a)+bj+g;—k; and VJf(bj+gj;a) = 1. When
(12) binds,

1 iy y=1
. — = t t
Vj(bj+gj,a)—/\1y ﬁck:/] + Z ﬁck’yz ,
t=1 l‘:Ti+1
where
. _bi+gi+li—k; yjla)=1;
k= P , n ”
Z:til R Z‘41::Tj+1 R
Therefore,
! 1
Tj —1 Ti 1 y-1 _ Tj t T t y-1 |y
Vi(b;+g5ia) = ATY e 'y 7 _ LA ZIZTJH'B Ck,2
'(]+g]’a)— ﬂCk1+ ﬂckz = +
’ | e sk en
t=1 t=Tj+1 t=1 =1 ,

which is greater than 1 because cx 2 > ci,1, that is, the annual consumption during schooling
is lower than the annual consumption after schooling when (12) binds.
Next, I show that V]'. (bj + gj;a) is increasing in a. When (12) does not bind, the amount

of borrowing can be written as

T; T

_ L yilay+bj+gi—kj
ZR tCt+kj—bj—gj=ZRt J Tkj —tJ J+kj—bj—gj,
t=1 t=1 Zzle
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which is increasing in a. Therefore, (12) binds for individuals with higher values of a. When

(12) binds, Vlf(bj + gj;a) increases with a, as ¢y 2/cy 1 is increasing in a.

B.19 Proof of Proposition 6

With the distributional assumption, the average value of attending college and the conditional

choice probability are written as follows:

Vi(b,g,a,h) =01 1n Z exp([Vj(bj +gjia,h) +/1j(a,h)]/5'1) ,
JET

exp ([Vj(bj +gjsa,h)+pji(a, h)]/&'])

Zj,ejexp([vjf(bjf +gjia,h)+pu(a, h)]/é’l)

pjn(b,g,a,h)=

With the logistic distribution, the average indirect utility and probability of college atten-

dance are given by

V(b,g,a,h) =0 1n (exp (Vo(bosa, h) /&) +exp (Vi(b, g, a, h)/é')),

exp (Vi(b,g,a, h)/7)
exp (Vo(bo; a, h) /&) +exp (Vi (b, g,a,h) /&)’

p(b.g.a,h) =

The derivative of V(b, g, a, h) with respect to b; is

aV b, ’a’h /
% =pj(b.g.a,V;(b; +g;jia).
J

Therefore, the first order condition for an interior solution is

1 0 0 v/ (¢r) N
_— v(b,g,a,h)by |=——| —=Vi(b;+g;;a). B.7
p](b,g,a,h)abj(zp]( ga ) ]) (1—6) v,(é\p) ]( J g] a) ( )
J'eg
Part (ii): First, note that & = & implies

exp ([Vj(bj +gjsa)+ui(a, h)]/a')

., Vied,
%z oxp [Vt + g3 + wy(a 1)) /)

pj(b,g,a,h) =
Vib.g.a.h) Z&“‘(Z exp ([Vj(bj +gj:a) +uj(a, h)]/&)),
jeJ

where we define go = uo(a, h) = 0.
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By differentiating p; (b, g, a, h) with respect to b ;, we get

T =pj(bag’aah)[1 _pj(b’g’a’h)]]f'
J

The derivative of p (b, g, a, h) with respect to b» for j* # j is

Op;(b.8.a.h) Vi(bj +gja)
T:—Pj(b,g,a,h)pj;(b,g’a’h)%.
J/

The derivative of average parental transfer with respect to b is

Vib;+gj:a)
(Z py(b.g.a.h)b ')—pxb g.a.h) 1+(b -3 pibageayby |
J'eg €T

Substituting the above condition into (B.7) and rearranging gives (16).

Part (i): When & # G, the derivative of average parental transfer with respect to b ; is more
complicated.

For j € J such that Vi(b; +g;1a) =1,

1
pi(b.g.a.h)db; (Z py(b.g. a,hb; )

reJ

b
:{1+_1_ po(b,g,a, h)by N [Po(b,g,a,h) 1 } Z pin(b.g, a,h)b; }

o o o
! JegJ

Substituting the condition above into (B.7) and taking a difference between j € J and j' €
implies b; = bj for j € J and j' € 7.
Similarly, for j = 0,

! |
po(b.g.a.h) dby (Zm” g.anb ')— 1+ —1bo= > pj(b.g.a.)b;
’ eI Jeg

Differencing the first order condition between j € J and j’ = 0 leads to

1 1
_ b,g,a,h)b; _— b,g,a,h)b;
p(b.g.a. 1) b, (;”J( gl ) Polb. g,amabo(%’”( gl )

by —bo
- o

=0.

Therefore, b; = b forall j € Jandj € 7.
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C Details on Parameterization
C.1 Monetary Returns to, and Costs of, Schooling

Table C.1: Determinants of Log Annual Earnings

Coeflicient Standard Error

Schooling Choice:
2-Year Only 0.365 0.017
2-Year and 4-Year 0.486 0.023
4-Year Only 0.565 0.013
AFQT Quartile:
2 0.286 0.014
3 0.376 0.015
4 0.441 0.017
Potential Experience:
1 0.427 0.025
2 0.722 0.025
3 0.871 0.025
4 1.009 0.025
5 1.089 0.025
6 1.130 0.025
7 1.139 0.026
8 1.192 0.026
9 1.218 0.029
10 1.287 0.028
11 1.322 0.031
12 1.341 0.029
13 1.417 0.033
14 1.406 0.032
15 1.427 0.037
16 1.473 0.035
Constant 8.278 0.020
Observations 34,757
R-Squared 0.244

Notes: OLS estimates based on before-tax real earnings.
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Table C.2: Present Discounted Value of Lifetime Earnings at Age 17 ($)

Schooling vj(a) for AFQT Quartiles
Choice 1 2 3 4

No College 268,686 357,538 391,070 417,244
2-Year Only 356,074 473,910 518,380 553,092
2-and 4-Year 369,337 491,585 537,720 573,731
4-Year Only 399,720 532,039 581,975 620,953

Table C.3: Average Annual Amounts for Each Institution ($)

Grants for Staffod Loan
Institution Tuition Books Earnings Income Quartiles Limit for Years
1 2 3 4 1 2 3+
2-Year 1,886 5,032 3,702 1,904 977 762
4-Year 4,769 1,038 3,112 6,526 3,518 1,738 1,502 2,625 3,500 5,500
Table C.4: Present Discounted Values at Age 17 ($)
Schooling Aid for Income Quartiles (g; 5) Borrowing
: Cost (k) ’ -
Choice 1 2 3 4 Limit (/)
2-Year Only -4,033 7,084 3,642 1,870 1,458 5,848
2- and 4-Year 11,336 22,910 14,875 10,343 9,085 15,768

4-Year Only 31,673 32,615 23,148 17,461 15,719 15,768

Notes: Cost is calculated as tuition plus books, minus earnings while enrolled.
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C.2 Parental Transfers from the NLSY97 Data

The NLSY97 survey contains two sections in which questions about parental transfers are
asked. The “college experience” section collects information about how much money youth
received from parents to pay for college and the “income” section asks about the money youth

received as part of their income in each year.

C.2.1 College Experience Section

In every interview, the college experience section starts with question YSCH-24991, which
asks if the respondent attended college since the date of last interview (DLI). For each college
and each term the respondent attended since the DLI, the survey asks, among other things, for
the start date of the term (YSCH-20400) and how the respondent paid for college. The structure
of questions on college financing differs depending on whether it is the first time the respondent
is asked about the college in each round (YSCH-22004). For the first term of each college
in each round, the respondent is first asked whether she received financial aid from biological
parents, mother (and stepfather), father (and stepmother), grandparents, and other relatives and
friends (YSCH-23900) and, if so, the amount of financial aid received from each of them in
the form of gift (YSCH-24600) and loan (YSCH-24700). The exact wording of YSCH-24600

is as follows:

Altogether, how much [have/has/did] your family and friends [give/given] you
in gifts or other money you are not expected to repay to help pay for your attendance

at this school/institution during this term?
and the wording for YSCH-24700 is as follows:

Altogether, how much [have/has/did] your family and friends [loan/loaned] you

to help pay for your attendance at this school/institution during this term?

From the second term for each college in each round, the respondent is asked whether
there were any changes in college financing since the previous term (YSCH-22005), and no
further questions are asked if there were no changes. In this case, I fill in this information using
answers from previous terms. If there were changes, then the respondent is first asked whether
she received any financial assistance from family (YSCH-22006), and if she did, the further
questions on aid from family (YSCH-23900, YSCH-24600, and YSCH-24700) are asked.

In round 1, the structure of survey is a little bit different from what is described above. I
do not use data from the first round of the survey because financial aid questions are not asked
for each term. This is likely to have very little effect because only eight respondents attended

college during the first round of the survey, which was administered in 1997.
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C.2.2 Income Section

The income section of the survey collects wage and salary data for the past calendar year from
all respondents. Those who are considered independent answer more extensive questions about
other sources of income, including parental transfers. Since one of the criteria for independence
is reaching the age of 18, I measure parental transfers youth received when they are more than
or equal to 18 years old.>

For rounds 1-7 (survey years 1997-2003), respondents state the amount of money they
received from (i) both parent figures, (ii) the mother figure, and (iii) the father figure. Youth
who live with both parent figures (YINC-5600) are asked whether they received any money
from them in the previous year (YINC-5700), and if so, how much (YINC-5800). In round 2,
the exact wording of YINC-5700 is as follows:

Other than an allowance, did your parents give [you/you or your spouse] any
money during 19977 Please include any gifts in the form of cash or a check but do

not include any loans from your parents.
The wording for YINC-5800 is as follows:
How much did your parents give [you/you and your spouse] during 19977

Those who do not know the answer or refuse to answer question YINC-5800 are again
asked to provided answers in categories (YINC-5900).

Those who live with a mother/father figure or whose biological mother/father is alive
(YINC-6400/YINC-7000), including those who live with both parent figures, are also asked
similar questions about transfers received from their mother figure (YINC-6500, YINC-6600,
and YINC-6700) and father figure (YINC-7100, YINC-7200, and YINC-7300).

For rounds 8-15 (survey years 2004-2011), youth are first asked whether they received
money from family or friends (YINC-5700A), and if so, their amounts in categories (YINC-
5900A). These questions are discontinued after round 15. Therefore, parental transfers can be
measured only through calendar year 2010.

Finally, for all rounds, youth are asked whether they received money from inheritances
(YINC-5200), and if so, their amounts in numbers (YINC-5300) or categories (YINC-5400).
In round 2, the exact wording of YINC-5200 is as follows:

During 1997, did [you/you or your spouse/partner| receive any property or

money from any estates, trusts, annuities or inheritances?
And the wording of YINC-5300 is as follows:

What was the total market value or amount that [you/you and your spouse/partner]

received during 1997 from these sources?

5Youth are also considered to be independent if they have had a child, are enrolled in a four-year college, are no
longer enrolled in school, are not living with any parents or parent-figures, or have ever been married or are in a
marriage-like relationship at the time of the survey.
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C.2.3 Total Parental Transfers

For each calendar year, I construct annual parental transfers by adding all forms of college
financial aid from all family members (YSCH-24600 and YSCH-24700) during all terms
that started in that year to the amount of money received from family (YINC-5800/5900,
YINC-6600/6700, YINC-7200/7300, and YINC-5900A) and inheritances (YINC-5300/5400).
The variables provided in categories (YINC-5900, YINC-6700, YINC-7300, YINC-5400, and
YINC-5900A) are turned into amounts by using the mid-point of each category or the minimum
value for the highest category. Based on the annual parental transfers, I compute total parental
transfers youth received between the years 1998 and 2010 and the ages 18 and 26, discounted
back to age 17.

There are several issues related to constructing the total parental transfer variable. First,
as discussed by Abbott et al. (2019), it might be incorrect to sum all transfers from different
sections of the survey, because they are not necessarily mutually exclusive categories. For
example, respondents might consider the college financial aid from family (recorded in the
college experience section) a part of their income received from family (reported in the income
section). Second, I include both family loans (YSCH-24700) and gifts, since the distinction
between the two is unlikely to have meaningful policy implications—as long as parental support
helps mitigate distortions from borrowing constraints. Third, unlike Johnson (2013) and Abbott
et al. (2019), I do not include the monetary value of living with parents to parental transfers
because it does not necessarily reflect parental support that helps youth attend college. Of
course, students living at home while enrolled can save considerably on room and board costs,
but this is useful only if there is a college that youth wish to attend within commuting distance
from home.® Moreover, parents who are not willing give money for college might still let their
children to stay with them because the additional cost of doing so would be small as a result
of economies of scale. Therefore, it is possible that youth who do not live near a college stay
at home because they do not have enough money to leave home and attend college elsewhere.
Another reason for not including parental co-residence is that obtaining reliable information
about it is difficult after round 6 because, as noted by Kaplan (2012), one must rely on the
household roster that may refer to what youth consider their primary residence rather than their
current residence. For example, college students who live away from home during the school

year may still report to be living at home.

C.3 Identification

I first discuss identification of the distribution of measurement errors in parental transfers as

well as the distribution of true parental transfers. In addition to the conditional independence

6Do (2004) notes that about half of the high school sophomore class of 1980 in the US did not have a public
university in their county of residence.
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assumption (19) and the normalization that Pr(B € 8;|B* € By-+) decreases in k*, I make two
assumptions required for identification. For a given value of (J, X), consider a K X Q matrix
with elements Pr(B € By, Z = z4|J, X). I assume that the rank of this matrix is greater than
or equal to K. Moreover, I assume that E[B|B* € B, J, X] takes distinct values for different
values of k*. Then, by a discrete-distribution version of Hu and Schennach (2008), as presented
by Hu (2008), the joint distribution Pr(B € By, B € B;, Z, B* € By-|J, X) is identified from
the joint distribution Pr(B € By, B € B;, Z|J, X) that takes the following form due to the

conditional independence assumption (19):

K
D" Pr(B € BilB" € Bie) Pr(B € By|B" € Bi) Pr(Z|X, J, B* € Bro) Pr(B” € Bre| X, J).
k*=1
Therefore, the parameters for the conditional distribution of measured parental transfers—¢x i
and &; —as well as the conditional distribution of parental transfers Pr(B* € By«|X, Z, J) are
identified.

Next, the parameters related to the psychic return to schooling and are identified from
schooling distribution of unconstrained youth who receive large amount of parental transfers.
Since Pr(B € By,B € B;,Z,B* € By-|J, X) is identified, the joint distribution Pr(J|B* €
B+, X) is known. Suppose that there exists k* such that none of the constraints (12) binds for
those with B* € B~ and X. As shown in Proposition 6, parental transfer amounts are identical
across schooling choices in this case. Therefore, parental transfer does not affect schooling
choice. Let b = (bj)je?’ where b; = b € B; forall j € J.

For j and j" in 7,

., (CD

ln(l?j(b,gh,a’h)) i@ +gin = ki) = [yy(@) +gpn —kp+ ]
pj’(b’gh’a’ h) 0

a1

where only ¥ ; — i ;» and & are unknown. Since y;(a) is already known, single-differencing
(C.1) in a (i.e., between two groups a and a’, holding everything else constant) identifies .
Then i ; — j is identified from (C.1).

Similarly, the log odds ratio for the extensive margin choice is

p(b,gn.a,h) \ Yj+tka+vp+Tap
L—p(b,gn.a,h)| T

In

; (C2)

where Ty, = 01 In Y e gexp ([ (a) + gjo.n — kjr + (¥ jr — ¥ ;)]/51)—yo(a) is already iden-
tified above. Double-differencing (C.2) in (a, h) identifies &. Since x, = v, = 0 for some
(a, h), single-differencing (C.2) in « identifies k,, while v}, is identified by single-differencing
in h. Then ¢ is identified from (C.2).

The families of unconstrained youth who receive large amount of parental transfers also

provide information about the EGS. As shown in Section 4.1, when the borrowing constraints
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do not bind, parental transfer decisions are primarily deriven by relative resources between
parents and children, as well as the EGS, while the EIS has no effects. Since Pr(B*|J, X, Z)
is identified, how parental transfers vary with youth ability as well as parental wealth identifies
the EGS.

In contrast, the EIS is identified from borrowing-constrained youth who receive little
parental tranfsers. To illustrate this more starkly, consider the schooling distribution of those
who receive no parental support at all, i.e., Pr(J|B* € {0}, X), assuming {0} C 8. Asshown by
Lochner and Monge-Naranjo (2011), the EIS plays an important role in shaping the relationship
between ability and schooling investment in the presence of borrowing constraints, for a given
value of initial wealth (or parental transfer). For example, when there is a strong desire to
smooth consumption over time, those with higher ability may invest less in schooling despite
their higher returns.

More generally, at intermediate levels of parental transfers—where youth receive some
support but remain borrowing-constrained—the consumption-smoothing parameters influence
the relationship between educational attainment, parental transfers, and youth’s ability. For
example, a strong and positive ability-transfer gradient would suggest a large value of the
EGS relative to the EIS. Moreover, for a given value of the EGS, the educational attainment—
transfer gradient is informative about the EIS: with a small EIS, the intertemporal consumption
distortion associated with further schooling is large, and therefore educational attainment
depends strongly on parental transfers.

Finally, for given consumption-smoothing parameters and psychic returns to schooling
parameters, the parental transfer function b j(0,X) is a known function that is increasing
in 6. Therefore, the conditional distribution of parental transfers Pr(B*|X, Z, J) identifies

the conditional distribution of parenal altruism Pr(6]|Z). To see this, consider the following

relationship:
M
Pr(B* € Bi-|X,Z,J) = Z Pr(6 = 6,0, B* € Bi+|X, Z,J)
m=1
M

Pr(6 = 6,u|X, Z, J) Pr(B* € Bi-|X, Z,J,5 = 6,n)

3
.

s

PI'(6 = 6m|X, Z, J)]Iéj(dm,X)EBk*'

3
L

For a given (X, Z, J), consider a K X M matrix with elements I;, (S X) By If the rank of this
matrix is greater than or equal to M, {Pr(6 = 6,,|X,Z,J )}%:1 is identified from the equation

above.
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Next, notice that

Pr(6 =6,|X,2Z
Pr(6 — 6m|X’ Z,J) :Pr(]|6 = (Sm, X, Z) (Pr(JI’Xn|Z) )
Pr(6 = 6,,|Z)

=Pr(J|6 = 6, X)

SM_ Pr(6 =6m|X,Z)Pr(J|6 = 6, X, Z)
Pr(6 = 6m|Z) Pr(J|6 = 6, X)
SM_ Pr(6 = 6,w|Z) Pr(J|6 = 6, X)

From this, we get

Pr(6 =6mX,Z,J) _ Pr(6 =6mlZ)Pr(J|6 = 6m, X)
Pr(6 =6,w|X,Z,J)  Pr(6=06uw|Z)Pr(J|6 =6, X)'

Therefore, we can identify the ratios Pr(6 = 6,,|Z)/Pr(6 = 6,/|Z), and the restriction
Zﬂm/lzl Pr(6 = 6,,|Z) = 1 gives the levels {Pr(6 = 6m|Z)}%:1.

C.4 Additional Details on Parameter Estimates
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Figure C.1: Parental Altruism Distribution for Selected Groups (Pr(6|Z))

Figure C.1 presents the distribution of parental altruism for hypothetical one-parent, one-
child families, highlighting the effects of parental education and race. White youth with parents
who have not attended college exhibit the lowest levels of parental altruism, with a modal value
of 0.1. Being Asian, or having parents with the highest level of education (i.e., more than
college) raises the modal altruism to 0.3. The combination of being asian and having the most

educated parents further increases the mode to 0.5.
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Figure C.2: Distribution of Secondary Parental Transfer Measures Conditional on Actual Transfer

D Details on Optimal Policy Simulations

D.1 Distortions in Quantitative Model

Distortions are defined analogously to Section 3.4. Conditional on (b, g, a, h), the consumption

distortion is given by:

L.(b,g,a,h) = Z pj(b,g,a,h){[yj(a) +bj+gj —kj] —Vj(bj+gj;a)} D.1)
Jjeg

and the schooling distortion is

Ls(b,g,a,h) = / max {yo(a) + &, / m%)]( {yj(a) -k;+ sj}dFl(slla, h)} dF (&)
J€
—/Hszvl(bl,g,a,h)—vo(bo;a) [yo(a) + €| dF (g|a, h)

- P(b, g4, h) Z /]Ijeargmaszej{vjz(bj/+gj/;a)+sjz} [y./'(a) - kj +8j]dF1(81|aa h),
Jjeg

where &1 = (&j) e and Fi(&1|a, h) is the cuamulative distribution function of &; conditional
on (a, h).
Adding these two gives the total distortion
L(b,g,a,h) =/ max {yo(a) + s,/ ma{()f( {yj(a) —kj+ sj}dFl (e1]a, h)} dF(e)
je

+po(b,g.a,h)bo+ > pj(b,g.a,h)(b;+g;) ~V(b,g.a,h).
JjegJ

Therefore, for a given level of p;(b, g,a, h)g;, minimizing L(b, g, a, h) is equivalent to
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maximizing

Tp Tk
w— Z pi(b,gn.a,h)b; +V(b,gn,a,h) = ZR_tcp +ZR_tck.
je? =1 t=1

where ¢, and ¢y are defined in (13) and (14).

D.2 Numerically Solving for Optimal Policy

I solve this constrained optimization problem numerically using an iterated two-step algorithm.
Let 4 > 0 be the Lagrange multiplier on the social budget constraint (21). In the inner loop,

for a given value of A, I solve for (gj ), that minimizes the Lagrangian,

Z| =

N M
DD P =6mlZi) | L(B(Om, Xi), gnpr @i hi) + A D p i (B(6m Xi), gngs is hi) g | »
i=1 m=1 jeg

subject to the constraints g; , > 0 for all (7, 2) € J X H and (18). In the outer loop, I search
for A such that the social budget constraint (21) holds with equality. As noted earlier, this
constraint may be slack, in which case A = 0. Therefore, I first check whether the constraint is

satisfied at A = 0 before imposing equality.

E Additional Details on Section 6

E.1 Analytical Details for Section 6.1

The efficiency loss from suboptimal schooling choices that accounts for the social return is

Li(b,g) = / max{Fo + &, 51 — k} = {Tesvi (b+g)-vo(p) (F0 + &) + Le<v, (brg)-vo () (F1 — k) } dF (&),

Then, the total efficiency loss in this case can be written as follows:

Z(b,g)=fmax{9o+8,i1—k}dF(8)+b— [1-p(b.g)|10+p(b.g)(g—T1) - V(b.g).

69



E.2 Planning Problem with Externality

Consumption distortion remains as defined in (D.1). As in Section 6.1, schooling distortions

are measured based on before-tax earnings:

Ly(b,g,a,h) ::/max{yo(a)+s,/ma}}({yj(a)—kj+sj}dF1(81|a,h)}dF(s)
JE
—/]Iszvl(bl,g,u,h)—vo(bo;a) [Fo(a) + £]dF (gla, h)

- p(b, g,a, h) Z / ]Ijeargmaxj/ej{vi/(b_,-/+gjr;a)+s_,-/} [?1 (a) - kj + 8j]dF1 (81 |a, h)’
JjeJ

where §;(a) denotes the lifetime before-tax earnings associated with schooling option j:

65-17-T;
yj(a) = Z R~ (a, x),
x=1
Total inefficiency is then defined as L(b, g, a, h) :== Ly(b,g,a,h) + L.(b, g, a, h).
Let 7;(a) denote the lifetime tax payment associated with schooling option j and ability

level a:

65-17-T;
7i(a) = Z R_(“Tf)’i'(yj(a,x)).

x=1

The planner’s problem is:

N
1 ~ A
min — Pr(6 = 0m|Zi)L(b(Om. Xi), 8h, . ai, hi
(gh)he’HN; ( mlZi) ( (Om ), &h;» ai l)
. 1 .
subject to Pr(6 = 6,4 Z;) Z Pi(B(Sm, X), 8hyrais hi)gjp +E <

jeg

D= iD= iD=

Pr(8 = 0mlZ) > pj(B(Smr Xi). gnir i hi)Tj(ai),
jeT

M= 1DM=

~
1l

—_
Il

—_

=zl =

together with the constraints g; , > 0 for all (j,h) € J X H and constraint (18), where
b(5, X) solves the parent’s problem for a family with (6, X). The amount E, calculated under

the current policy, is held fixed when solving for the optimal policy.
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