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Abstract
This paper examines whether income uncertainty rises with education, important for understanding why some students are hesitant to attend college. I focus on the identification
of the volatility differential — the gap in the variance of the log wage between college and
high school careers. I control for individual heterogeneity, including demographics, scholastic
ability, parental education, and fields of major. More importantly, I address a self selection
problem that arises because risk-averse agents tend to choose careers with lower volatility. I
find that the volatility differential between college and high school is significantly positive,
suggesting that income uncertainty can be a relevant determinant of schooling decisions especially for risk-averse high school graduates whose returns to college education are at the
margin. (JEL Classification: J310. Key Words: self-selection, volatility differential,
schooling choice.)
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Introduction

A consensus to emerge from the numerous studies measuring the return to schooling is
that attending college can be viewed as a profitable investment. Extensive surveys by Card
(1995a, 1999) document that the returns to schooling range approximately between 8 percent
and 13 percent per school year. In addition to being profitable, attending college seems to
be affordable given that federal student aid programs provide guaranteed loans and tuition
subsidies to needy students. Nevertheless, a number of academically talented young people
do not attend a postsecondary institution. Table 1 presents statistics on college attendance
according to National Longitudinal Survey of Youth (NLSY). Among the cohort of high
school graduates between the ages 32 and 40 in 1997 with a scholastic ability test score in
the top quartile, around 16 percent did not attend college.
Much work explaining the reluctance to attend college emphasizes the influence of family
income and parental education on schooling choice.1 In this paper, I aim to examine one
alternative explanation by testing whether income uncertainty rises with educational attainment. Due to potential moral hazard problems and lack of collateral for financing investment
in human capital, the options of reducing uncertainties used in financial markets, such as
insurance and diversification, are often unavailable for reducing uncertainties about the payoffs to human capital investment. This makes it entirely possible that wage uncertainty will
have an important effect on the decision to attend college.
A number of articles have attempted to analyze the impact of income uncertainty on
schooling choice. Most of them assume full employment. Assuming saving and borrowing
1

Kane (1994), Ellwood and Kane (2000) and others argue that borrowing constraints (or the short-run

effect of family income) is an important factor contributing to the reluctance to attend college. On the other
hand, several authors assert that college attendance or non-attendance is mainly explained by the long-run
effect of family income. See Cameron and Heckman (1999, 2001), Cameron and Taber (2000), Carneiro
and Heckman (2002), Heckman and Lochner (2000), Keane and Wolpin (2001), Shea (2000) and others.
Recent studies by Acemoglu and Pischke (2000) suggest that family income has a significant effect on college
enrollments.
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are prohibited, Weiss (1972) shows that the coefficient of variation in earnings is a valid
measure for income uncertainty only if the degree of risk aversion is moderate.2 Allowing for
saving/borrowing and a general form of risk attitudes, Levhari and Weiss (1974) approach
this issue in a two-period model, in which the dynamic of income uncertainty is suppressed.3
They find that income uncertainty discourages people from investing in human capital, provided that dispersion of earnings increases with the level of schooling. Johnson (1977) and
Rosen (1986) provide valuable insights into the inverse relation between schooling and dispersion of outcomes among occupations in the context of equalizing wage differentials.
Pioneering contributions by Becker (1964, 1975, 1993) measure the extent of the additional income uncertainties caused by investing in college education using the variance of the
return to schooling. However, as Becker himself realized (1975, pp. 184), the variance of the
returns on college education can be attributed to both the variance of college earnings and
the variance of high school earnings. If people are averse to risk, a higher variation in high
school earnings should make the investment in a college education more attractive, instead
of less. Consequently, the variance of the returns to schooling is not a useful estimator in
measuring the extent of income uncertainties generated by additional education attainment
(Eden 1980).4
The key component of the test developed in this paper involves the estimation of the
volatility differential – the difference in the variance of the log wage for high school graduates who attended college versus those who did not, controlling for individual demographics,
scholastic ability, parental education, and fields of major. Estimating the volatility differential is challenging because of pervasive self-selection problems. In the presence of uncertainty,
2

The assumption specified by Weiss (1972) restricts the coefficient of relative risk aversion to range

between zero and one. Hause (1974) points out that Weiss’s conclusion is implied by the specifications of
borrowing constraints and risk attitudes.
3
Another paper by Olson, White and Shefrin (1979) emphasizes the dynamics of income uncertainty.
They study the optimal investment in schooling in a multiple-period model. They specify an indirect utility
function by assuming a particular loan/repayment plan.
4
A recent work by Carneiro, Hansen, and Heckman (2003) estimate factor models and provide point
estimates of the variances of high school and college earnings, and the variance of the difference in earnings.
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an individual’s educational attainment depends on his attitude toward risk, measured by
the dispersion of possible future income, in addition to the return to schooling. Risk-averse
agents who expect that wages will become more volatile with additional schooling are likely
to be more hesitant to enroll in college. If volatility indeed rises with schooling, risk-averse
agents will be less likely to invest in college. Then the observed volatility differential will
be lower than if no self selection operated. Neglecting the self-selection effect of personal
attitude toward risk, we often understate the gap in wage volatility. In what follows, such a
downward bias in the volatility differential will be referred to as “risk-aversion bias.” A simple schooling choice model will be developed to motivate an appropriate empirical strategy
for selectivity correction.
The volatility differential may result from lack of knowledge about (1) individual ability,
(2) the quality of each university, and (3) unanticipated changes in labor market conditions.
The first two sources of uncertainty cause a permanent shock on future earnings, while the
third source causes a transitory shock.5 While wage levels cannot be certain when the schooling decision is being made, an agent predicts the dispersion of the wage distribution based
on private information, such as learning ability and taste for schooling. Due to the presence
of private information, the level of the permanent volatility perceived by the agent can be
smaller than that estimated by econometricians. In other words, part of the permanent
volatility estimated in this paper can be predictable even though actual wage levels remain
uncertain to individuals. I separately estimate the permanent and transitory volatilities
using a two-stage fixed-effects model, which builds upon the prior work by Becker (1964),
Heckman (1979), Mincer (1974), and Willis and Rosen (1979). By applying this estimation
method, the risk-aversion bias mentioned earlier can be corrected for as well.
Mincer (1974, pp.103-105) provides one of the first analyses of the patterns of income
volatility for various levels of schooling. He estimates the combined variance of log annual
5

To simplify analysis, this paper focuses on the identification of permanent and transitory components of

wage volatility, and ignores the case of unemployment. Becker (1964) and Mincer (1991) have documented
that attending college considerably lowers the degree of unemployment risk.
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earnings using a cross-sectional data base. He finds that in the later stage of work life,
there is a markedly positive gap in variance between college and high school graduates.
As he implicitly suggests, this gap can be attributed to a substantial rise in ability bias
with educational attainment. Olson, White, and Shefrin (1979) additionally control for IQ
scores, and estimate a fixed-effects model. They stress the effects of transitory volatility on
schooling decisions by assuming that permanent volatility is independent of schooling. In
this paper, I control for scholastic ability and parental education, and allow both permanent
and transitory volatilities to vary with levels of schooling.
Recent work by Belzil and Hansen (2002), Buchinsky and Leslie (2000), and PalaciosHuerta (2003) studies dynamic optimization models of human capital investment. A common
result is that the future wage’s dispersion has a significant impact on schooling decisions.
Assuming that the degree of risk aversion is homogeneous, Belzil et al. (2002) suggest that a
rise in risk aversion increases educational attainment, while Buchinsky et al. (2000) suggest
otherwise. Palacios-Huerta (2003) asserts that the variance of the stochastic component of
human capital returns is substantial and estimation results are insensitive to the adjustment
of ability bias.
This paper adds to the recent literature in several ways. First, I develop a simple schooling
choice model that demonstrates the problems of self selection resulting from heterogeneity in
the degree of risk aversion and scholastic ability. I utilize an instrument that helps correct for
the selection biases. I find that the level of permanent volatility differential, particularly for
a four-year college education, is sensitive to the adjustment of risk-aversion bias in addition
to ability bias. Parental education, measured ability index, and fields of major have already
been controlled for in my analysis. Finally, I separately identify the permanent and transitory
components of volatility and the volatility differential.
The analysis makes use of the National Longitudinal Survey for Youth: 1979-1998. As
an instrument for schooling, the cost of attending a private four-year college nearby is con-
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structed and assumed to be correlated with schooling but independent of log wage.6 Results
show that based upon the identification procedure, the estimate of the permanent volatility
differential increases by approximately 30 percent for average four-year college attendees,
suggesting problems of self selection may not be negligible in the estimation of wage uncertainty.
My major finding is that the permanent component of volatility differential is significantly
positive for a four-year college education, indicating the wage profile of average four-year
college attendees is more volatile than that of average high school graduates. This finding
suggests that income uncertainty may have a deterrent effect on the decision to enroll in
college particularly for an agent who is highly averse to risk and has a marginal level of the
return to schooling.
The next section lays out schooling choice models and empirical specifications. Section
3 overviews the data, Section 4 summarizes the results, and Section 5 concludes.

2

The Schooling Choice Model

Consider a set of high school graduates who decide whether to attend college in the beginning
of period zero. They make the decision based upon the information about their abilities,
the quality of each university, and the distribution of possible future incomes. However,
such information is often limited when individuals have only recently graduated from high
school. Owing to lack of information, high school graduates are often uncertain about the
number of years of postsecondary education they will take in the future. An individual may
decide to enroll in college without knowing whether he will drop out in the middle of his
undergraduate years or attend graduate school later. To derive a conservative measure of
wage volatility, I control for years of schooling and focus on the endogeneity of the decision to
6
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attend college, s = 1 or 0, in the presence of income uncertainties. Since standard problems
of moral hazard would arise if individuals attempted to insure against the uncertainties of
the payoffs to education attainment, the degree to which an individual is risk averse has an
impact on the decision to attend college.
To test whether adding two or four years of schooling to high school education makes the
income stream more or less volatile, first, I control for individual heterogeneity, including
scholastic ability, family background, and fields of major. Then I separately identify the permanent and transitory components of wage volatilities for college versus high school careers,
and estimate the volatility differential. This section presents a simple model to motivate this
test. In the first subsection a schooling choice model is introduced to characterize the problems of self selection and unobservable heterogeneity. In the second subsection, I present an
identification method of volatilities and volatility differentials based on the schooling choice
model. Before introducing the method, it is useful to clarify the relation between wages,
schooling, and uncertainties.
Suppose that there is neither unemployment nor a borrowing constraint. Individuals
can freely borrow or lend at a constant interest rate r. An individual’s hourly wage rate
yit (s) is determined by the level of schooling s, individual characteristics, work experience,
and unanticipated shocks. If person i decides not to attend college, he earns yit (0) for
t = 0, 1, 2, ..., T . If student i decides to attend college, he pays tuition fees and stays at
school full-time at t = 0. Upon graduating from college, he earns yit (1) for t = 1, 2, ..., T .
To identify wage volatility, I control for observed differences in individuals using Mincer’s
(1974) wage regression model. Given a schooling choice s = 0 or 1, consider a log wage
equation for person i who finishes education (t = s, s + 1, ..., T ):
ln yit (s) = αs ni + x0it β s + zi0 γ s + σ a (s, zi ) ais + σ ε (s, xit ) εit ,

(1)

where ni is the number of years of postsecondary education, and xit is a vector of characteristics, containing the number of years of work experience, experience squared, and other
6

time-varying variables; zi is a vector of time-invariant explanatory variables, including race,
gender, scholastic ability, parental education, marital status, cohort effects, regional dummies, and a constant.
The last two terms in the regression capture income uncertainties: The time-invariant
component σ a (s, zi ) ais represents the permanent shock, and the time-variant component
σ ε (s, xit ) εit represents the transitory shock in period t. Denote ais and εit as a pair of standard normal disturbances, assumed to be independent of each other and across individuals.
εit is assumed to be an i.i.d. random shock. Here, the model differs from traditional selection models in that I allow the variance of log wages to depend on schooling choice by
incorporating the scale functions σ a (s, zi ) and σ ε (s, xit ). In particular, permanent volatility σ 2a (s, zi ) depends on schooling and individual demographics, while transitory volatility
σ 2ε (s, xit ) depends on schooling and work experience.7
Individuals have rational expectations about their future wages. Distributional parameters of shocks are common knowledge as schooling decisions are made. The impact of
permanent volatility on schooling is often considered more important than that of transitory
volatility, since, heuristically, permanent shocks persists for one’s lifetime while transitory
shocks can be “averaged out” over years. Permanent Income Hypothesis is an extreme example, in which effects of transitory shocks are almost negligible. Although this concept is
intuitive, an analytical solution to a stochastic dynamic model of consumption only exists
under very restrictive conditions.8 This makes it difficult to identify the relative impact of
permanent versus transitory income uncertainties on one’s lifetime utility. With this complication, my empirical strategy is to separately estimate permanent and transitory components
of volatilities. By doing this, I can test the statistical significance of permanent volatility
differential and transitory volatility differential.
If there were no selection bias, permanent and transitory volatilities could have been
7
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ing. The effect of measurement errors can be cancelled out in estimating volatility differentials.
8
See Blundell and Stoker (1999).
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identified by a fixed-effects model. However, problems of self selection and unobserved
heterogeneity make the identification challenging. In the following subsection, I demonstrate
a schooling choice model that clarifies the nature of the problems and further present an
empirical procedure in subsection 2.2.

2.1

Schooling Choice Rule

Three important features in my model are worth noting. First, the cost of attendance is
formulated in a manner similar to Cameron and Heckman’s (1998) model:
µi0 (1) = −τ i e−ηi ,
where τ i denotes tuition cost, and η i represents a composition of unobservable individual
factors, such as learning ability, parental inspiration, and taste for schooling, all of which
cannot be observed by econometricians. Suppose that η i is uncorrelated with transitory
shocks but correlated with permanent shocks, E [η i ais ] = ρs for s = 0 or 1.
Second, log earnings are decomposed into two components — non-stochastic and stochastic — in an additively separable form, as defined in Mincer’s equation (1). To disentangle
income uncertainty from non-stochastic individual differences, it is useful to introduce another notation. Define µit (s) as person i’s non-stochastic income stream in period t for a
given level of schooling,
µit (s) = exp [αs ni + x0it β s + zi0 γ s ] ,
as t = s, s + 1, ..., T. As an example, in the absence of uncertainty, yit (s) = µit (s) and
foregone earnings equals µi0 (0). Finally, this model highlights the importance of permanent
shocks by assuming that an individual’s expected lifetime utility equals the expected value
of a function of lifetime income, exhibiting constant relative risk aversion (see Appendix).
In the absence of uncertainty, a commonly-used approach to describe the schooling decision begins with Becker’s (1964) model, in which an individual’s schooling decision entirely
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depends on his lifetime income. Precisely,
(
)
T
T
X
X
−η i
t
t
si = I −τ i e +
R µit (1) >
R µit (0) ,
t=1

(2)

t=0

where R denotes the discount factor and I {·} represents an indicator function. Notably, both
direct cost τ i e−ηi and foregone earnings µi0 (0) have been incorporated in Becker’s model.
In the presence of uncertainty, an agent who is averse to risk will discount his expected
lifetime income. Following Levhari and Weiss’s (1974) contribution, I focus on the effect
of permanent shocks on one’s expected lifetime utility by suppressing the complication of
income dynamics. An appendix shows that if the lifetime utility function exhibits constant
relative risk aversion, transitory shocks can be smoothed out over one’s lifetime, and log
wages are normally distributed, then an individual will invest in a college education when
"
#
" T
#
T
X
X
ln −τ i e−ηi +
Rt µit (1) − ln
Rt µit (0)
t=1

t=0

κi − 1
>
[V ar (σ a (1, zi )a1i |η i ) − V ar (σ a (0, zi )a0i |η i )] ,
2

(3)

where κi is the coefficient of relative risk aversion, and V ar(.|η i ) is the variance of permanent
shocks conditional on unobserved individual factor η i as well as all the observed attributes
(omitted for convenience of demonstration). When the utility function is logarithmic (κi =
1), I show in the appendix that the schooling choice rule approximately degenerates into
Becker’s model. Here I focus on the case where the coefficient of relative risk aversion is
greater than unity, κi > 1.
The right-hand-side of the above inequality summarizes the cost of uncertainties resulting
from permanent shocks, which is proportional to the volatility differential and the degree
of risk aversion. Notably, the volatility for a given level of schooling is conditional on an
information set that is available to the agent while the schooling decision is made. The
information set contains the composition of unmeasured individual factors η i as well as
observed individual characteristics (zi , xi ). Because the unmeasured individual factor is
correlated with permanent shocks, the level of conditional volatility is proportionally smaller
9

than the unconditional volatility. Precisely,
¡
¢
V ar (σ a (s, zi ) ais |η i ) = 1 − ρ2s σ 2a (s, zi ) ,
where ρs is the correlation coefficient between permanent shock ais and individual factor η i
for a given level of schooling. The absolute value of the correlation coefficient can be viewed
as a measure of the permanent shock’s predictability. For instance, if permanent shocks and
individual factors are perfectly correlated, people can anticipate the level of the permanent
shock by observing η i . As such, the schooling choice rule degenerates into Becker’s model.
Selection bias arises in estimating the wage volatilities, since the wage distribution, including both the mean and the variance, depends upon the schooling decision. In addition
to “ability bias” which has been intensively discussed in the literature, “risk-aversion bias”
occurs because an agent who is averse to risk tends to choose a level of schooling with a less
volatile wage profile. If the college wage profile is more (less) volatile than the high-school
wage profile, the estimate of the volatility differential will be biased downward (upward).
The treatment of risk-aversion bias requires an empirical model that reflects the decision
rule (3) of schooling, where the effects of uncertainty and risk aversion are both taken into
account.
Although the decision rule (3) intuitively characterizes the nature of self selection, it is
not empirically useful because the data of one’s lifetime wage stream is usually unavailable.
To proceed, extending Willis and Rosen’s (1979) model, I substitute Mincer’s regression (1)
into the schooling choice rule (3) to derive a reduced from of the selection equation, which
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facilitates a treatment for both risk-aversion bias and ability bias :9
si = I {η i − ξ i > θ1 ln τ i + zi0 θ2 } ,

(4)

where θ1 and θ2 are parameters, τ i is the cost of attendance, and zi contains a constant
and person i’s time-invariant characteristics. η i represents a composition of personal learning ability and taste for schooling, and ξ i depends on person i’s attitude toward risk and
information about the distribution of log wages.
The selection equation contains an unobservable individual effect ξ i , which cannot be
identified by a conventional discrete-choice model . Even if it could be identified, selectivity
corrections would involve cumbersome computation that requires multinomial integration for
each sample point (Aigner, Lovell, and Schmidt 1977; Meeusen and van den Broeck 1977). To
proceed, I follow Chamberlain’s (1984) identification method, in which the individual effect
is decomposed into two additive components: One is a linear projection of demographics
and individual average of time-varying variables, zi0 θz + xi0 θx , and the other is an exogenous
disturbance vi , following a normal distribution with zero mean and variance σ 2v . As such,
the selection equation becomes si = I {η i − vi > θ1 ln τ i + zi0 (θ2 − θz ) − x0i θx }, where the
coefficients remain unidentified up to scale, but selectivity adjustment terms can still be
derived in a conventional manner. In what follows, η ∗i is defined as a standard normal,
p
denoting the normalized unobserved individual factor (η i − vi )/ 1 + σ 2v , and θ∗i is defined
p
as a single index, denoting the normalized regressors [θ1 ln τ i + zi0 (θ2 − θz ) − x0i θx ] / 1 + σ 2v .
Cost of attendance (ln τ i ) is defined by the total cost of attending a public four-year
9

Let pi denote the right-hand-side of the schooling choice rule (3). The choice rule can be rewritten as
(µ
)
¶ µX
¶−1
XT
T
si = I
−τ i e−ηi +
Rt µit (1)
Rt µit (0)
> epi
t=1

t=0

n
o
0
= I −τ i e−ηi −zi γ + eα1 A1i > epi A0i ,
Asi ≡

PT
t=s

0

Rt exit γ s . The second equality is appropriate if (1) the number of years of postsecondary education

is zero for high school graduates (by construction, α0 ni = 0 for si = 0), and (2) there is no heterogeneity in
the effect of time-invariant individual characteristics, γ s = γ for s = 0 and 1. Then, rearranging the above
equality implies equation (4), where ξ i = − ln (A1i eα1 − A0i epi ).
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college nearby in terms of local unskilled workers’ average wage rate. We note that ln τ i
appears in the selection equation but is excluded from in the log wage regression. ln τ i can
be viewed as an instrument implied by theory, since the selection equation is derived from
the schooling choice model. With the assumption of normality, although an instrument is not
necessary for the purpose of identification, the inclusion of an instrument often enhances the
precision of estimation. In addition, this instrument can be viewed as a refinement of college
proximity. Card (1995b) and Rouse (1995) have instrumented for schooling using college
proximity to estimate the return to education. As Card (1995b) and Kling (2001) pointed
out, proximity to a four-year college nearby influences the decision to attend college, but
proximity to a two-year college has almost no impact on educational attainment. Here, the
identification condition is that cost of attendance is correlated with an individual’s schooling
choice but uncorrelated with future wage rates. A precise definition of this instrument can
be seen in the appendix.
Selectivity adjustment can be fully specified if the joint distribution of η ∗i and ais is well
defined. The following subsection demonstrates an identification procedure based on the
assumption of normality.

2.2

Identification

The goal of empirical analysis is to cope with selection bias and distinguish the permanent
component of log wage volatility from the transitory component. I utilize a fixed-effects
model to disentangle the shocks, and extend a Heckman’s selection scheme to correct for
selection bias. The key to fix the selection bias rests on the assumption that the selection
bias is time-invariant and thus can be cancelled out in a fixed-effects model. There are three
steps: First, using a fixed-effects model, the transitory component of volatility is identified.
Second, the combined component of volatilities is identified by a between-effects model (see
equation (6) for the definition) . Finally, the permanent component of variation is singled out
by subtracting the transitory component from the combined component. In what follows, I
12

start with the case where permanent and transitory shocks are homoscedastic within levels
of schooling, and then present the identification procedure for the case of heteroscedasticity.
Details about data sources and estimation results are detailed in Section 3 and Section 4.
2.2.1

Homoscedasticity

Suppose that permanent and transitory volatilities depend on schooling only, i.e. σ 2a (s) and
σ 2ε (s). In the first step, Mincer’s equation (1) implies that the fixed-effects model can be
written as:
ln yit − ln yi = (xit − xi )0 β s + σ ε (s) (εit − εi ) ,
where ln yi , εi , and xi denote the individual average of ln yit , εit , and xit respectively. Since
the selection bias is cancelled out in the fixed-effects model, a consistent estimator for the
transitory volatility is easily derived:
σ
b2ε (s) =

M SEf (s)
1−T

−1

,

where M SEf is the mean squared error in the fixed-effects model, T ≡ N/

(5)
P
i

(1/Ti ) , and

N is the number of respondents, and Ti is the number of observations for respondent i.
Second, consider a between-effects model, defined by averaging individual earnings over
years. I illustrate the way to treat selection biases by using the subsample of college attendees
(si = 1 or η ∗i > θ∗i ) as follows. Given individual attributes and private information about
taste for education and attitude toward risk, qi ≡ (xi1 , xi2 , · · · , xiTi , zi , τ i , η i ) , the betweeneffects model can be written as:
E [ln yi |si = 1, qi ] = α1 ni + x0i β 1 + zi0 γ 1
+ E [σ a (1) ai1 + σ ε (1) εi |η ∗i > θ∗i , qi ] ,

(6)

where E is the expectation operator for a given joint normal distribution of the triple
(η ∗i , ai1 , εit ). The last term is the selectivity correction for the mean. Under the normality
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condition, the selectivity correction can be fully specified by taking the conditional expectation on combined error terms:
E [σ a (1) ai1 + σ ε (1) εi |η ∗i > θ∗i , qi ] = β λ (1) λ1i ,

(7)

where λ1i is often called the inverse Mills ratio, and β λ (1) ≡ σ a (1) ρ1 is the coefficient of the
inverse Mills ratio.10

Similarly, under the normality condition, the variation in combined

error terms is fully identified:11
V ar [σ a (1) ai1 + σ ε (1) εi |η ∗i > θ∗i , qi ] = σ 2a (1) + σ 2ε (1) /T − β 2λ (1) δ 1i ,

(8)

where δ 1i ≡ λ1i (λ1i − θ∗i ) is between zero and one.12 The last term β 2λ (1) δ 1i is the selectivity
correction for the variance of the combined error terms. Because this selectivity correction
for the variance is positive according to theory, ordinary least squares often understate the
true variance of the combined residuals.13 Notably, the mean squared error M SEb of the
between-effects model is a consistent estimator for the variance of the combined residuals,
which is the left-hand-side of the above equality. This yields the identification of the true
variance of the combined residuals:
b2 (1) δ 1 ,
σ
b2a (1) + σ
b2ε (1) /T = M SEb + β
λ

(9)

where δ 1 is the average of δ 1i for the college subsample.
Finally, the permanent volatility σ 2a (1) is identified by subtracting the transitory component σ
b2ε (1) /T from the unbiased combined component (i.e. the right-hand-side of the
10

Let f and F denote the normal density and distribution respectively. The inverse Mills ratio is given

by λ0i = −f (θ∗i ) /F (θ∗i ) for high school graduates and λ1i = f (θ∗i ) / (1 − F (θ∗i )) for college attendees.
11
Identification of the volatility differential relies on the normality assumption in this paper. Chen and
Khan (2001) show that without the normality assumption the volatility differential, scaled by the variance
of high-school log wage rates, can still be identified.
12
For proofs, see Theorem 20.2 and Theorem 20.5 in Greene (1997).
13
If there only exists ability bias and no risk-aversion bias, ordinary least squares still understate the true
variance, but without risk-aversion bias it would be hard to explain why the volatility differential is biased
downward. By the nature of selection, it is difficult to separate the ability bias from the risk-aversion bias
while estimating the variance.
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above equation). Notably, the transitory volatility has been consistently estimated in the
first step; only the permanent component of variation has a downward bias. In addition,
correlation coefficient ρ1 can be identified by β λ (1) /σ a (1) . The identification procedure
described above also works for the subsample of high school graduates.
Consistent estimators for permanent and transitory volatility differentials are derived
by taking respective differences in variances. Bootstrapping is used to generate confidence
intervals. In bootstrapping, I randomly draw 1000 resamples of size N (equal to the number
of respondents) from the original sample with replacement, which generates an empirical
distribution of volatility differentials. A percentile method is utilized to determine endpoints
of confidence intervals.14
2.2.2

Heteroscedasticity

In this subsection I allow the permanent volatility to depend on individual characteristics
and allow the transitory volatility to depend on work experience; i.e. σ 2a (s, zi ) and σ 2ε (s, xit ) .
In the first step, Mincer’s equation (1) in a fixed-effects model can now be written as
ln yit − ln yi = (xit − xi )0 β s + σ ε (s, xit ) εit − Ti−1

P

σ ε (s, xit )εit ,

(10)

t

Since the OLS estimator β s is consistent, statistics based on OLS residuals have the same
asymptotic properties as those based on the true disturbance as well. In particular, the
variance of OLS residuals is
£
¤ ¡
¢
P
E e2its |s, xit , xi = 1 − 2Ti−1 σ 2ε (s, xit ) + Ti−2 σ 2ε (s, xit ),

(11)

t

where eits is the OLS residual. Summing over t for both sides of the equality and rearranging,
P
one can express the last term by Ti−1 (Ti − 1)−1 t E [e2its |s, xit , xi ] . Substituting it back into
the above equality implies a consistent estimator of transitory volatility:
·
¸
¢
1 P¡
−1 P 2
2
−1
−1 −1
2
σ
bε (s, t) =
eits − Ti (Ti − 1)
eits ,
1 − 2Ti
N i
t
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(12)

In the percentile method, confidence intervals of volatility differentials are derived by choosing the top

2.5 (5) percentile and the bottom 2.5 (5) percentile for a 95 (90) percent significance level.
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for Ti > 2.
In the second step, consider a between-effects model. As before, I illustrate a way to
treat selection biases by using the subsample of college attendees. Under the assumption of
normality, selectivity correction for the mean is
·
¸
P
∗
−1
∗
E σ a (1, zi ) ai1 + Ti
σ ε (1, xit )εit |η i > θi , qi = β λ (1, zi ) λ1i ,

(13)

t

where λ1i is the inverse Mills ratio and β λ (1, zi ) ≡ σ a (1, zi ) ρ1 is the coefficient of the inverse
Mills ratio. After incorporating the selectivity correction, the OLS residual, by construction,
has the same asymptotic properties as the true disturbance. The variance of the OLS
residuals equals
·
¸
P
P
∗
−1
∗
V ar σ a (1, zi ) ai1 + Ti
σ ε (1, xit )εit |η i > θi , qi = σ 2a (1, zi )+Ti−2 σ 2ε (1, xit )−β 2λ (1, zi ) δ 1i ,
t

t

(14)
where δ 1i ≡ λ1i (λ1i − θ∗i ) ranges between zero and one. The last term β 2λ (1, zi ) δ 1i is a
selectivity correction for the variance of least squares residuals. Both selectivity corrections
can be estimated by a standard probit model.
From the above equality, I derive σ 2a (1, zi ) by subtracting the last two terms from the
variance of the combined error terms. While the last two terms are identified in the previous
estimation steps, the variance of the combined error terms is estimated based on Amemiya’s
(1985, pp. 203-207) heteroscedastic regression model. Following Amemiya, I assume the
variance of the combined disturbance follows a parametric regression model, zi0 bz + x0i bx + ω i ,
where b = (bz , bx ) is a vector of parameters, zi includes a constant and individual attributes,
xi is a vector of individual averages of time-varying attributes, and ω i is disturbance, uncorrelated with other regressors and across individuals. The least squares estimator of b,
although inefficient, is still consistent. Consequently, the statistics based upon b is a consistent estimator of the combined disturbance’s variance as well. Finally, substituting the
estimate of zi0 bz + x0i bx into (14) yields a consistent estimator for permanent volatility:
σ
b2a (1, zi ) = zi0 b̂z + x0i b̂x − Ti−2
16

P
t

b2 (1, zi ) b
σ
b2ε (1, xit ) + β
δ 1i .
λ

Other functional forms for the heteroscedastic regression model, including exp (zi0 bz + x0i bx )
and (zi0 bz + x0i bx )2 , are also examined. I find results are robust to various forms of heteroscedastic regressions. Finally, as discussed in the case of homoscedasticity, I adopt bootstrapping to derive confidence intervals.

3

Data and Variable Definitions

Statistics and estimations are based on National Longitudinal Survey for Youth (NLSY):
1979-98, merged with restricted geocode data. The sample consists of 12,686 young respondents, who were between the ages of 14 and 22 in 1979. Observations are included
if (1) respondents have a high school diploma or a general equivalency diploma; (2) respondents are from a representative cross-section sample and are not in the military; (3)
nominal hourly wages are between 1 and 150. The first criterion excludes 3,086 respondents
who did not graduate from high school. The second criterion additionally excludes 4,363
non-representative respondents to derive a reliable estimate using a random sample. The
remaining sample contains 5,237 respondents, and each respondent has 12 to 17 years of
observations. The third criterion excludes 1,939 observations, where 54 respondents are entirely dropped. Nominal variables are normalized by Gross Domestic Product Implicit Price
Deflator for the base year 1992. According to these criterions, there are 5,183 respondents
and 67,018 observations remaining in the sample.
The series on highest grade completed in NLSY shows a number of obvious inconsistencies. For example, several respondents indicate in questionnaires that they have attended a
two-year or a four-year college but the number of years of schooling is no more than nine.
To resolve this problem, besides manual correction and programming, I use both college
attendance and the highest grade completed to identify high school graduates and college
attendees. Specifically, a respondent is identified as a high school graduate if his highest grade
completed equals 12. A respondent is identified as a two-year college attendee if he attended
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a two-year college but never attended a four-year college, or his highest grade completed
is greater than 12 and no more than 15. Finally, a respondent is identified as a four-year
college attendee if he has attended a four-year college, or his highest grade completed exceeds
15. Among 5,183 respondents, 3,511 individuals are identified as college attendees.
The scholastic ability score is measured by the Armed Forces Qualifying Test (Afqt)
score, a composite score consisting of four tests: a vocabulary test, a mathematics test, a
reading comprehension test, and an analytical test. Since the test was conducted in 1980
for all cohorts in the sample, the original Afqt scores are not comparable across different
age groups. To resolve this problem, I generate a variable representing individual deviations
from average Afqt scores of the corresponding cohort, and then categorize the variable by
100 quantiles.
NLSY provides longitudinal information about work history, starting from the year 1975
when respondents were of age 10-18. A precise measure of work experience is constructed
accordingly. Work experience is derived from the cumulative number of annual working
weeks, divided by the number of total weeks. Notably, many respondents had work experience before completing education. Those work years before returning to school are counted
as part of work experience. However, observations in those years are excluded from the wage
equation because earnings between school years are not determined by education received
during later years.
Cost of attendance is used as an instrument in the selection equation, which is determined
by both college proximity and direct cost of attendance. Precisely defined, cost of attendance
is the total expense of attending a local in-state public four-year college while the respondent
was 17 years old.15 If several four-year public colleges are located within an individual’s
county of residence, the average in-state tuition of those public four-year colleges is used to
15

I measure cost of attendance using the county of residence at age 14, instead of that at age 17, since the

former has twice as many sample points as the latter. In fact, both measures are highly correlated; their
coefficient of correlation equals .88 for the full-sample.
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define local cost of attendance for this individual. If no four-year public college exists within
an individual’s county of residence, local cost of attendance for this individual is defined by
sum of average in-state tuition, room, and board charged by public four-year colleges located
in the state.16 Both tuition and college proximity variables are generated from the Higher
Education General Information Survey (HEGIS): 1974-82. In HEGIS, tuition data is the
tuition fees paid by a typical full-time undergraduate to an accredited college in an academic
year. Room and board data are the expenses actually charged by institutions at a seven-day
weekly basis in an academic year.
We note that cost of attendance may be correlated with income. If so, the cost of
attendance cannot be utilized as an instrument. To resolve this problem, I deflate cost of
attendance in a county by the average hourly wage of unskilled workers in that county.
To generate the deflator, I use average wage rate per job in service, agriculture, wholesale
and retail trade industries in the county of residence while the respondent was 17 year
old. The local wage rates of unskilled workers are constructed from the Regional Economic
Information System (REIS): 1974-82. Both REIS and HEGIS are merged with NLSY in
accordance with the county of residence. Notice that years 1974-82 are chosen because the
respondents, born during the years of 1956 to 1965, were 17 years old in those years.
Fields of major are categorized into nine divisions, including (1) engineering and architecture, (2) law, communication, and public affairs and services, (3) business and management,
(4) natural sciences, (5) mathematics and computer sciences, (6) social sciences, (7) health
profession, (8) education, language, library sciences, letters and theology, and (9) fine arts,
general, others.
Parental education is measured by three variables: an individual’s mother’s highest grade
16

Two states are exceptional. First, Washington D.C. has six public four-year colleges, but none of them

provides data about room or board. I use the average in-state tuition charged by these six colleges to define
the local cost of attendance for all counties in Washington D.C. Second, Wyoming state has no public fouryear college. I use the average of the total expense on (out-of-state) tuition, room and board at all four-year
universities, including public and private, located in the surrounding states of Wyoming.
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completed, father’s highest grade completed, and their interaction. Family income is defined
by the average of per capita family income between the ages 16 and 17, where per capita
family income is measured by dividing the total family income by the number of family
members. In the initial cohort of the NLSY survey, since half of respondents’ age is greater
than 17 years old, family income in the half of sample is not well defined, and the sample
size is reduced by half. To derive a more reliable measure for family income, I add in the
NLSY supplemental sample17 to increase my sample size only in estimating levels of family
income (see Table 2). After doing this, I have a set of 5,295 respondents for whom there
is no missing observation on those relevant variables. The total sample is categorized into
three classes — low, middle and high family income — according to the values at the 33th
and 66th percentiles of the family income distribution, where each class contains one-third
of the total sample.

4

Results

I provide two sets of results. First, I report earnings and characteristics of college versus
high school careers as a baseline comparison. Second, I present the results based on the
estimation procedure described in Section 2.2.

4.1

Characteristics and Earnings of College Educated versus High
School

In this subsection, I present the composition of the college and high school variables. Tables
2 and 3 compare characteristics of college attendees versus high school graduates. Columns
1 to 3 use the full sample (defined in the Data Section) and columns 4 and 5 use the sample
in the Afqt top quartile. Item 1 shows that high school graduates have a slightly higher
proportion of white and female students than college attendees do. The ratio of whites in
17

The NLSY supplement sample is designed to oversample Hispanic, black, and economically disadvantaged

non-black and non-Hispanic youths.
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the top Afqt quartile is greater than that in the overall sample, whereas the ratio of females
in the top Afqt quartile is smaller. Item 2 reports the number of years of schooling and
cost of attendance. The most talented people who attended college have .8 more years of
postsecondary education than the average college attendees. In addition, a postsecondary
education seems to be less costly for those who attended college. The cost of attending a
local public four-year college is used as an instrument to correct selection biases.
Item 3 summarizes family background variables. There is an obvious gap in both family
income and parental education between those who attended college and those who did not.
In particular, individuals who attended college have 16 to 26 percent more family income
than those who did not. In addition, of those people who attended college, 47 percent had
parents who attended college; of those who did not attend college, only 15 percent had
parents who attended college. Table 3 summarizes the employment status of the sample.
For all levels of education, people with academic talent tend to earn more and work longer
than the average.
Table 4 reports preliminary statistics about the effect of college attendance on earnings
for white males in two eight-year spans, between the ages 23 and 28 during 1982-89, and
between the ages 31 and 36 during 1990-97. Similar to Becker’s (1964, 1993) analysis, the
statistics are derived without controlling for interpersonal differences. Item 1 shows that
earnings increase with age and schooling. To measure the risk and the volatility differential,
I first estimate the variance and the difference in variance between college attendees and
high school graduates. I also distinguish the variation in log wage caused by permanent
and transitory shocks. For a preliminary analysis, I use the variance of deviations from the
individual eight-year average to measure the risk caused by transitory shocks, and use the
variance of the actual individual eight-year average to measure the risk caused by permanent
shocks. Item 2 shows that from 1980s to 1990s, the variations in earnings caused by transitory
shocks decreased, while the variations caused by permanent shocks increased. Item 3 shows
that the differences in the variance of the individual average, which represents the riskiness
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due to permanent shocks, increased dramatically from 1980s to 1990s. In the meantime, the
differences in the variance of deviation from individual average, which denotes the riskiness
due to transitory shocks, decreased by 30 percent.
Using the 1940-1950 Census of Population and Education, Becker (1964, 1993) used the
coefficients of variation in earnings to measure earnings uncertainty for those who attended
college versus those who did not.18 In the 1940 survey, he found that four-year college
graduates exceed high school graduates in terms of the variation in earnings by the ratio of
1.32 to 1 for the sample during the ages 25-29, and the ratio decreases to 1.05:1 for the sample
during the ages 30-34. In the 1950 survey, the ratios for those two age groups increased to
1.67:1 and 1.24:1 respectively. Using NLSY, I compute the coefficient of variation to be
comparable to Becker’s finding. The results are similar to Becker’s to a certain extent: the
coefficients of variation in earnings are often higher for individuals who are college-educated
relative to those who are not. During the 1980s, four-year college attendees exceeded high
school graduates in terms of the variation in individuals average earnings by the ratio of
1.15:1 when respondents were 23-28 years old. During the 1990s, the ratio decreases to
1.05:1 when respondents were 31-36 years old.
Without controlling for individual differences, however, coefficients of variation do not
fully measure the earnings uncertainty since individual characteristics that are unrelated to
earnings uncertainty are all included in the coefficients. The coefficient of college attendees
may exceed that of high school graduates, because people who attended college are more
diverse than those who did not, or because college attendees tend to face higher volatility
than high school graduates do. The analysis below controls for individual characteristics to
measure the extent of volatility. In the previous calculation, selection bias problems were
ignored. After controlling for individual characteristics and correcting for selection biases,
more accurate estimates are reported in the next subsection.
18

The estimates can be found in Table 10 of Chapter 5 in Becker (1993).
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4.2

Estimation Results

This subsection reports the major estimation results. Volatility and the volatility differential caused by permanent and transitory shocks are separately identified based on a series
of regressions: The first is a fixed-effects regression that estimates transitory volatility and
transitory volatility differential, and the second is a probit regression that generates selectivity adjustments for mean and variance. Third, I adopt a between-effects regression that uses
selectivity adjustments to generate consistent estimates of permanent volatility, permanent
volatility differential, as well as the return to schooling. These results are summarized in
Tables 5-8.
Table 5 presents the results of the fixed-effects regression, in which variations in deviations of log wages from individual averages are considered. Since time-invariant variables
are cancelled out in this regression, the explanatory variables are all time-variant. The
explanatory variables include the number of years of work experience, experience squared,
marital status, and regional dummies. The number of years of schooling is time-invariant
in my model, because I focus on the variation of the post-schooling wage stream; observations of work experience before finishing college are excluded from the sample although the
pre-graduation work experience is counted as part of experience. Rows (1b) and (1c) compare the experience-wage profiles among various levels of schooling, which indicate that the
experience-wage profile of a college career is slightly steeper relative to that of a high-school
career. In addition, Marital status and regional dummies have significant explanatory power
in the fixed-effects model, as we see in Rows (d) and (e).
Table 6 reports the estimates of transitory volatilities and transitory volatility differentials. Part (I) presents the results under the assumption that no heterogeneity in transitory
volatility appears within a given level of schooling. Here, the transitory volatilities range
between 8.3 percent and 9.5 percent, slightly higher than Olson, White, and Shefrin’s (1979)
results, where the estimate of the transitory volatility is 7.3 percent for high school graduates
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and 7.5 percent for college graduates. Row (I-1) shows that the four-year college’s hourly
earnings is 1.2 percentage point more volatile than the high school’s, while the two-year
college’s is 0.5 percentage point less volatile. Clearly, transitory volatility does not monotonically increase with educational attainment; some extent of nonlinearity can be seen in
the relation between schooling and transitory volatility.
Part (II) reports the results of heteroscedasticity, allowing the transitory volatility to
vary with work experience as well as schooling. Row (II-1) shows that the transitory volatility profile monotonically increases with work experience for a four-year college career, but
appears to be U-shaped for the high-school and two-year college careers. Row (II-2) presents
the estimates of transitory volatility differentials for college versus high school. The volatility differential of a four-year education is negative during the first three years of experience
and becomes positive in later years. During the first three years of work experience, the
wage profile of a high school career is more volatile than that of two-year or four-year college
career. Later on, the four-year college’s transitory volatility monotonically increases and
exceeds the high school’s; the volatility differential of a four-year college career is approximately one to three percent. This result is consistent with Mincer’s (1974, pp. 103-105)
finding, where experience profiles of variance of log earnings are U-shaped for high school
graduates and positively incline in the later stage of college career. His results also indicate
a small negative variance gap in the first few years of work experience and a large positive
gap in the later stages.
Results of the probit regression are reported in Appendix. It is worth emphasizing that
coefficients of the probit model cannot be identified up to scale due to the presence of the
unobservable heterogeneity in attitude toward risk and taste for schooling (as illustrated
in equation (4)). Hence, the estimates reported in the table do not imply the magnitude
of marginal effects. Nevertheless, this table highlights the statistical significance of the
instrumental variable — cost of attendance. As Row (a) shows, the marginal effect of the
instrument on college enrollment is approximately -2 percent with a relatively small standard
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deviation, indicating that the instrument has a significantly negative impact on educational
attainment. The identification rests on the assumption that attendance cost is uncorrelated
with hourly earnings. This seems to be a plausible assumption since the instrument has
already been deflated by the average wage of unskilled workers in the county of residence.
Based upon the probit regression, I calculate the selectivity adjustments for the mean and
the variance (λsi and δ si ) respectively to prepare for the next step of estimation.
Table 7 reports the coefficients of a between-effects model, in which the interpersonal
variation in average log wage is explained by time-invariant variables. Notably, the selectivity
adjustment for the mean (or the ”inverse Mills ratio”), constructed from the probit model,
is additionally included in the model. In the discussion that follows and for the sake of
brevity, I omit the results that rely on the assumption of homoscedasticity and report the
estimation results that allow for heteroscedasticity; the coefficients under the assumption of
homoscedasticity are very close to those reported here.
In Rows (1l)-(1n), I interact the selectivity adjustment with both gender and scholarly
ability in order to allow volatility to be heterogeneous across individuals. The interaction
between ability and selectivity adjustment appears to be significant to help explain the
variation in average log wages of four-year college attendees, while the interaction between
gender and selectivity adjustment appears to be important to help explain the variation in
average log wages of two-year college attendees. Neither selectivity adjustment nor its cross
terms have an important impact on the variation of average log wage among high school
graduates.
The control variables in the probit are all included in the between-effects model, except for
cost of attendance and high school graduation years (hgy). Cost of attendance is excluded,
for it serves as an instrumental variable; hgy is also excluded, for it can be fully determined
by a linear combination of cohort effects, the number of years of schooling, the number of
years of experience.
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As shown in Row (a) of Table 7, the coefficient of years of schooling approximately
equals 6 percent. This estimate is slightly smaller than the one in the literature, because I
control for scholastic ability, parental education, and selectivity adjustment. Interestingly, I
find that a four-year college education seems to be more profitable than a two-year college
education. The coefficient of years of schooling is 4.0 percent for a two-year college education,
compared to a 6.5 percent for a four-year college education. These estimates demonstrates
that the slope of years of schooling is steeper for a higher level of college education, suggesting
the log wage regression is not linear in schooling. This finding is consistent with recent
work by Belzil and Hansen (2002), in which they find evidence in favor of a convex log
wage regression function. In addition, Grubb (1997) has documented that the effect of
postsecondary education on annual earnings is increasing in the level of schooling, and the
returns to associate degrees are considerably lower than the returns to baccalaureate degrees.
In Row (b), I control for eight fields of major in the college subsample. I find that fields
of major are important explanatory variables for hourly earnings particularly for individuals
who attended a four-year college, but not for those who attended a two-year college. As
Table 10 in the appendix suggests, engineering and architecture majors have the highest
positive impact on hourly earnings, and business and management majors have the second
highest impact among the other majors. In Table 7, Rows (c) and (d) report that the effect
of work experience on wage differences among individuals is not as significant as the effect
of schooling. Rows (e) and (f) report the effects of scholastic ability and parental education
on log wage. Ability seems to be particularly important to explain high school wage rates.
Row (g) of Table 7 shows that African-Americans who have attended a four-year college
earn relatively lower wages than non-African-Americans who are in the same level of schooling. Specifically, among those who enrolled in a four-year college, an African-American’s
hourly wage is lower than a non-African-American’s by approximately 10 percent, if other
attributes are held constant. Meanwhile, the sign of racial discrimination seems not to be
significant for other levels of schooling. Row (h) reports that females have a considerable
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disadvantage in wage rates relative to males for all levels of schooling. It is interesting to
compare the estimates here with Table 9, where being a female African-American seems to
have a significantly positive impact in the probit model. It appears that that racial and gender biases in college enrollment take an opposite direction compared to the biases observed
in the labor market.
Table 8 reports the estimates of the permanent components of volatility and volatility
differential. Rows (1a) and (1b) report the results neglecting selectivity adjustments, and
Rows (2a)-(2b) report the estimates that selectivity biases are corrected for. As shown in
Row (1a), without treating selection bias, the estimate of permanent volatility is similar for
college versus high school; the estimate ranges between 9 percent and 12 percent for college
attendees, and approximately equals 10 percent for high school graduates. Row (1b) shows
that permanent shocks of four-year college attendees are more volatile than those of highschool graduates by 2.6 percentage points. In contrast, permanent shocks of two-year college
attendees are less volatile than those of high-school graduates by 0.7 percentage points.
Volatility differentials of both levels of college education are statistically significant at the
five percentage level. In addition, I find that the permanent volatility differential increases
with Afqt scores, suggesting that individuals who have higher scholastic ability are more
likely to confront more wage uncertainties relatively to those with lower ability. I also find
that in terms of the permanent volatility differential, wage uncertainty for females tends to
be slightly higher than that for males.
After correcting for both ability and risk-aversion biases, Row (2a) shows a modest increase in the permanent volatility for all levels of schooling. The central premise of the
selectivity adjustments is that if there were no ability bias, risk-aversion bias would understate the college volatility and overstate the high-school volatility. Simultaneously, both
ability bias and risk-aversion bias leads to an incidental truncation that understates both college and high-school volatilities. Given the composition effect of both selectivity corrections,
it can be expected that the selection adjustment for high school volatility should be smaller
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than that for college volatility. Estimation results are consistent with this premise. I find
that, of high-school graduates, permanent volatility slightly increases after selectivity adjustments because the adjustment for ability bias overtakes the adjustment for risk-aversion
bias. In other words, the presence of risk-aversion bias reduces the downward bias of ability for high-school graduates. On the other hand, of college attendees (especially four-year
college attendees), the selectivity corrections for both ability and risk-aversion biases shift
permanent volatility upward. It turns out that college attendees (especially for four-year
college attendees) have a larger selectivity adjustment for the permanent volatility relative
to high school graduates. As Row (2b) shows, the selectivity adjustments increase permanent volatility differential to 3.4 percent from 2.6 percent for four-year college attendees, and
increase to almost zero percent for two-year college attendees. Consequently, four-year college attendees have the permanent volatility differential corrected by about 30 percent, while
two-year college attendees have almost no adjustment. Notably, the selectivity adjustments
considerably widen the confidence intervals of permanent volatility differentials.
A major result is that the unbiased estimate of the permanent volatility differential is
significantly positive for investing in a four-year college, but almost zero for investing in a twoyear college, indicating that the investment in a four-year college involves more uncertainties
about future wages relative to the investment in a two-year college. The gap in the degree
of uncertainty between two-year and four-year college education can be associated with the
difference in the timing of the payoffs to the educational investment. As Becker (1993, p.9192) noted, “The long time required to collect the return on an investment in human capital
reduces the knowledge available, for knowledge required is about the environment when the
return is to be received, and the longer the average period between investment and return,
the less such knowledge is available.” Here, my empirical result clearly confirms his intuition.
The extent of the impact of the volatility differential on schooling decisions depends on
levels of risk aversion. To understand the magnitude of the potential impact, it is useful to
consider an example. Given that the annual return to a four-year college education equals
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6.4 percent (as shown in Table 7), the lifetime return to a four-year college education is
approximately 29.2 percent.19 Suppose that agents cannot anticipate the future income
stream, and the coefficient of relative risk aversion equals two – a relatively conservative
number compared to the degree of risk aversion documented in the asset pricing literature.
Then the schooling choice model (3) suggests that the cost of uncertainty can offset the
lifetime return to schooling by 1.7 percentage points, which is one half of the permanent
volatility differential. As such, the lifetime return to schooling declines from 29.2 percent
to 29.2 − 1.7 = 27.5 percent. The cost of uncertainty can be relatively substantial to those
who are highly averse to risk. For instance, if the agent’s coefficient of relative risk aversion
ranges from three to five, the cost of uncertainty can offset the lifetime return to schooling
by 3.4 percentage points to more than 6.8 percentage points. Consequently, for those people
whose returns to schooling are at the threshold, the presence of uncertainty can alter their
schooling decisions.

5

Conclusion

If future incomes are uncertain, risk-averse agents may discount the payoffs to the investment
in human capital. The longer the time required to reap the payoffs, the more of the discount.
Among other possible causes to the reluctance to invest in college education, the impact of
income uncertainty has long been noted but has been studied less intensively. In this paper, I
test whether the wage profile of the college career is more volatile than that of the high school
career by estimating the volatility differential. I empirically demonstrate that the volatility
differential can be understated because risk-averse agents tend to choose less volatile careers.
The aim of this paper is to clarify the nature of the risk-aversion bias and provide an unbiased
estimate of the volatility differential.
Using the National Longitude Survey for Youth: 1979-1998, I estimate a selection fixed19

The lifetime return to a four-year college education is approximately e.064×4 − 1 = .292 assuming tuition

is negligible.
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effects model, where the variance of log wage, as well as the mean, depends on the decision to
attend college. To treat risk-aversion bias and ability bias, the cost of attending a four-year
college nearby is utilized as an instrument to help identify the volatility differential. Estimation results support the validity of this instrument — it exhibits a significant effect on
the selection equation, and the selectivity adjustment based on this instrument considerably
raises the estimate of volatility differential, particularly for the average four-year college attendees. After selectivity adjustments, I find that the permanent component of the volatility
differential is approximately 3.4 percentage points for a four-year college education at the
conventional significance level. A back-of-envelop calculation shows that with modest levels
of risk aversion, the cost of income uncertainty may offset a portion of the lifetime return to
education. In particular, this deterrent effect of income uncertainty can be substantial for individuals whose returns to schooling are at the threshold, suggesting that income uncertainty
can be an important factor in making schooling decisions under certain circumstances.
It is worth noting that although this paper focuses on how wage uncertainty affects the
investment in college education, unemployment is another important source of uncertainty
associated with schooling decisions. According to Mincer’s (1991) estimation, the probability
of unemployment is 6.4 percent for high school graduates but only 3.5 percent for those
who attended a four-year college. If unemployment risk is incorporated as part of income
uncertainties, enrolling in college may acquire the benefit of reducing income uncertainty in
addition to the return to schooling. A more thorough study on human capital investment
under income uncertainty should be done in the future research.
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Table 1: College enrollment rates of high school graduates, age 32-40 in 1997, with AFQT
in the top quartile, by family income and parental education.
College enrollment and types of colleges
No enroll-

2-year

4-year

Sample

ment

college

college

sizes

15.8

15.3

68.9

2265

Low

17.9

19.3

62.9

140

Middle

12.7

18.3

69.0

394

High

10.5

12.9

76.7

630

High school or below

21.9

19.6

58.6

1537

College attendees

4.6

11.1

84.3

1519

1. All high school graduates
2. By family income:

3. By parental education:

Note: : (i) Afqt (Armed Force Qualification Test) scores are deflated by the
corresponding cohort average. (ii) Disadvantage groups, represented by the
supplemental sample, are included in Items 2-3. In Item 1, I use random sample.
(iii) Family income is defined in the paper. Notice that family income variables
are available only for those cohorts between the ages between 32-35 in 1997.
(iv) Parental education is defined by the highest education level of parents.
Source: National Longitudinal Survey of Youth of 1979-98.
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Table 2: Comparison of Baseline Characteristics of Individuals At Age 32-40 in 1997, by
College Attendance and Scholastic Ability (AFQT) Scores. (Continued)
Overall sample

Afqt Top quartile

High

High

Total

School

College

School

College

(1)

(2)

(3)

(4)

(5)

87.6

85.8

88.5

96.7

96.7

(33.0)

(34.9)

(32.0)

(18.0)

(17.8)

10.3

11.3

9.7

1.6

2.2

(30.3)

(31.6)

(29.7)

(12.8)

(14.5)

48.9

50.9

47.9

56.0

53.4

(50.0)

(50.0)

(50.0)

(49.8)

(49.9)

13.9

12

14.8

12

15.6

(2.2)

(0.0)

(2.2)

(0.0)

(2.1)

6.2

6.4

6.1

6.5

6.2

(1.0)

(1.0)

(1.0)

(.9)

(.9)

11778.4

10064.2

12631.0

12025.6

13923.6

(7519.4)

(6520.5)

(7833.9)

(6509.4)

(8041.5)

36.1

14.6

46.6

21.7

58.3

(48.0)

(35.3)

(49.9)

(41.3)

(49.3)

3216

1091

2125

182

1112

1. Demographics
Percent whites
Percent blacks
Percent males

2. Education
Years of schooling
Average log cost of
attending local public
4-year college at age 17

3. Family Background
Average family income
per person
Percent a parent
attended college
Sample size

Note: (i) Standard deviations are in parentheses. (ii) Cost of attending local public
four-year college is defined in the Data Section. (iii) Parents are recognized as have
attended college if the years of schooling is equal to or greater than 13. (iv) Sample
sizes of the family income variable are about half of the full-sample. The sample
sizes listed in the bottom row are the number of respondents for all variables, except
for family income.
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Table 3: Comparison of Baseline Characteristics of Individuals At Age 32-40 in 1997, by
College Attendance and Scholastic Ability (AFQT) Scores.
Overall sample

Top quartile

Attended

High

Attended

High

Total

College

School

College

School

Average nominal

16.7

18.6

12.7

21.8

14.6

hourly wage

(13.4)

(14.5)

(9.6)

(16.3)

(10.6)

2.5

2.6

2.2

2.7

2.4

hourly wage

(6.9)

(.7)

(.6)

(.7)

(.6)

Average annual

2116.8

2128.6

2091.4

2175.1

2132.2

(823.4)

(827.9)

(814.0)

(857.4)

(792.2)

14.8

14.9

14.5

15.4

16.1

(4.0)

(3.8)

(4.4)

(3.4)

(3.8)

3500

2353

1147

1224

226

4. Employment status

Average log real

working hours
Average working
experience, years
Sample size

Note: (v) Nominal hourly wage is calculated from annual wages and earnings divided
by total working hours in the year. (vi) Real wage is derived by normalizing the nominal
wage by the Gross Domestic Product Implicit Price Deflator for the base year 1992. (vii)
Years of work experience is defined by the accumulated annual ratio of the number
of working weeks to the number of total weeks since 1975. Note that in 1975 respondents
were age 10 to 18. (viii) Standard errors are in parentheses.
Source: National Longitudinal Survey for Youth of 1979-1998.
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Table 4: Mean and Variance of Log Wage: 1982-97, White Males.
High School
Log of Earnings:

Graduates

College Attendees
Total

2-year

4-year

2.201

2.370

2.337

2.383

(.007)

(.005)

(.010)

(.006)

2.390

2.692

2.577

2.733

(.008)

(.006)

(.011)

(.007)

1982-1989, age 23-28

.258

.247

.227

.253

1990-1997, age 31-36

.303

.390

.367

.387

1. Cross-sectional mean of individual average:
1982-1989, age 23-28
1990-1997, age 31-36
2. Variance of
a. individual average:

b. deviations from individual average:
1982-1989, age 23-28

.107

.112

.101

.116

1990-1997, age 31-36

.078

.083

.073

.086

1982-1989, age 23-28

-

-.010∗∗

-.031∗∗

-.004∗∗

(F-test; p-value)

-

(.000+ )

(.000+ )

(.000+ )

1990-1997, age 31-36

-

.086+

.064

.083

-

+

(.000 )

(.000 )

(.000+ )

3. Difference in variance of
a. individual average:

(F-test; p-value)

+

b. deviations from individual average:
1982-1989, age 23-28

-

.005∗∗

-.006∗∗

.009∗∗

(F-test; p-value)

-

(.000+ )

(.000+ )

(.000+ )

1990-1997, age 31-36

-

.005∗∗

-.005∗∗

.008∗∗

(F-test; p-value)

-

(.000+ )

(.000+ )

(.000+ )

1982-1989, age 23-28

661

1348

351

997

1990-1997, age 31-36

637

1244

322

922

1982-1989, age 23-28

2660

5529

1478

4051

1990-1997, age 31-36

1758

3544

924

2620

4. Number of respondents:

5. Number of Observations

Note: (i) In the first item, standard errors are in parentheses. (ii)
and

∗

∗∗

indicate the 5% and 10% significance levels respectively. (iii) Note

that NLSY has no observations of wage in 1994 and 1996. (iv) ‘+’ indicates
the corresponding is close to zero but not equal to zero

39

Table 5: Fixed-Effects Wage Regressions.
Dependent Variable: ln yit − ln yi
Estimates and
Tests

High

College

School

Attendees

Graduates

Total

2-year

4–year

-

-

-

-

.065∗∗

.072∗∗

.074∗∗

.073∗∗

(.003)

(.003)

(.004)

(.003)

-.002∗∗

-.002∗∗

-.002∗∗

-.002∗∗

(.000+ )

(.000+ )

(.000+ )

(.000+ )

.038∗∗

.079∗∗

.065∗∗

.083∗∗

(.013)

(.010)

(.020)

(.013)

yes∗∗

yes∗∗

yes∗∗

yes∗∗

(.006)

(.000+ )

(.000+ )

(.000+ )

2. R2

.103

.155

.152

.158

6. Number of respondents

1551

2828

843

1985

7. Number of observations

16952

25098

8566

16532

1. Log wage equation (fixed-effects):
a. Years of schooling
b. Experience
c. Experience squared
d. Marital status
e. Regional dummies
(F-test; p-value)

Note: (i) Standard errors are in parenthesis. (ii) The ** and * indicate
the 5 percent and 10 percent significance level respectively. (iii) “Reginal
dummies” include urban, south, north east, and west. (iv) ‘Marital Status’
stands for a dummy variable denoting whether the respondence has ever
married before.
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Table 6: Transitory Volatilities and Volatility Differentials.
Estimates and
Tests

High

College

School

Attendees

Graduates

Total

2-year 4-year

.083

.094

.077

.095

-

.011∗∗

-.005∗∗

.012∗∗

(.000+ )

(.000+ )

(.000+ )

I. Assuming Homoscedasticity:
1. Transitory Volatilities
2. Transitory Volatility Differentials
(F-test; p-value)
II. Allowing for Heteroscedasticity:
1. Transitory Volatility by Work Experience:
Experience 0-3 years

.088

.080

.071

.080

Experience 3-6 years

.075

.083

.066

.086

Experience 6-9 years

.080

.089

.074

.088

Experience 9-12 years

.086

.100

.082

.095

Experience 12-15 years

.087

.106

.091

.106

Experience more than 15 years

.089

.112

.091

.122

-.008∗∗

-.017∗∗

-.008∗∗

(.000+ )

(.000+ )

(.001)

.008∗∗

-.009∗∗

.011∗∗

(.000+ )

(.000+ )

(.000+ )

.008∗∗

-.007∗∗

.008∗∗

(.005)

(.000+ )

(.000+ )

.014∗∗

-.004∗∗

.009∗∗

(.000+ )

(.000+ )

(.021)

.019∗∗

.004∗

.019∗∗

(.000+ )

(.060)

(.000+ )

.022∗∗

.002

.033∗∗

(.000+ )

(.256)

(.000+ )

2. Transitory Volatility Differential by Work Experience
Experience 0-3 years

-

(F-test; p-value)
Experience 3-6 years

-

(F-test; p-value)
Experience 6-9 years

-

(F-test; p-value)
Experience 9-12 years

-

(F-test; p-value)
Experience 12-15 years

-

(F-test; p-value)
Experience more than 15 years

-

(F-test; p-value)

Note: (i) and (ii): same as Table 4. (iii) ‘-’ indicates ‘not available’.
(v) I obtain the volatility estimates using a function of ordinary least
squares residuals. The results reported here are based on a regression of
the absolute values of least squares residuals on experience, experience
squared, Afqt, parental education, race, and gender. See Identification Section
for more details.
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Table 7: Between-Effects Models.
Dependent Variable: Individual Average of Log Wage (ln yi )
Estimates and
Tests

High

College

School

Attendees

Graduates

Total

2-year 4–year

1. Log wage equation (between-effects):
a. Years of schooling
b. Field of major

.061∗∗

.040∗∗

.065∗∗

(.005)

(.015)

(.006)

yes

yes∗∗

(.000+ )

(.306)

(.000+ )

.030

.034∗∗

.020

.033∗

(.021)

(.015)

(.028)

(.019)

.002

-.000+

-

∗∗

-

yes

(F-test; p-value)
c. Experience
d. Experience squared
e. Scholastic Ability (Afqt)
f. Parental education
(F-test; p-value)
g. Black
h. Male
i. Current marital status
j. Regional dummies

.002

+

.000

(.001)

(.001)

(.001)

(.001)

.003∗∗

-.001

.001

-.001

(.001)

(.001)

(.002)

(.002)

yes

yes

yes

yes

(.982)

(.487)

(.487)

(.783)

-.008

-.049

.022

-.096∗

(.049)

(.045)

(.075)

(.057)

.210∗∗

.330∗∗

.389∗∗

.292∗∗

(.046)

(.041)

(.073)

(.052)

.073∗

.075∗∗

.033

.105∗∗

(.041)

(.032)

(.059)

(.038)

∗∗

yes

∗∗

yes

∗∗

yes

yes∗∗

(.000+ )

(.000+ )

(.000+ )

(.000+ )

yes∗

yes

yes

yes∗∗

(F-test; p-value)

(.072)

(.295)

(.771)

(.019)

l. Inverse Mills ratio

.087

.003

-.063

.014

(.092)

(.110)

(.193)

(.136)

-.001

.001∗

.002

.002∗

(.001)

(.001)

(.001)

(.001)

.029

-.068∗∗

-.133∗∗

-.045

(.048)

(.023)

(.052)

(.028)

2. R

.375

.332

.366

.364

3. Number of respondents

1210

2359

662

1697

4. Number of observations

42
13785

21227

6899

14328

(F-test; p-value)
k. Cohort effects

m. Inverse Mills ratio*Afqt
n. Inverse Mills ratio*Male
2

Note: (i) and (ii): same as Table 4. (iii) A Hispanic dummy is included.

Table 8: Average Permanent Volatility and Average Volatility Differentials.
Estimates and Test
Statistics

High

College

School

Attendees

Graduates

Total

2-year

4–year

.099

.118

.091

.124

1. Before Correcting for Selection Bias:
a. Permanent Volatility
b. Permanent Volatility Differential

-

(F-test; p-value)

∗∗

.019

∗∗

-.008

.026∗∗

(.000+ )

(.000+ )

(.000+ )

.121

.095

.136

-.006

.034∗∗

(-.024,.029)

(.001,.079)

2. After Correcting for Selection Bias
a. Permanent Volatility

.102

b. Permanent Volatility Differential

-

(Bootstrapping; confidence intervals)

∗∗

.020

(.002,.040)

Note: (i) and (ii): same as Table 4. (iii) The confidence intervals of the volatility
differentials in Row (b) are based on bootstrapping with 1000 replications. The size for
each replication is the number of observations. (iv) To allow for heterogeneity in
permanent volatility, I use general least squares to estimate the between-effects model.
First, I regress the absolute values of the least squares residuals on Afqt, parental
education, race, gender, and cohort effects. Second, the fitted values of variances are
used to conduct a weighted-least-squares regression. Notably, gender, Afqt scores, and
cohort effects are often important to explain the magnitude of permanent volatility
differentials.
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A

The Schooling Choice Rule

The schooling choice rule (3) can be derived as follows. Consider a multiple-period model
where an individual makes a schooling decision in the first period and obtains income in each
period afterwards. His income is determined by Mincer’s equation conditional on his characteristics and information about permanent and transitory shocks. He makes his schooling
decision by calculating his expected lifetime utility. The calculation is based on three assumptions. First, the utility function exhibits constant relative risk aversion. Second, permanent shocks, transitory shocks, and unobservable individual effects are normally distributed.
Permanent shocks are independent across individuals but are correlated with unobservable
individual effects, whereas transitory shocks are identically and independently distributed
over periods and across individuals. Third, the effect of transitory shocks on lifetime earnings is smoothed out over one’s lifetime. I express the expect lifetime utility by a certainty
equivalent, which leads to the schooling choice rule (3). The details follow.
Person i makes a schooling decision by comparing incomes streams between attending
and not attending college. Suppose that there is neither unemployment nor a borrowing
constraint. The schooling decision is based on individual characteristics, private information
associated with schooling η i , and distributional parameters of permanent shocks and transitory shocks. Assume that the private information is correlated with permanent shocks but
uncorrelated with transitory shocks. Notably, since only person i can observe his own individual effect η i , his perceived earnings stream is slightly different from what econometricians
observe in Mincer’s equation,
ln yit (s) = αs ni + x0it β s + zi0 γ s
p
+ σ a (s, zi ) 1 − ρ2s ais + σ ε (s, xit ) εit ,

(15)

for t = s, s + 1, ..., T, where ρs is the correlation coefficient between ais and η i for a level of
schooling, σ a is the variance of permanent shock (unconditional on η i ), and σ ε is the variance
of transitory shocks. Conditional on individual factor η i , the variance of permanent shocks
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is
¡
¢
V ar [σ a (s, zi ) ai |η i ] = σ 2a (s, zi ) 1 − ρ2s .

(16)

Note that (15) and (16) do not require the assumption of normality. Let µit denote the
deterministic component of income, αs ni + x0it β s + zi0 γ s . Summing over his income stream
yit , person i’s lifetime earnings can be written as:
yip (s) ≡

T
X

i
h
p
Rt µit (s) exp σ a (s, zi ) 1 − ρ2s ais + σ ε (s, xit ) εit ,

t=s

where R is a discount factor. Notably, µi0 (0) indicates the foregone earnings, and µi0 (1)
represents the cost of attendance. It is convenient to define the non-stochastic component of
lifetime earnings as
µpi (s) =

T
X

Rt µit (s).

t=s

Assume that individual utility is a function of lifetime earnings, exhibiting constant
relative risk aversion,
u (yip ) =

(yip )1−κi
,
1 − κi

where κi denotes the Arrow-Pratt coefficient of relative risk aversion.
If κi is not unity, the expected lifetime utility can be derived as follows,
h
i
E0 [u (yip (s))] = E0 (1 − κi )−1 (yip (s))1−κ
£
¡
¢
¤
≈ (1 − κi )−1 (µpi (s))1−κi exp (1 − κi )2 1 − ρ2s σ 2a (s, zi ) /2 ,
where E0 is the expectation operator based on the information in the beginning of period
one. The second line is appropriate only if (i) the permanent shock ais is normally distributed
so that E0 [eσais ] = exp [σ 2 /2], and (ii) the expected lifetime utility can be approximated by
the first-order Taylor expansion around εit = E [εit ] = 0. Then, the expected lifetime utility
can be expressed by a certainty equivalent, defined by E0 [u (yip (s))] = u (cei (s)), such that
·
cei (s) = exp

ln µpi

¸
¢ 2
κi − 1 ¡
2
1 − ρs σ a (s, zi ) .
(s) −
2
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Clearly, a comparison between expected lifetime utility is equivalent to a comparison between
certainty equivalents. The schooling choice rule (3) then follows.
As an example, consider the case where κi equals unity (i.e. the utility function is
logarithmic). Based on the first-order Taylor expansion around εit = E [εit ] = 0, the expected
lifetime utility can be approximated by the log of lifetime income. Precisely,
p
E0 [ln yip ] ≈ ln µpi (s) + E[σ a (s, zi ) 1 − ρ2s ais ] = ln µpi (s).
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Table 9: Probit Models.
Dependent Variable: College enrollment (si )
Estimates and
Tests

Changes in
Coefficients

Probability

-.063∗∗

-.020∗∗

(.027)

(.008)

b. High school graduation year

yes∗∗

yes∗∗

(Chi square (2); p-value)

(.000+ )

(.000+ )

.024∗∗

.007∗∗

(.001)

(.000+ )

yes∗∗

yes∗∗

(.000+ )

(.000+ )

.502∗∗

.156∗∗

(.087)

(.027)

∗∗

-.204

-.063∗∗

(.049)

(.015)

yes∗∗

yes∗∗

(.437)

(.437)

-.046∗∗

-.014∗∗

.010

.003

-.457∗∗

-.142∗∗

.073

(.022)

1. Independent variables:
a. Log cost of attendance

c. Afqt scores
d. Parental education
(Chi square (3); p-value)
e. Black
f. Male
g. Regional dummies at age 17
(Chi square (4); p-value)
h. Work experience
i. Marriage status
j. Regional dummies

∗∗

yes∗∗

yes

(.000+ )
2. LR test, chi-squared

(.000+ )
1312.20

3. Number of respondents

4131

Note: (i) and (ii): same as Table 4. (iii) A Hispanic dummy is included.
(iv) Parental education includes the mother’s and father’s years of education
and their cross term. (v) Cost of attendance has deflated by the average hourly
wage of local unskilled worker (vi) Row (b) contains quadratic terms of high
school graduation years. (vii) Regional dummies include whether one lived in
an urban area, northeastern, west, and south at age 14. (viii) The changes in
probability are evaluated at sample means of other variables.
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Table 10: The Effects of the Field of Major in Undergraduate Education on Log Wage,
Compared to the Fine Arts and General Fields.
College
Coefficients

Attendees
Total 2-year 4–year

1. Engineering and architecture
2. Law, communication, and public
affairs and services

.206∗∗

.048

.280∗∗

(.032)

(.059)

(.038)

.126∗∗

-.033

.200∗∗

(.025)

(.050)

(.030)

.036

.281∗∗

(.034)

(.061)

(.042)

.137∗∗

.046

.169∗∗

(.032)

(.058)

(.040)

.090

-.055

.146∗∗

(.034)

(.068)

(.040)

.027

-.052

.069

(.039)

(.090)

(.043)

.009

-.063

.055

(.040)

(.072)

(.048)

.043

-.045

.067∗

(.030

(.055)

(.037)

∗∗

3. Business and management

.195

4. Natural sciences
5. Mathematics and computer sciences
6. Social Sciences
7. Health profession
8. Education, language, library sciences,
letters and theology
Note: Same as Table 4.
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∗∗

