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ABSTRACT

The Risk-Return Trade-Off in Human Capital Investment’

In this paper we analyze investments in human capital assets in a way which is standard for
financial assets, but not (yet) for human capital assets. We study mean-variance plots of
human capital assets. We compare the properties of human capital returns using a
performance measure and by using tests for mean-variance spanning. A risk-return trade-off
is revealed, which is not only related to the length of education but also to the type of
education. We identify a range of educations that are efficient in terms of investment goods,
and a range of educations that are inefficient, and may be chosen for consumption purposes.
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1. Introduction

Since the human capital revolution around 1970newgwosts have viewed
education as an investment as well as a consumpgtod. The standard
approach assumes that the individual invests aruatad time in education
and then the return shows up in terms of enhanatedlef earnings. Hence,
two individuals with identical abilities and borrow opportunities would
choose identical lengths of education. We extersistfandard approach and
allow the individual to choose between differenueations (of varying
length and subject) leading to future income stieawith different
properties in terms of means, variances, and cavees with the stochastic
discount factor. We denote these different investngeodshuman capital
assets Hence, two individuals with identical abilitiesnda borrowing
opportunities might now choose different educatirieey differ in terms
of utility over risk and return. The main purposktiois paper is to shed
more light on the risk-return trade-off in humanpital investment as
estimated from a rich dataset on individual incoleues education.

Relatively little is known about the properties lmiman capital returns
despite the vast amount of evidence showing theoitapce of human
capital to the structure and evolution of earniregaployment, fertility, and
economic growth; see for example Rosen (1987) amck® (1993) for a
review. On top of that, human capital has a dontinawsition in the

aggregate wealth portfolio. Becker (1993) estimates value of human
capital to be three to four times the combined @adfi stocks, bonds, and
other assets. For the largest part of (employeatiyiduals, human capital is
the most important component in their wealth pdigfosince financial

assets such as stocks are concentrated in thelpstbdf the few; see for
example Haliassos and Bertraut (1995) and Christian Joensen and
Rangvid (2005) who find that few individuals holdocks, and that
individuals’ human capital assets affect the staoolirket participation

decision. On the other hand, even large changdbenmarket value of
financial assets will probably not affect the humeapital investment
decisions of most individuals. This view is alspgorted by Becker (1997),
who points out that human capital is largely unatfd by financial

markets’ gyrations.

We treat the human capital market separately fioenejuity market, since
our goal is to compare the human capital assets ahaindividual can
choose between rather than relate investment inahuoapital assets to
investments in financial assets. Treating humanitaagnvestments
separately from financial investments complies witle early empirical
findings that human capital does not influencefthdings regarding stock
returns in the CAPM framework, cf. Fama and Schwd®77) and



Liberman (1980). Newer studies provide contradictoesults: Ribeiro
(2002) confirms the earlier results because hesfthdt the dividend growth
rate is hardly predictable by the “labor incomeidiénd” ratio. On the
contrary, Santos and Veronesi (2001) find thatnzetseries of aggregate
labor income helps predict future stock returngeluise, Palacios-Huerta
(2003b) tends to contradict the earlier findings. iHvestigates the effect of
human capital in the conditional CAPM frameworkddmds that human
capital returns help explaining the cross-sectibrimancial asset returns.
Furthermore, Palacios-Huerta (2003a) finds that durrapitalassets have
higher return per unit of risk than financial ass&te take no stand in this
debate about the interrelationship between rettwnBuman capital and
financial assets because we treat human capitesiments as separate from
financial investments.

There are only few papers that investigate theneslrn trade-off on human

capital investments in a fashion similar to ouralaBios-Huerta (2003c)

finds that frictions on human capital markets hexplain the risk-adjusted

return on human capital. Palacios-Huerta (2003as usiean-variance

spanning tests to compare the properties of then®tto various human

capital assets by comparing the efficient fronimethe mean-variance space
spanned by a subset of assets to that spanned lagsats, e.g. human
capital assets of white males are compared to tbbsehite males and

white females in order to see if the mean-varianage-off would be more

favorable had the choice set been extentfsdfinds a wide dispersion in
the return per unit of risk for different human tapassets.

Like the stock market, the human capital marketsisia of a wide range of
assets, i.e. educations. Each individual chooseexhct asset that matches
her preferred combination of risk and return imtgrof future income. Our
data set comprises 104 different human capitaltsi$isat cover a matrix of
various topics (e.g. economics) and levels of etimede.g. BA). Studying
risk-return plots based on raw log income and Minesiduals, we find a
clear risk-return trade-off, which is not only reld to level but also to type
of education. The mean-variance plots provide \@&ianformation as to
which educations are efficient investment goodswhith educations seem
to be chosen for other reasons. To our knowledgewisg such mean-
variance plots is new to the field of labor econesniFurthermore, we
corroborate on our findings by applying an assetopmance measure and
analyzing the properties of the various human ehpiturns by testing
whether the mean-variance frontiers spanned byeréifit sets of assets
coincide.



The remaining part of the paper is organized devi@l. Section 2 presents
our approach to the analysis of the risk-returderaff. Section 3 presents
the empirical analysis, whereas section 4 concltiiepaper.

2. Modeling Risk-Return Trade-Off

2.1 Traditional Labor Economics Models

Unlike the finance literature, it is not yet stardldo consider risk and

uncertainty in studies of return to human capitalestments. In human

capital theory, education is considered an investroétime plus the direct

costs of schooling in exchange for enhanced futaraings prospects; see
Becker (1964). The standard Mincer (1974) earnatgsation is given as:

INW =a,+a,5+a, X +a, X +5, (1)

wheree, ~ N (0,0° ), W denotes wages; denotes years of experience, and
S years of schooling.

Some attempts have been made to incorporate umtgria the return to
schooling within the traditional framework. Empalcevidence suggests
that risk is indeed compensated resulting in atpesrisk-return trade-off.
Harmon, Hogan and Walker (2003) base their studies random
coefficients while distinguishing between the levef educationHartog
and Vijverberg (2002) estimate risk compensationubg of occupation-
education cells, where education is measured insyddis is a proxy for
detailed career choices, but in reality, the octiopal choice follows after
completion of education. Using education specifédlscand applying a
range of different risk measures, Diaz-Serranotdd¢aand Nielsen (2003)
find a positive risk compensation for both permdreerd transitory income
shocks. In a cross-country study, Pereira and M&art2002) estimate the
return from equation (1), and the risk is measuasdthe difference in
returns between the B0and 18' percentile estimates from quantile
regressions. The study finds a positive relation&i@tween risk and return
across countries. If individuals do not know whtrey will end up in the
conditional income distribution before entering tabor market, this is a
good measure of income risk. But since we show d@hlat of this income
risk is predictable ex-ante by the type of educatie individual is holding,
this is not an appropriate risk measure from ouspective.

Fuchs-Schiindeln and Schindeln (2005) use the Gemenaification as an
example of exogenous reassignment of labor incaskeand find that self-
selection of risk averse agents into less riskyupations is non negligible.
Chen (2003) also finds that risk averse individual®ose less risky



education. She finds that the wage variance ineseasith level of

education (high school versus college) when shestglthe wage variance
to take care of the selection bias stemming frorterbgeneity in risk

aversion.

Because detailed information about education isawvailable or applied in
previous studies, the assumption is that the eslrn properties of human
capital investments are directly related to therydar level) of education.
Under that assumption, a cross-sectional risk mreaswould be severely
contaminated due to the fact that subject hetemigem addition to other

individual heterogeneity is picked up in the riskeasure. Say, long
educations were found to be more ‘risky’. This fimglwould partly reflect

the fact that long educations include both MA/M&cRHhilosophy and in
Economics, where economists are on average mucter bpaid than

philosophers. We apply time-series based risk nreasand distinguish
between specific human capital assets, meaningwhatake into account
both the length of education and the subject otigfization. Hence, we
avoid that risk measures are contaminated by subgterogeneity.

2.2 A Financial Economics Approach to Risk-Return Tade-Off

In the finance literature, most predominantly ire tportfolio selection

models, the trade-off between risk and return hfeenistudied extensively.
We base our empirical analysis on the mean-variamogel of Markowitz

(19525)L because we find that it is very useful fardging human capital
assets.

In the mean-variance world agents base their invest decisions solely on
the expected return and variance of their portfdhwestors prefer higher
expected returmeterisparibus and equivalently prefer less risk (variance)
ceterisparibus The mean-variance model applies plots showingntkan
return of each asset and all possible portfoliosas$ets against their
standard deviation (denotedean-variance plojs All feasible investment
strategies are contained in tfeasible sein the mean-standard deviation
space shown in Figure 1. All investors hold portfielthat are located on the
efficient frontier,which is the northwestern envelope curve of theifda
set? Only on the frontier, is it possible to obtain thmwvest standard

! The well-known Capital Asset Pricing Model (CAPM) 8harpe (1964) and Lintner
(1965) is a popular generalization of the meanavex@ model which is often applied to
portfolio analysis in financial economics.

2 We ignore the existence of a risk-free asset whidsts on most financial markets but not
on human capital markets.



deviation for a given mean or the highest mean dogiven standard
deviation. The exact point on the efficient frontehosen by the agent
depends on the shape of the investor’s indifferenicees.

Defining utility to depend directly on the mean aradiance of the return on
the human capital assets is a great advantageripirieal work, since they
are observable (to the econometrician). Furthermouestors do not value
holding assetper se but rather they value the stream of random clasinsf

that those assets give rise to. Therefore it isitinely appealing that
investors want higher mean and lower variance pketed returngeteris

paribus However, many economists may be unhappy aboutildy u
function that depends on income rather than consomprherefore, in the
intertemporal consumption based asset pricing nsodglity depends on
consumption. Investors pick consumption and astetsaximize their

expected lifetime discounted utility. Hence, eaahet period investors
decide how much to save, how much to consume, dmdhwassets to
include in their wealth portfolio. From the firstder condition for this
decision, we get the basic asset pricing equation:

Et I,m+1Rj ,t+1J = 1! (2)
— u.(ct+1)
My =B ©)’ ®3)

where R, ,, is the return on assgtat timet+1, m,, is the intertemporal

marginal rate of substitution (IMRS) between titnendt+1 (also denoted
the stochastic discount factasr thepricing kerne), and E, [0l denotes the

expectation conditional on the information avaiéahbt timet. >0 is the
rate of time preferencey-) is the utility function, anct, is consumption at

time t. The basic pricing equation (2) should hold &y asset (stocks,
bonds, options, real investments, etc.), @my monotone and concave
utility function, u() with u'() >0 andu"([) < Q In particular, it holds for
all human capital assets. Note that all asset Bpeatsk corrections are
driven by the covariance of the assets’ return whth stochastic discount
factor. Hence, riskier human capital assets mustr digher expected
returnsceteris paribudo induce investors to hold them.

In spite of their theoretical appeal, the consuorptbased asset pricing
models have not been found to perform well emgdisicaee discussion in
Cochrane (2001; chapter 2). This is probably onthefreasons why mean-
variance based models (including the CAPM) ard sgry popular in

empirical applications, and most of the theory sfed pricing concerns how



to proxy the stochastic discount factor in (3) withservable variablés.
Cochrane (2001; chapter 6) shows that various apsetng model
formulations are equivalent. We use Cochrane’svedgmce result to relate
the mean-variance model to the consumption basedeimio order to
guarantee the existence of a stochastic discourtbrfaand to make
transparent which assumptions we impose (and doimpbse) in the
empirical analysis. More heron follows in Sectiof.2

Performance measures rank assets by punishing nitiertaken risk and
assigning positive value to higher expected retufhge Sharpe (1965) ratio
standardizes the excess return above the riskreen by the standard
deviation. The larger the Sharpe ratio is, thedbdtie performance is. We
apply a modified version of the Sharpe ratio, whidh denotestandardized
returns more heron follows in Section 2.5.

Hansen and Jagannathan (1991) provide a usefyhingito the duality
between discount factor volatility and Sharpe matiBince the basic pricing
equation (2) holds for any asset, it can be writteterms of excess returns:

E, [mtﬂRfil] =0, whereR?, is the difference between any two asset returns.
Hence, it implies that:

o(m,,) S ‘ E[R[e"l]
Em.] ~ o(R%)’

which puts restrictions on the set of discountdesthat can price a given
set of asset returns. From equation (4) we seethiatarger the maximum
attainable Sharpe ratio (given by the right hamt)sithe tighter the bound
on the volatility of the discount factor. The stosti@ discount factors with
the lowest volatility are the ones that correspaiod mean-variance
optimizing behavior. Hence, finding the mean-vacmrefficient assets is
equivalent to finding the stochastic discount factilat has the lowest
volatility among all the stochastic discount fasttimat price the given set of
asset returns correctly.

(4)

We further examine the risk properties of the vasibuman capital returns,
by analyzing the mean-variance frontier spannediffgrent sets of assets.
Thus, we also take the covariances between assatgento account. L&

denote the number of benchmark assets, and sufipiseassets are added
to the set of benchmark assets. We are interestedmparing the mean-

% For example, the CAPM ties the stochastic discdactor to the return on the wealth
portfolio, m,, =a+ bRVl'l, hence restricting it be a linear function of atveel data.



variance frontiers spanned by tebenchmark assets and the larger set of
J+K assets, respectivefy.Mean-variance spanning occurs if the two
efficient frontiers coincide, i.e. investors canmenefit from the additional
investment opportunities. In terms of volatility s, mean-variance
spanning means that the stochastic discount fagtbrthe lowest volatility
that prices theK benchmark asset returns correctly, is also thehagdic
discount factor with the lowest volatility for tharger set ofJ+K asset
returns. We test the hypothesis of mean-varianearspg with the Wald
test that is presented by de Roon and Nijman (20€1d it builds on the
regression framework proposed by Huberman and K4mei87)>

We also estimate the increase in expected returrupié of risk that is
obtained by adding more assets to the set of bemdhmassets. More
precisely, we estimate how much the mean-variarargiér changes at the
expected value of the minimum volatility stochastiscount factor, which

is typically close to oneg[m,|=1. From equation (4) we see that at this
implied risk-free rate,Rf _ [1 ]:1, the change in the expected return per

. Erntﬂ
unit of risk, Ag(m,,), is approximately equal to the change in the marm

attainable Sharpe ratio. A test of mean-varian@nsing is equivalent to
testing whether this change is zero. We estimaetiential improvement
in the maximum attainable Sharpe ratio by the netthescribed in de Roon
and Nijman (2001). Since we are interested in caomgahe properties of
the different human capital returns, we estimate iticrease in expected
return per unit of risk when adding aspé&b assek, and when adding asset
k to assef, respectively. Thenet gain(or loss) from investing in asskt
rather than assgis then computed by subtracting the expected g@irunit
of risk whenj is added td from the expected gain per unit of risk wheis
added tqg.

Palacios-Huerta (2003a) uses a methodology sinolaurs to incorporate
riskiness into the comparison of human capitalrretuHe divides his data

* In the empirical analysis we investigate the specases wherd=1 andK=1 (Table 5),
andJ=1 andK>1 (Table 6).

®> de Roon and Nijman (2001) provide a comprehensiveey of mean-variance spanning
tests, and Bekaert and Urias (1996) examine thdl saraple properties of various mean-
variance spanning tests. They find that the regredsased test of Huberman and Kandel
(1987) has higher power than the Generalized Metfiddoments (GMM) based tests also
commonly applied. Furthermore, Palacios-Huerta 820Ginds that the two types of tests
lead to almost identical conclusions.



set into four demographic groups based on raceKhbihite) and sex, and
then he divides the demographic groups into sulpgrdaased on potential
years of work experience and level of education.hEeembination of

experience and level of education is denoted a humapital asset.

Palacios-Huerta (2003a) notes that human capisgtasend to have higher
returns and lower variances than financial assets,they have higher
Sharpe ratios. The Sharpe ratios increase withethe bf education for a
given demographic group. Palacios-Huerta (2003as usiean-variance
spanning tests to compare the properties of theahuoapital returns by
comparing the mean-variance frontiers spanned tigreint sets of assets.
He shows that the efficient frontiers differ acragsnographic groups with
identical level of education and experience. Theaciefit frontiers are

composed of the relevant human capital assets Her group under

investigation.

It is important to note that unlike us, PalacioseHa (2003a) does not apply
information on the exact type of education. Themefbe is not able to make
any guidance as to which educations are efficiamestment goods. We
analyze the mean-variance efficient frontier of lancapital assets for
individuals with identical level of education, exjgmce, normal working
hours, and (academic) abilities, but different sabjof education. Our
results are much more detailed because we disshdwetween as many as
104 human capital assets.

2.3 Assumptions Imposed in Our Analysis

There are two major differences between the mariethiman capital
assets and the equity market. Firstly, diversiiteatis not possible.
However, small educational portfolios can be ol#dirby holding an
interdisciplinary education. Moreover, another kiraf portfolio is
obtainable if couples or extended families chodear teducations jointly,
l.e. optimizing simultaneously. Yet, most peoplerd get married before
undertaking an education and hardly any peopleifivextended families in
the developed worldin the literature on the economics of marriage, a
standard assumption is that the education, theirgmnprospect of a
potential partner, and the potential gains fromdetwldspecialization are
primary motivations for marriage formation; see fexample Becker
(1991)° Therefore, marriage could be considered an edutioortfolio

® Traditionally, the relevant specialization is intearket work (males) and homework
(females). However, in modern families of today tedevant issue is specialization in
different sorts of market work.



choice. In the present study we disregard portfotibeducations. Secondly,
gearing is not possible. By gearing we mean thatirtlkestment cannot be
scaled arbitrarily which is the way that arbitraggportunities are done
away with in financial markets. Finally, unlike etyunvestments, investing
in a specific education is a binary choice varialgi¢her you invest in a
certain education or you do not. And this investman education is

irreversible: once you hold a certain education woe not able to sell it
again.

Relating the mean-variance model to the consumpgiesed model using
the equivalence results of Cochrane (2001; ch&)tewe make transparent
which assumptions that we make (and do not makedun empirical
application. First of all, we assume thhe law of one pricéholds. Two
perfectly correlated returns with different mears aviolation of the law of
one price; hence it implies that a mean-varianoatier exists (as well as a
stochastic discount factor). However, markets doevad to be incomplete
in the sense that we do not assume absence ofageditSince human
capital assets cannot be sold and are extremeficuliif to diversify,
arbitrage opportunities on human capital marke¢saimost impossible to
exploit in the short run. Bgnly applying the law of one price and the basic
pricing equation (2), we assume that risk is thly omarket friction® The
existence and equivalence theorems proved by CoeH&001; chapter 6)
hold for any set of probabilities, i.e. they hold equally wel anteandex
post However, by applying the basic pricing equati@h (ve assume that
investors can consider a small marginal investnegndisinvestment. For
investment in human capital assets, the investarsia make a small
marginal investment. Hence, the average value @dacation not already
undertaken might be substantially different from marginal counterpart,
and we cannot unravel the investag)s antemarginal willingness to pay for
the investment unless we assume perfect foresighstatic earnings
processes. However, the marginal valuation stitlliap ex post illustrating
what the investor actually paid for the educatiomafestment in market
equilibrium without imposing further assumptions.

" Absence of arbitrage implies that a portfolio thates a non-negative future payoff and
has a zero price now, does not exist. Assuming rales@f arbitrage is equivalent to
restricting the stochastic discount factor to bsitpee.

8 Luttmer (1996) extends the framework to also tatteer market frictions into account,
and Palacios-Huerta (2003c) finds that both risk etier market frictions help explain the
human capital premium. Allowing for other marketfions implies that the basic pricing
equation (2) holds with inequalityg, [m+1R+l] <1.

10



2.4 Efficient Frontiers

We consider mean-variance plots of human capitastments in order to
find the efficient frontier. Due to the limitatiorsted above, the mean-
variance plot is a scatter-plot where the empireféitient frontier consists

of points rather than a continuous envelope cuf\' mean-variance plot
tells us which educations are efficient in the seofsan investment asset. In
other words, if agents act as rational mean-vaeamutimizing investors,

the plot has obvious implications for educationhbices. Since public

spending on education per year varies significardbyross types of

education, this may not be seen as a guide to yohakers about

educational policy. Rather, it is a guide to indiv@ls about what constitutes
an efficient human capital investment from theimpof view.

If agents tend to choose a certain education fdrerotreasons than
investment purposes, that asset would be situatethe interior of the
feasible set. One reason could be that some pé@ple a vocation for a
certain education, e.g. nursiigrhis is the non-market benefit (or non-
pecuniary returns, preferences, vocation or cdlpducation introduced by
Heckman (1976). After controlling for the non-markenefit of education,
Nielsen and Vissing-Jgrgensen (2005) find thattistarsalary, income
growth plus permanent and transitory income rishué@nce educational
choice. Studying the choice between high school ewmitbge, Carneiro,
Hansen and Heckman (2003) find that this non-mabokeiefit is the main
determinant of educational choice dominating pemynreturns and risk.
Looking at choices of college major, Arcidiacono0@2) finds that
preferences for studying or working within the ametated to a certain
major explain educational choices. We assume tigahon-pecuniary return
is certain (i.e. we assume that it is uncorrelatétl the stochastic discount
factor). In principle, it could also be risky, ssnmdividuals do not know for
sure whether they are going to like a certain etimca

2.5 Measures of Return and Risk

We study individual time series of annual incomathw an educational
group, which reflects the combined effect of empient, occupation,
sector, and wage outcomes. Hence, the risk anchrgtiierent in the annual
income includes unemployment risk as well as loeeme risk due to
employment in unfavorable occupations or sectors.

° The stock market equivalent is investment in ssamfkones favorite football team etc.
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Unlike financial assets that yield the same retorll individuals, human
capital asset returns vary across individuals deipgnon unobserved
productivity related traits of the individual. Theeferred return measure
would be unaffected by ability differences acrossugs, as for instance
reflected by average 1Q, test scores, or familykgemund for individuals
within an educational groul8.However, test scores are only available for
young high school graduates in our sample, whefi@agdy background is
only available for youth in the employed dataseer€fore, we are not able
to avoid ability bias in general. However, the peob is reduced when we
refine the analysis to separately consider indi@isliwho are expected to
have similar unobserved abilities. This approaclapglied for different
subsamples in this study. We analyze individualg veicademic abilities
versus manual abilities, to be defined below. Famrtiore, we briefly
discuss individuals with revealed elitist acadeabdity.

As first discussed by Willis and Rosen (1979), mesuto education may be
affected by selection bias due to ability sortidthis effect is clearly

confirmed by Carneiro et al. (2003) in the studyhaf choice of high school
versus college. However, in studies of choice dfege major, selection

biases are found to be small after controllingdioserved ability, see Berger
(1988) and Arcidiacono (2004). These results indi¢haat individuals may

not predict their position in the major-specifidlay distribution better than

the econometrician can based on observed abiliighas. However, in our

study we do not have access to observed abilityaias. Instead we
distinguish between manual and academic abilitydiaduss the choices of
people with revealed elitist academic abilitiesrtRermore, we investigate
the four different fields of academic studies safEy (humanities, social
sciences, natural sciences and health care scjereesuming that

individuals who have chosen a given field of stadieither have a
comparative advantage or a general preferenceh&rfield such that their
choice set effectively is restricted to that spedield.

When choosing a risk measure, it is important tpasse risk from

individual heterogeneity within an educational grouf individuals are

informed about their draw of individual heterogéyeie.g. 1Q and

motivation), this represents ex-ante risk, whicmaét compensated in the
labor market. Therefore, we measure risk based dwidual time series

variances rather than cross sectional variahce.

19 Consult Blackburn and Neumark (1995) and Card 9196r a detailed discussion of
ability bias.

! See Cunha, Heckman and Navarro (2005) who digbesissue of separating risk from
heterogeneity in detail.

12



We use two different measures of returns to edoicati

Raw log incomeThe average return is the average of the natogalrithm
of annual income for workers within an educatiagralup,;:

1wn 1
Ri :KZi;Hth:lln wt J )
j

where n, denotes the number of workers in educational growgnd N

denotes the number of observations over time forkeroi. Assuming
independence, the corresponding standard devitdgroeducational group
is the square root of the average variance of timei@ income for workers
within that educational group:

(6)

wheregizj is the time series variance of the annual incoareworkeri in
educational group given by:

2 _ 1 n IPEYVYAY
o 'q——lzt:1(lnw" InWy)>. (7)

Mincer residuals The Mincer residuals are applied to accommodate f
differences in years of schooling across educatidifeerences in labor
market experiences across individuals, and diffeenn normal working
hours across educations.

The Mincer residuals are calculated as followssti-the Mincer regression
in equation (1) is estimated using all observationthe sample where we
add the normal number of working hours for the atiooal group as an
explanatory variable. Notice, we do not use indmaid observations of
working hours. Second, the residuals are calculased

_ ~ = ~ ~ 2 _ A
it =In V\(jt —0'0—0'1% _azzﬁ _as?jg -a, lﬁ' ) (8)

Third, the Mincer residuals are grouped accordimgedlucation, and the
means and the standard deviations are calculatedafth group as before
(with InW;; replaced bys;; in equations (5) and (7)). Hence, the mean of
Mincer residuals denotes the return to investingihuman capital asset
relative to the average education of similar lengtith similar normal
working hours corrected for differences in experen

In Denmark, there are neither any Ivory Leaguectsf@or any tuition fees.
All students are eligible for a Government grardttbuffices for costs of
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living. As a consequence, time spent in the edopati system is
proportional to the amount invested in educationterms of foregone
earnings from unskilled work. Hence, the returnettucation coefficient
from a Mincer regression is a measure of the peivaturn to education.

The parameter estimates for the Mincer regressiert@ntained in Table 1.
The return to schooling is around 1%, ig&. from equation (8). At first
sight the return to schooling may seem small. Harm@/alker, and
Westergaard-Nielsen (2001) report rates of retuofs4-6% for the
Scandinavian countries using gross hourly wagesttitee reasons are our
estimates smaller. First of all, since we use noaritial incomeafter
progressive taxation, the number should be smafecondly, we use
annual income rather than hourly income. Thirdgkirig account of the
average number of working hours reduces the esirfat the return to
schooling from around 3% to around 1%.

For the Mincer residuals we compare human capiteéstment using a
performance measure, namely, #tandardized returnThe standardized
return for a human capital asset is simply caledats the average Mincer
residual for that human capital asset divided giandard deviation.

3. Empirical Analysis
3.1 Data

We apply register-based panel data for a randonpleaai 10% of Danes.
During the time period 1987-2000, we follow the odk born in 1947-
1957. The dataset contains detailed informatioedurcational attainments,
actual labor market experience and several incoar@bles at year-end.
Each year the non-financial income after tax ioreded for each individual
and converted to real amounts with 2000 as the yeee To make sure that
outliers do not drive our results, we delete incsrbelow the 2 percentile
and incomes above the "©®ercentile in the income distribution each year.
We analyze time-series of individuals’ non-finahadter-tax income for
each of 14 consecutive years to accommodate \@rg@tacross business
cycles.

The dataset is augmented with information from Erenish Labor Force
Survey 2003 on normal weekly working hours. Houre aecorded
separately for men and women in various educatigraalps.

Table 2 provides summary statistics for the poalath set of real incomes.
The average log income is DKK 12.01 with a standi#diation of DKK
0.43. The average person in the sample is 42 yddyr$olds the equivalent
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of 12 years of completed education, has 16 yeamook experience, and
works for 35 hours during a normal we€kThe sample comprises
1,005,139 observations of 80,722 individuals.

Detailed information on the highest level of eduwat achieved is
available™® The sample is divided into educational groups nafiviiduals
with identical level and type of education proviglims with 104 groups each
consisting of at least 50 observations. The foll@yvieducations receive
special attention because they cover a wide spaatfteducations (years of
schooling in parenthese¥):Appr. Shop Assistant (12), Appr. Bank Office
Clerk (12), Appr. Electrician (12), Appr. Agriculer (12), Appr. Health
Care (12), SCHE Armed forces (14), MCHE School Tead16), MCHE
Nurse (16), MCHE Transport (16), MSc Economics (Idbc Medicine
(18), MSc Pharmacy (18), PhD Social Sciences @0 Engineering (20),
and PhD Medicine (20},

The Appendix contains detailed information abowt tavel and type of
education for each of the 104 educational grougse Appendix also
contains the mean and the standard deviation (footraw log income and
for the Mincer residuals) for each educational grou

3.2 Results: Raw Log Income

Figure 2 shows the mean yearly income versusatsdsird deviation based
on raw log income. The 15 educational groups sthghet above are
indicated with labels. The empirical efficient fta@r consists of the points
to the northwest. For instance, doing an MSc Ecocens preferable to

12 starting in school at age seven, this implies seigars of idleness, which seems high at
first sight. Deducting the wasted years in the atlonal system leaves less than five years
for non-participation or unemployment, which makesise for the relevant sample in the
relevant observation period. On average one yeawasted in the educational system

already to achieve the diploma of completion ofibashool (late school start (0.3), grade

repetition (0.1), an optional f0/ear in basic school (0.6)). On top of that comiesp out

or lack of completion of higher education. For t@horts in the sample, the completion

rate was about 75% for short and medium cycle dugaand less than 40% for long cycle

higher education; see Ministry of Education (1998).

13 As the individuals in the sample are 30-53 yedid only very few (<1%) are
undertaking education during the sample period.

14 Basic school, high school, and BA are excludechftbe list to avoid the individuals who
are dropouts from higher education.

!> Appr. denotes Apprenticeship education, whereadfSénd MCHE denotes short-cycle
higher education and medium-cycle higher educatiespectively.
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doing MCHE Nurse, because it gives a higher rewhile the standard
deviation is the same. Likewise, doing SCHE ArmedcEs is preferable to
doing MSc Pharmacy, because it gives a lower stdndiaviation while the
return is the same.

The efficient educations include MSc Medicine, MCHBgineering, and
SCHE Armed Forces. The efficient educations areprmad of long as
well as short educations suggesting that yearsludaing is not the only
factor to consider when assessing the economic eqoesices of
undertaking a given education.

There is a positive risk-return trade-off. Tablg®vides results from the
WLS regression with weights reflecting the numbgrinalividuals in each
group, in order to assign larger weight to groujit wore individuals. The
slope coefficient is significantly positive (66.8hdicating a positive risk-
return trade-off-®

3.3 Results: Mincer Residuals

Figure 3 illustrates the efficient frontier of theman capital market based
on Mincer-residuals, thus correcting for the facattthe human capital
assets represent different amounts of time investifferences in
experience, and varying working hours. The positefationship between
risk and return is not so clear from the graphprakentation. Still, the WLS
regression reveals a significantly positive slopefficient, 0.11, cf. Table
3. So, even after correcting for differences in ldmegth of education and
years of experience, the positive risk-return reteghip persists.

Focusing on the 15 educations from above, we fimat the pattern is
similar to that seen in Figure 2, though small ¢esndo occur. For
instance, MSc Economics moves up in the diagrara.€fficient educations
include MSc Medicine, MSc Economics, MCHE Enginegyiand SCHE
Armed Forces. Again we see that risk is not necégsdosely linked to the
years of schooling.

In order to further assess the risk-return tradebetween the investment
opportunities it is useful to apply the one-figymerformance measure; the
standardized return, introduced above. In Table & have listed the
standardized return for the groups with the fivgést and the five smallest
standardized returns as well as the ranking of lthegroups of special

6 We have investigated variation over gender, pijiicate sector, business cycles and
employment rate. None of these factors are spusialsizing the results.
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attention. The top-performing educations includentyalong educations:
MSc Medicine, MSc Dentistry, MCHE Engineering, MEconomics and
PhD Engineering. Still, long educations with po@rfprmance exist, and
short educations with good performance exist. Exampof poorly
performing long educations are MCHE Needlework Teac MCHE
Educator, and MA Education. Similarly, high-perfang short educations
include SCHE Armed forces, Appr. IT, High Schoolppk. Electronics
Mechanics, and Appr. Agriculture. The low-performoa educations are
dominated by apprenticeship and SCHE. Again, weclooie that when
investing in human capital assets, the investorulshdind the type of
education at least as interesting as ldreggth of education. Note that the
standardized returns range from -1.41 to 2.69they are in the same range
as the Sharpe ratios for human capital assetslatiBa-Huerta (2003a), and
higher than Sharpe ratios for financial assets r@&haatios for stocks are
typically around 0.5). This implies that the stosti@discount factors that
price human capital assets are required to be wmaledile than discount
factors pricing financial assets.

3.4 Results: Manual versus Academic Abilities

It is unlikely that an individual chooses betwegopA Health Care and PhD
Engineering. The reason is that the two educatadtract individuals with

different ability endowments. Below we study subssef the feasible set.
As an example, in Figure 4, we look at all appaaship educations
separately and all MA/MSc educations separatelyesemble a situation
where an individual has either manual or acaderkitssOf course, any

other set of educations reflecting the abilities tbe choice set of the
individual in question could be chosen. As mentbrearlier, empirical

evidence shows that the bias due to selection obaarvables is significant
for selection of level of education but not foresgion of field of study

(within a given level of education). Thus, the gs& here is presumably
free of selection bia¥.

The efficient educations among apprenticeship dchta are Appr.
Agriculture, Appr. IT, Appr. Electronics Mechaniand Appr. Bank Office
Clerk. The risk-return trade-off is negative for mmal abilities; the

71t the results of Berger (1988) and Arcidiacon6@2) carry over to the case of Denmark,
they suggest that the bias due to selection onaarelbles is smaller when we consider a
given level of education, even though we still aatntontrol for observed ability variables
such as test scores or 1Q. That is exactly whatdwen the refined analysis where we
compare manual and academic abilities, and singleldist academic abilities.
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significant slope coefficient from WLS regressiomaunts to -0.75, cf.
Table 3.

For academic educations MSc Medicine, MSc EcongnitSc Pharmacy,

MSc Armed Forces, and MSc ComputerScience/Maths8tat are efficient

educations. A long range of MSc/MA educations adentified as

consumption decisions, for example: Humanities, oldgy, Letters, and

Music/Aesthetics. The risk-return trade-off is pivg as for the entire set of
educations; the slope coefficient equals 1.43 wiacignificant.

Some of the academic educations require a high @#/Aenter, e.g.

Medicine, Dentistry, and Political Science. Therefoindividuals who

complete these educations are revealed to hav& aliademic abilities. We
may therefore assume that those individuals woalkkheen able to both
enter and complete any other academic educatiom .hiliman capital asset,
MA Political Science, is an inefficient investmefitose investors could
have achieved a 13% higher income at the same astartkviation, had

they invested in the efficient asset, MSc Econor(see Table Al). Hence,
people tend to choose MA Political Science for oeas other than

investment purposes.

3.5 Results: Mean-Variance Spanning Tests for Acadac Educations

At last we investigate the properties of the resuimacademic educations in
more detail relying on the Mincer residuals. Fog #ticademic educations,
we perform a number of mean-variance spanning .tédtgeover, we
estimate the increase in expected return per @inislowhen an education is
added to a given benchmark education. These rem@tpresented in Table
5. Complying with theory, the higher the p-valuenfr the Wald test of
mean-variance spanning is, the lower is the ineréasexpected return per
unit of risk.

The hypothesis of mean-variance spanning is rajeteall cases when
either the benchmark asset or the additional asseine of the high
performing educations: MSc Medicine and MSc DentisThis means that
individuals can always gain by having one of theseications in their
feasible set.

By studying thenet gainfrom investing in one human capital asset rather
than another, we see some non-trivial differenaesthiese net gains.
Corresponding to Figure 4b, we see that individuaith an MSc
Economics education cannot gain from investing iBAVEngineering or
MSc Pharmacy. With MSc Economics as the benchmadeta the
hypothesis of mean-variance spanning cannot bectegiewhen MSc
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Engineering or MSc Pharmacy are added to the fieasdt. On the other
hand, with either MSc Engineering or MSc Pharmasytltee benchmark
asset, and MSc Economics is added to the feas#b/ahe mean-variance
spanning hypothesis is clearly rejected. The exgkeoet gain per unit of
risk from choosing MSc Economics rather than MSgiieering is 1.66,
and from choosing MSc Economics rather than MScrRaey it is 1.22.

There is a net gain from investing in a MA Businkssiguage education
relative to any other education. The net gain ranfjem 0.96 (MA

Theology) to 5.32 (MSc Computer Science, Mathemsatimd Statistics).
The biggest net losers are MA Education, MA Lettarsd MSc Computer
Science, Mathematics, and Statistics.

It is worth noting that only few individuals withcademic abilities can be
made better off by investing in a Natural Sciendacation. For example,
the hypothesis of mean-variance spanning is maésh ogjected when MSc
Computer Science, Mathematics, and Statistics orc M&ology and

Geography are added to the benchmark human casisat. On the other
hand, the hypothesis of mean-variance spanningneaer be rejected when
one of these assets is the benchmark asset.

To reduce the potential role of ability bias eveorey we compare the
properties of human capital returns for individuaith academic abilities
within a certain field of education. According thet Roy (1951) model,
individuals self-select into the type of educatiarhere they have a
comparative advantage, e.g. humanities, naturaheej social science or
health subjects. In Table 6, we consider mean-weeiaspanning tests for
these four fields separately. Assume that indivglwgho have chosen an
education within, for instance, the humanities havademic abilities within
that specific field of education. Or alternativelye could assume that these
individuals have a general preference for educatigithin the humanities.
For individuals who have a comparative advantaggnénhumanities, MA
Business Language is an efficient investment. Tdie ger unit of risk from
investing in MA Business Language rather than thtnmal portfolio of the
other educations within humanities is 4.13. Forividiials who have a
comparative advantage in the natural sciences, HE&8gineering is an
efficient investment. The gain per unit of risk rfroinvesting in MSc
Engineering rather than the optimal portfolio o€ thther natural science
educations amounts to 0.85. Likewise, for individuavho have a
comparative advantage in the social sciences, M®admics would be an
efficient investment. However, the gain per unitrisk from investing in
MSc Economics rather than the optimal portfolidlad other social science
educations is negligible. For individuals with angmarative advantage in
health care sciences, there is some indicationathdhree feasible human
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capital assets: MSc Medicine, MSc Dentistry, and cMBharmacy,
constitute efficient investments.

4. Conclusion

Earlier studies identify risk-return trade-offs amdk compensation by
length of education. Using ideas from financialremmics analysis of equity
markets, we show a clear risk-return trade-off tisahot only related to
length of education but also to type of education.

We study mean-variance plots of human capital asaetl compare the
properties of human capital returns using a peréorre measure and tests
for mean-variance spanning. The result of the dogliranalysis is a
classification of educations into efficient andffi@ent investments among
which the inefficient investments are supposedlgsem for reasons other
than investment purposes (e.g. consumption purpogdisthe empirical
strategies lead to qualitatively similar conclusion

Among the high-performing efficient educations waentify MSc in

Medicine, MSc in Economics, MCHE Engineering andH&CArmed

Forces. Among inefficient educations that seem ® d¢hosen for
consumption purposes we find for instance educatietated to Health and
Education and MA educations related to the humemitiThe picture is
refined when we divide the educations into thosguireag manual vs.
academic abilities, and when we further divideabademic educations into
fields of studies and when we look only at peopliéhwevealed elitist
academic abilities. These divisions of the educatiare done to better
account for potential ability biases, and we idgntlA Political Science as
an education which is chosen for other purposes ithaestment purposes.
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Appendix A. Educational groups

Table Al: Descriptive statistics.

Raw Log Income

Mincer Residuals

Explanation Mean Std.Dev. Mean Std.Dev. N_obs N_perléength. of
€ducation
Basic School, 7 years 11.80 0.18 0.03 0.18 175032 11882 7
Basic School. 9 years 11.86 0.18 0.05 0.17 155112 11785 9
Preparatory School 11.90 0.17 0.08 0.17 31797 2572 10
High School 12.00 0.21 0.16 0.20 39606 3236 12
Appr. Education 11.72 0.15 -0.23 0.16 1028 69 12
Appr. General Business 11.64 0.24 -0.21 0.24 2842 249 12
Appr. Shop Assistant 11.96 0.17 -0.14 0.17 61815 4075 12
Appr. Wholesale Shop Assistant 12.19 0.14 -0.01 0.15 2521 439 12
Appr. Office Clerk 11.98 0.16 -0.12 0.16 77270 5085 12
Appr. Bank Office Clerk 12.15 0.14 -0.01 0.14 26061 1728 21
Appr. IT Office Clerk 12.26 0.18 0.15 0.18 3025 229 12
Appr. Builder 12.11 0.18 -0.02 0.19 9504 620 12
Appr. Pavor 12.11 0.15 -0.04 0.16 343 26 12
Appr. Carpenter 12.17 0.16 0.02 0.18 17915 1237 12
Appr. Joiner 12.12 0.16 -0.05 0.16 9875 645 12
Appr. Plumbing 12.16 0.15 0.00 0.17 6114 418 12
Appr. Painter 12.03 0.17 -0.09 0.17 9220 611 12
Appr. Electrician 12.21 0.14 0.03 0.15 13785 971 12
Appr. Construction 11.89 0.21 -0.13 0.21 1918 152 12
Appr. Metal 12.12 0.15 -0.05 0.16 18017 1206 12
Appr. Jeweller 12.01 0.23 -0.06 0.22 754 47 12
Appr. Fitter 12.15 0.15 -0.03 0.16 19587 1292 12
Appr. Mechanics 12.18 0.14 0.01 0.16 30625 2082 12
Appr. Electronics Mechanics 12.30 0.14 0.11 0.15 5704 406 12
Appr. IT Mechanics 12.23 0.14 0.06 0.15 1363 102 12
Appr. Misc. Iron. Metal 11.88 0.21 -0.15 0.21 1981 162 12
Appr. Graphic 12.19 0.17 0.03 0.18 7694 531 12
Appr. Photography 12.12 0.26 0.05 0.26 942 60 12
Appr. Misc. Technical 11.88 0.19 -0.15 0.18 17986 1263 12
Appr. Service 11.79 0.21 -0.16 0.20 13159 891 12
Appr. Dairyman. Butcher 12.13 0.17 -0.06 0.18 5712 369 12
Appr. Baker 12.16 0.16 -0.01 0.18 4019 278 12
Appr. Cook. Waiter 12.08 0.20 -0.03 0.21 5821 460 12
Appr. Food 11.79 0.18 -0.19 0.18 2877 240 12
Appr. Agriculture 12.35 0.24 0.18 0.24 6821 594 12
Appr. Gardener 12.04 0.17 -0.19 0.18 3117 218 12
Appr. Forestry 12.15 0.22 -0.15 0.21 96 7 12
Appr. Fishing 12.22 0.23 0.04 0.24 812 59 12
Appr. Misc. Agriculture. Fishing 12.24 0.25 0.08 0.26 5p2 213 12
Appr. Transport 11.96 0.20 -0.10 0.21 3011 240 12
Appr. Dental Assistant 11.76 0.19 -0.19 0.18 6902 434 12
Appr. Health Care 11.81 0.16 -0.15 0.16 39353 2719 12
Appr. Health Care Assistant 11.84 0.17 -0.11 0.16 7762 5 51 12
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SCHE Education 12.18 0.14 0.01 0.14 415 24

SCHE Business Language 12.02 0.18 -0.04 0.18 7346 514
SCHE Music. Aesthetics 11.89 0.24 -0.06 0.24 2642 193
SCHE Social Sciences 12.05 0.19 -0.07 0.19 1308 119
SCHE Laboratory Assistant 11.92 0.17 -0.16 0.16 4765 327
SCHE Graphic 11.89 0.27 -0.05 0.26 204 15
SCHE Misc. Technical 12.24 0.17 0.08 0.18 13289 903
SCHE Food 12.00 0.16 -0.12 0.16 4006 291
SCHE Agriculture. Fishing 12.23 0.25 0.00 0.26 1289 115
SCHE Transport 11.98 0.29 0.02 0.29 89 7
SCHE Health Care 11.89 0.16 -0.13 0.15 8861 544
SCHE Police. Warder 12.31 0.12 0.06 0.14 6821 460
SCHE Armed Forces 12.40 0.11 0.17 0.12 717 54
MCHE Educator 11.94 0.17 -0.16 0.15 46017 3219
MCHE School Teacher 12.15 0.14 0.01 0.13 47277 3085
MCHE Needlework Teacher 11.67 0.26 -0.27 0.25 971 71
MCHE Journalism 12.30 0.18 0.14 0.17 2245 160
MCHE Business Language 12.01 0.15 -0.02 0.14 3657 243
MCHE Music. Aesthetics 11.78 0.24 -0.10 0.24 301 17
MCHE Social Worker 12.01 0.19 -0.09 0.18 7436 491
MCHE Social Sciences 12.11 0.18 0.00 0.17 208 16
MCHE Engineering 12.52 0.14 0.31 0.15 9151 670
MCHE Misc. Technical 12.30 0.18 0.14 0.18 8599 581
MCHE Food 11.94 0.23 -0.11 0.21 836 63
MCHE Agriculture. Fishing 11.99 0.20 -0.12 0.19 451 41
MCHE Transport 12.41 0.18 0.21 0.19 5555 376
MCHE Nurse 12.03 0.17 -0.08 0.16 25394 1801
MCHE Midwife. Radiologist 12.08 0.15 -0.03 0.15 834 62
MCHE Physiotherapist etc. 11.96 0.20 -0.05 0.19 4824 345
MCHE Misc. 11.97 0.17 -0.20 0.16 3728 310
BA Humanities 11.72 0.29 -0.15 0.28 676 54
BA Natural Sciences 11.89 0.32 -0.23 0.29 179 11
BA Social Sciences 12.36 0.20 0.19 0.21 2452 213
MA Education 11.94 0.18 -0.08 0.18 591 49
MA Humanities 11.89 0.28 -0.01 0.26 1194 105
MA Theology 12.08 0.20 0.07 0.19 1636 108
MA History. Archaeology 12.26 0.16 0.20 0.16 2933 198
MA Letters 12.03 0.23 0.07 0.21 1797 127
MA Business Language (LSP) 12.19 0.19 0.17 0.18 7642 536
MA Music. Aesthetics 12.02 0.22 0.08 0.21 1250 80
MSc CompSci. Math. Statistics 12.32 0.13 0.12 0.13 116 8
MSc Physics. Astronomy. Chemistry 12.23 0.20 0.11 0.206642 209
MSc Geology. Geography 12.18 0.19 0.10 0.18 612 47
MSc Biology. Sports 12.23 0.20 0.11 0.18 2328 160
MSc Economics 12.50 0.16 0.31 0.15 1816 152
MA Law (LLM) 12.41 0.21 0.25 0.20 4933 386
MA Political Sciences. Sociology 12.34 0.18 0.18 0.16 825 180
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MA Misc. Social Sciences
MSc Engineering

MA Architecture (MAA)
MA Agriculture. Food
MSc Medicine

MSc Dentistry

MSc Pharmacy

MSc Armed Forces

PhD Humanities

PhD Social Sciences
PhD Agriculture

PhD Natural Sciences
PhD Engineering. Technology
PhD Medicine

12.25
12.41
12.26
12.36
12.59
12.47
12.39
12.38
12.24
12.33
12.38
12.37
12.50
12.34

0.24
0.17
0.21
0.20
0.20
0.20
0.16
0.13
0.19
0.23
0.15
0.18

0.16

0.19

0.14 0.23 6941 549
0.25 0.17 4579 376
0.15 0.21 3889 276
0.23 0.19 2489 198
0.50 0.19 7111 602
0.43 0.20 2134 164
0.26 0.15 1022 80
0.15 0.14 983 68
0.25 0.18 604 42
0.19 0.21 252 22
0.23 0.15 306 26
0.19 0.16 826 60
0.28 0.16 788 66
0.24 0.18 464 36

Note: The amounts are in DKK. The average exchaagefor 2000 is 0.1237 USD/DKK.
Appr. is short for Apprenticeship, SCHE denotesrshgcle higher education, MCHE
denotes medium-cycle higher education.
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Figure 1: Stylized Efficient Frontier
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Figure 2: Efficient Frontier — Raw Log Income
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Figure 3: Efficient Frontier - Mincer Residuals
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Figure 4: Manual/Academic Efficient Frontiers -Mincer Residuals

Figure 4a: Manual Abilities
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Table 1: Mincer Regression

The table shows the results of running the follawin regression:
InW =a,+a,S+a, X+a, X +a,H+g, where g ~N(0,02), X denotes years of

experience,§ years of schooling, ant; normal number of working hours per week.
Standard errors in parentheses. * indicates tleapt#rameter is significant at 1% level of
significance.

Intercept (@) 10.674* (0.0015)

Years of schooling @, ) 0.011* (0.0002)

Experience (@ ,) 0.034 * (0.0002)

Experience squared @r,) -0-001* (0.0000)

Hours per week (@,) 0.024* (0.0001)
R? 0.26
N 1,005,139
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Table 2: Descriptive statistics for pooled sample.

Mean Std. Dev.

Annual log income (DKK) 12.01 0.43
Age (years) 41.54 5.26
Accumulated education (years) 11.86 3.09
Experience (years) 14.70 7.50
Normal number of working hours per week  35.13 0.39
Number of persons 80,722
Number of observations 1,005,139
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Table 3: Weighted Least Squares Risk-Return Regregms.
The table shows the results of the WLS regressibise equation:,uj =f, + ﬂlgj +E)

where &, are NIID error termsnd weights are given by _ ", . H; denotes the mean and
]
n

o, denotes the standard deviation for educationalimjpj=1,...K. Standard errors in

parenthesis. * indicates that the parameter idfgignt at 1% level of significance.

pi R® K n

Raw Log Income 66.81* 0.99 104 N
(0.53)

Mincer Residuals 0.11* 0.05 104 N
(0.05)

Mincer Residuals — Manual Abilities -0.75* 0.75 39 34,684
(0.07)

Mincer Residuals — Academic Abilities 1.43* 0.57 22 5,160
(0.28)

33



Table 4: Standardized Returns - Mincer Residuals

Rank Standarized Education
Return

1 2.69 MSc Medicine

2 2.09 MSc Dentistry

3 2.05 MCHE Engineering

4 2.04 MSc Economics

5 1.79 PhD Engineering

6 1.79 MSc Pharmacy

7 1.48 SCHE Armed Forces
11 1.36 PhD Medicine

18 1.06 MCHE Transport

21 0.91 PhD Social Sciences
28 0.75 Appr. Agriculture

46 0.18 Appr. Electrician

51 0.07 MCHE School Teacher
57 -0.04 Appr. Bank Office Clerk
80 -0.50 MCHE Nurse

93 -0.84 Appr. Shop Assistant
96 -0.95 Appr. Health Care
100 -1.07 Appr. Food
101 -1.08 Appr. Dental Assistant
102 -1.09 MCHE Needlework Teacher
103 -1.23 MCHE Misc.
104 -1.41 Appr. Education
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Table 5: Mean-Variance Spanning Tests and Increase Expected Return per Unit of
Risk.
The table shows the p-values of the Wald testshef ltypothesis of mean-variance

spanning,H,:a =0,8=1, in the regressions of the additional asset retuRJ]Hl, on the

benchmark asset returng, ., i.e. Ry =0+ PRy +E based on the Mincer residuals.
The Wald test statistic i5(2,12) distributed.Bold letters indicate that the hypothesis of

mean-variance spanning cannot be rejected at ael® of significance. The estimated
increase in expected return per unit of riglg(m,,) , is shown in parentheses.

Pa)
B
(%2}
5 o g ¢ 2

%) % g 5 < 2 g %)
3 g © 3 & £ § &
A 5 5] < = 7] o a
@© c 14 < - 3 5 < =, n
x| s E= & . a < Q 3 2 Iy
gl 8 s 3 g 5 g g £ g 3 S
Eleg & & & 5§ 33 3 3§ £ & 2
= I = T 3 @ = e o b @

e o) < < < < < < < (%2} 0 (2] (2]
Additional assets 0 = = = = = = = > = > >
MA Education - 0.10 0.01 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00

(3.51) (3.56) (0.88) (3.97) (2.07) (2.11) (2.25) (1.81) 1B8) (0.96)
MA Humanities 0.00 - 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 .000
(4.70) (5.03) (3.95) (2.85) (2.74) (1.87) (3.51) (4.95) 43) (2.97)
MA Theology 0.00 0.00 - 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00
(5.13) (5.37) (4.67) (3.24) (5.85) (8.66) (3.61) (4.25) €4) (2.90)
MA History. Archaeology 0.00 0.00 0.00 - 0.00 0.59 0.00 0.00 0.00 0.00 0.00
(3.62) (4.72) (5.12) (4.87) (1.63) (1.70) (2.83) (2.34) 28) (2.76)
MA Letters 0.00 0.00 0.18 0.00 - 0.00 0.08 0.00 0.00 0.00 0.00
(4.91) (2.83) (2.25) (4.28) (2.44) (0.25) (0.14) (0.28) 19) (0.20)
MA Business Language (LSP) 0.00 0.00 0.00 0.00 0.00 - 0.0@.00 0.00 0.00 0.00
(6.88) (6.38) (6.81) (4.97) (6.03) (5.09) (5.55) (5.64) gB) (6.28)
MA Music. Aesthetics 0.00 0.00 0.00 0.00 0.00 0.00 - 0.00 000. 0.00 0.00
(5.02) (3.85) (8.21) (2.60) (4.83) (0.90) (4.03) (4.00) q#) (4.18)
MSc CompSci. Math. Statistics 0.01 0.02 0.38 0.21 0.08 0.43 0.52 - 0.85 0.00 0.85
(0.93) (2.41) (1.39) (0.46) (3.80) (0.24) (1.40) (0.28) 23) (0.19)
MSc Physics. Astronomy. Chemistr 0.00 0.000.03 0.01 0.00 0.06 0.20 0.00 - 0.00 0.39
(2.11) (5.22) (3.44) (0.04) (6.98) (1.28) (1.32) (1.62) 58) (0.95)
MSc Geology. Geography 0.02 0.05 0.08 0.06 0.09 0.10 0.59 0.00 0.16 - 0.62
(3.16) (1.20) (4.94) (0.74) (3.91) (0.57) (2.19) (2.97) q1) (1.02)
MSc Biology. Sports 0.00 0.00 0.08 0.00 0.00 0.00 0.10 0.00 0.01 0.00 -
(2.86) (2.91) (1.69) (1.78) (4.79) (4.72) (3.06) (2.52) 32) (2.99)
MSc Economics 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000. 0.00
(3.45) (3.36) (4.94) (0.42) (5.10) (3.74) (1.57) (2.68) 3IB) (3.07) (2.18)
MA Law (LLM) 0.00 0.00 0.00 0.03 0.00 0.02 0.00 0.00 0.00 0.00 0.00
(2.89) (5.15) (2.38) (0.22) (3.57) (4.13) (3.03) (2.33) 0@ (3.11) (1.32)
MA Political Sciences. Sociology 0.00 0.00 0.00 0.19 0.00 0.85 0.00 0.00 0.00 0.00 0.00
(3.97) (3.09) (5.74) (0.62) (5.52) (0.41) (1.88) (2.80) 43) (3.16) (2.40)
MA Misc. Social Sciences 0.00 0.00 0.00 0.00 0.00 0.01 00.0 0.00 0.00 0.00 0.00
(4.98) (4.49) (4.93) (1.94) (6.14) (0.87) (2.29) (3.83) HB) (4.01) (3.01)
MSc Engineering 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0@.00 0.00
(2.05) (4.24) (3.78) (0.21) (4.30) (3.31) (0.51) (1.62) 4D) (2.71) (1.59)
MA Architecture (MAA) 0.00 0.00 0.02 0.01 0.00 0.07 0.12 0.00 0.33 0.00 0.40
(2.71) (3.70) (3.52) (0.02) (7.40) (2.61) (1.92) (1.87) AO) (2.19) (0.50)
MA Agriculture. Food 0.00 0.00 0.00 0.00 0.00 0.00 0.00 .0 0.00 0.00 0.00
(3.22) (3.13) (5.49) (1.48) (6.23) (1.92) (2.51) (2.67) 22) (3.26) (2.04)
MSc Medicine 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 00.00.00
(3.98) (0.80) (1.21) (3.10) (0.31) (0.67) (1.89) (2.10) 2% (1.69) (2.24)
MSc Dentistry 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000. 0.00
(2.85) (4.32) (3.37) (0.42) (3.02) (0.04) (0.51) (2.21) g1) (2.64) (2.02)
MSc Pharmacy 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0 0.00.00
(2.47) (4.18) (3.50) (0.07) (4.24) (0.27) (1.21) (1.86) 1@) (2.41) (1.31)
MSc Armed Forces 0.00 0.00 0.00 0.00 0.00 0.000.33 0.00 0.01 0.00 0.22
(3.19) (1.99) (5.61) (0.43) (4.99) (0.17) (0.58) (2.46) Q®B) (2.83) (1.39)
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Table 5 (continued)
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x| E = @ 3 o g Ei < = @ L
s| 2 = 5 o £ o) 3 o 2 S ®
Els = £ ¢ 2 5 & 8§ § & E
TR - -
- o) n < < < n < < 0 0 0 (2]
Additional assets m| = = = = = = = = = = =
MA Education 0.00 000 0.00 000 0.00 000 0.00 0.00 0.00 00.00.00
(0.55) (1.07) (1.81) (1.87) (1.13) (2.05) (0.46) (2.78) 4. (0.98) (1.26)
MA Humanities 0.00 000 0.00 000 0.00 0.00 0.00 0.00 0.00000. 0.00
(2.14) (4.63) (2.36) (2.95) (3.82) (3.90) (2.38) (1.39) 7@®. (3.58) (1.96)
MA Theology 0.00 000 0.00 000 0.00 0.00 000 0.00 0.00 0.00.00
(4.22) (2.97) (5.30) (4.53) (3.81) (4.14) (5.18) (2.29) 2(B. (3.44) (4.99)
MA History. Archaeology 0.00 0.00 0.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
(0.26) (1.31) (0.90) (0.13) (1.54) (2.22) (1.68) (3.03) 6. (1.10) (1.47)
MA Letters 0.00 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00.000
(0.15) (0.11) (0.17) (0.26) (0.14) (0.25) (0.25) (3.15) 0@). (0.13) (0.12)
MA Business Language (LSP) 0.00 0.00 000 0.00 0.00 0.00000 0.00 0.00 0.00 0.00
(4.96) (5.67) (4.91) (4.79) (4.86) (5.85) (5.12) (4.24) 0@). (4.54) (4.98)
MA Music. Aesthetics 0.00 0.00 0.00 000 0.00 0.00 0.00 00.00.00 0.00 0.00
(2.10) (3.79) (2.93) (1.95) (3.05) (3.97) (3.22) (2.89) 8®. (2.86) (2.42)
MSc CompSci. Math. Statistics 0.00 0.07 046 029 0.00 098 0.01 000 0.00 0.00 071
(0.94) (0.01) (0.06) (3.38) (0.04) (0.03) (1.29) (1.79) 1®. (0.05) (0.32)
MSc Physics. Astronomy. Chemistry 0.00 0.000.07 0.22 0.00 059 0.00 0.00 0.00 0.00 042
(0.00) (0.63) (0.15) (1.69) (0.10) (0.37) (0.02) (3.84) 0. (0.11) (0.31)
MSc Geology. Geography 0.00 001011 032 000 042 0.01 0.00 0.00 0.00 0.81
(0.33) (1.93) (0.53) (0.25) (1.88) (0.69) (1.28) (0.77) 58). (0.73) (0.35)
MSc Biology. Sports 0.00 000 0.00 005 0.00 0.02 0.00 000 0.00 0.00 0.18
(0.84) (1.20) (1.56) (0.05) (2.03) (1.82) (1.08) (2.22) 2@. (1.41) (1.17)
MSc Economics - 0.00 000 0.00 000 0.00 0.00 0.00 0.00.01 0.00
(1.65) (0.73) (0.34) (1.78) (1.93) (0.80) (2.44) (1.18) 28). (1.25)
MA Law (LLM) 0.00 - 0.01 000 0.00 0.00 0.13 0.00 0.00 0.00 0.00
(0.54) (1.18) (0.90) (1.24) (1.81) (1.60) (2.70) (0.32) 6. (1.72)
MA Political Sciences. Sociology 0.00 0.00 - 008 000 000 000 000 000 0.00 0.00
(0.29) (1.85) (0.19) (1.68) (2.05) (0.77) (2.38) (1.75) 3@). (1.06)
MA Misc. Social Sciences 0.00 0.00 0.00 - 0.00 0.00 0.00 000. 0.00 0.00 0.00
(1.62) (2.95) (2.24) (2.77) (3.31) (2.50) (3.14) (1.80) 3@. (2.44)
MSc Engineering 0.49 005 0.00 0.00 - 0.00 0.22 0.00 0.00 0.11 0.00
(0.12) (0.41) (0.10) (0.72) (1.12) (0.43) (2.85) (0.00) 1@®. (0.17)
MA Architecture (MAA) 0.00 0.00 0.05 0.38 0.00 - 0.00 0.00 0.00 0.00 0.28
(0.25) (0.65) (0.01) (1.03) (0.86) (0.13) (2.69) (0.74) 2. (0.46)
MA Agriculture. Food 0.00 0.01 0.00 0.00 0.00 0.00 - 0.00 0.00 0.00 0.00
(0.43) (2.17) (0.86) (0.96) (1.85) (1.88) (2.61) (1.96) 2@). (1.35)
MSc Medicine 0.00 000 0.00 000 0.00 0.00 0.00 - 0.00 0.00 000.
(1.93) (2.89) (2.04) (2.72) (2.98) (3.04) (2.61) (2.22) 1®. (1.81)
MSc Dentistry 0.00 000 0.00 000 0.00 0.00 0.00 0.00 - 0.00.000
(0.77) (0.96) (1.78) (0.15) (1.11) (2.15) (1.98) (2.19) 86). (1.26)
MSc Pharmacy 0.68 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00 - 0.00
(0.03) (0.23) (0.22) (0.84) (0.56) (0.93) (0.18) (2.19) 0. (0.56)
MSc Armed Forces 0.00 0.00 0.00 0.00 0.000.02 0.00 0.00 0.00 0.00 -

(0.13) (1.83) (0.20) (1.61) (1.21) (1.85) (0.50) (2.14) 6@). (1.00)

36



Table 6: Mean-Variance Spanning Tests and Increase Expected Return per Unit of
Risk.

The table shows the p-values of the Wald testshef ltypothesis of mean-variance
spanning,y : g = OvZkK B, =1, in the regressions of the additional asset refurn,,, ON

=1 o
the K benchmark asset returng, ., i.e. R =@+ BRa+ .t BRe +En based on

the Mincer residuals. The Wald test statisti¢-(8,14-K-1) distributed.Benchmark assets
are indicated by ‘+'Bold indicates that the hypothesis of mean-variancarspg cannot
be rejected at a 1% level of significance. Thenestéd increase in expected return per unit
of risk, Ag(m,,) , is shown in parentheses.

Table 6a: Academic Abilities (Humanities)

o
)
=
>
g &
4 E g 8
© o > 7
0 < S c
o 0 S S B
~| & = z < g 2
8l § & 2 ¢ 2 ¢
ElS € 8§ & & F &
|l © S < ] ko) S =)
eglw T = I 4 @ =
Additional assets R[S S S 3 2 5 S puae Ao
MA Education + + + + + + 0.67 (0.03)
MA Humanities + + + + + + 0.73 (2.29)
MA Theology + o+ + o+ o+ 0+ 0.05 (6.88)
MA History. Archaeology + + + + + + 0.56 (2.11)
MA Letters + + + o+ 0.98 (0.09)
MA Business Language (LSP) + + + + + + 0.01 (4.13)
MA Music. Aesthetics + o+ o+ o+ o+ o+ 0.18 (2.43)
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Table 6b: Academic Abilities (Natural Sciences)

y

B
S
8 e
a2 O
T = 2
n £ <
. o -
nl £ < D w0
g8 2 § 5
3l 2 o & 2
P .
R -
El§ 2 8 5 2
Slo o O @ w
5|13 8 8 8 8
Additional assets pls S 5 = = p-value Aa(m)
MSc CompSci. Math. Statistics R S 0.84 (0.26)
MSc Physics. Astronomy. Chemistry + + o+ o+ 0.05 (0.03)
MSc Geology. Geography + o+ + 4+ 0.92 (0.07)
MSc Biology. Sports + o+ 4+ + 0.09 (1.48)
MSc Engineering + o+ o+ o+ 0.00 (0.85)
Table 6¢: Academic Abilities (Social Sciences) -~
g
°
o
A 8
9 g 8
e [S] O
g c N
n 2 Q <
x| E = 2 8§
A
Elg 3 5 ¢
8 o - o =
.. 0n < <
Additional assets g2 £ 53 p-value Ao(m)
MSc Economics + + + 0.00 (0.03)
MA Law (LLM) + + 4+ 0.84 (0.28)
MA Political Sciences. Sociology + + 0.36 (0.00)
MA Misc. Social Sciences + o+ o+ 0.01 (1.34)
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Table 6d: Academic Abilities (HealthCare Sciences)

a

)
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S|l o > &

4 c s @©

5|2 2 E

E[3 & &

S5l = o o

5|8 8 8
Additional assets a|l S S = p-value Aa(m)
MSc Medicine + o+ 0.01 (2.31)
MSc Dentistry + + 0.00 (0.87)
MSc Pharmacy + o+ 0.00 (0.19)
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