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but also about the skewness in the distribution of the compensation paid. In particular, because
the degree of risk aversion ought to decrease with income, people should appreciate a small
chance of a substantial gain; they should exhibit an “affection” for skewness. To test these
hypotheses, this paper carefully develops various measures of risk and skewness by
occupational/educational classification of the worker and finds supportive evidence: wages rise
with occupational earnings variance and decrease with skewness. In order to identify the
discount rate and the degree of risk aversion, we also apply structural modelling of education
and occupational choice and allow for non-lognormal wage distributions.
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1. Motivation

The probability that any particular person shall ever be qualified for the employment to which heis
educated isvery different in different occupations. Put your son apprenticeto a shoemaker, thereislittle
doubt of hislearning to make a pair of shoes; but send himto study the law, it isat |east twenty to oneif
ever he makes such proficiency as will enable himto live by the business.

Adam Smith (Wedth of Nations p. 208) not only undersood that in a competitive labour market
wage differentids compensate for differences in schooling length, he dso sngled out the probability
of success in an occupdion as another factor that needs compensation to attract sufficient supply. Ex
ante, an individud deciding on schooling and occupetion faces severd kinds of uncertainty. Firg,
when embarking on an education, the individua does not know whether she will be ade to
complete it. The educaion may prove more difficult or less interesing than anticipated, and the
individud may lack the ability or persaverance to complete it. Second, even after completing
education for a paticular trade or professon, the graduate may ill lack the ability to become a
successful practitioner. There may be a wide digperson of performance or productivity in the job,
and the individud may not know his true competence when entering the trade. On top of that, there
is uncertainty on the market vaue of output. The returns in an occupation may fluctuate, due to
fluctuations in product demand, the generad business cyde, etc. Such effects will be greeter in, for
example, managing car sdes than managing hedth services. These are dl foreseedble risks in the
sense that individuds will have a perception on the probability digribution of potentid earnings
when they make thar decison on entering the fidd. And foreseedble risks normdly require
compensation in expected returns. In this paper we try to discover whether this is indeed the case
Adam Smith was quite scepticd about the empirica vdidity of his own argument. He judged
that there was no far compensation for risk: “and that the lottery of the law, therefore, is very far
from being a pefectly far lottery; and that as wel as many other liberd and honourable
professons, ae in point of pecuniary gan, evidently under-recompensed.” Sufficient supply
was neverthdess forthcoming in those occupations, he argued, because of the “desre of the
reputation of superior excelenceg’ and because of common overestimation of success in
particular by young people (their “contempt of risk and presumptuous hope of success’).

The empiricd literature on compensation for imperfect predictability of rewards for education
and occupation is virtudly nonexigent. Yoram Wess (1972) has conddered the variance of
earnings by schooling leve and carected estimated rates of return to education under dternative
presumed degrees of reaive risk averson, assuming lognorma earnings didributions. There is a
gndl, modly unnoticed literature that seeks to test for risk compensaion, in a smple
sraightforward framework:® add a measure of eanings variaion in the individud’s choice st to
a gandard Mincer earnings function and see if the coefficient is pogtive. However, a measure of
eanings vaiance done is not enough if earnings didributions are characterized by more than
two parameters. McGoldrick and Robst (1996) added skewness. Theory predicts a pogtive Sgn
for the variance and a negative 9gn for skewness, as we will demondrate bedow. This is indeed

! King (1974), Feinberg (1981), McGoldrick (1995), McGoldrick and Robst (1996).



what McGoldrick (1995) finds In a replication sudy for Germany, The Netherlands Portugd
and Span we dso found srong support for this conduson (Hatog, Plug, Diaz Serano, Vieirg,
1999). Wage vaiance in an individud's education-occupation has a podtive effect on the wage
wage skewness has a negative effect. While risk averdon is a routine assumption in many
andyses, skewness affection is a less familiar concept, except in the context of lifetime wedth
accumulation moddling, where it is cdled prudence. Skewness afection, however, is dso found
to hold in gambling a lotteries and horse racing.? Such results are condstent with the utility
function as spedified by Friedman and Savage (1948). The intuition is that, for given mean and
vaiance, individuds prefer a didribution that is skewed to the right, as they gppreciae the smal
probability of a subgtantid gain (we provide the forma argument in section 3).

In this paper, we atempt a more thorough gpproach to the andyss of uncertanty in financid
rewards to educations and occupations. We dat with the theory of choice of education and
occupation under uncertainty, and derive basc wage equations that indude compensaion for
wage uncertainty. We then edimate reduced forms of these equations. After finding sufficient
support for the approach, we derive a dructurd specification and edimae the rdevant
parameters. We condude by evaduating our findings and rdate them to other evidence avalable
in the literature. The basc problem that we face is to find a proper measure of the ex ante
eanings rik of the individud when deciding on education and occupation; we discuss this in
section 3, and throughout the empirica sections We will only try to meesure the effect of
uncertainty in the earnings flow, and ignore the risk of unemployment® We discuss this omisson
in the conduding section.

2 Formal moddling

To andyse choices in a world with uncertain earnings prospects, we will firs consder schooling
choice under utility maximisation rather than earnings maximisation (which is unavoidadle if we
andyse uncetainty in a utility framework). In the next stage we will examine earnings uncertainty
proper.

2.1 Utility maximization

Individuds face two dternatives go draight to work, and earn an annua non-stochastic income Yo
for the rest of ther working life, or go to school for s years, and then after school earn a non
dochedtic income Ys for the rest of ther working life We assume individuds have an uninhibited
choice between dternaives. In equilibrium, lifetime utility should be equd. We seek to derive the
premium M that accomplishes equilibrium, hence

2Garret and Sobel (1999), Golec and Tamarkin (1998), Moore (1995).
% Wage compensation for unemployment risk is analysed and estimated by Abowd and Ashenfelter (1981) and by
Murphy and Topel (1984).



YO = (1- M s)Ys (1)

i.e. M is the mark-off on Ys to equate lifetime utility. Discounting a a rate d and sting utility of
zero income whilein schoal a zero, we get

¢ (e dt= (e “dt @
where U(Y) isagtandard utility function. With time-independent income (and utility) this solves
into
U (Yp) = U (Y,) 3

A ampefirg-order expanson of U(Yp) around Ys generates

U(Y,) =U(Y,) + (Y, - Y, JU&Y,)

=U(Y,)- M,Y, UEY) “
Combining (3) and (4) yields the solution for M
- -ds U(Ys) 1
M, =(1-e )U‘(\Q)VS (5

Clearly, this is a generdisdtion of Mincer's eanings function. The lagt two terms jointly are the
inverse of the income eadticity of utility. Under earnings maximization, U(Y)=Y, and (5) reduces to

theterm in parentheses, implying InY, =InY; +ds, the sandard Mincer equation.

Assuming a condant income dadicity of utility smplifies equation (5). Spedficaly, with Congant
Rddive Risk Averson (CRRA)

U(Y)= ﬁv ©

we get
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In an expected utility framework, monetary returns will be depreciated by the declining margind
utility of income.

2.2 Risk Averson and Skewness Affection

Condgder an individud who can choose between two occupations, one with a fixed income Y™, the
other with random income Y, a expected income E[Y]=m. Define Q as the absolute risk
premium:. Q=E[Y]- Y =m- Y": an individud in the risky occupation receives an income thet
exceeds the income of the riskless occupation by an amount of Q. We assume that switching
occupations is not feasble, possbly because of licensng as in law and medicine or because the loss
of pecific human capita would be too codtly.

We sk to egtablish the equilibrium risk premium  Q, i.e. the gap between expected income in both
occupdions & which a utility maximizing individud is indifferent between the two occupations.
Utility is defined again as a continuous differentisble function of income U(Y), with U /9Y >0.
We dso assumerisk aversion TU /1Y? <0. Indifference requires

U(m- Q) =E[U(Y)] with E[Y]=m ®

To s0lve for Q, we follow Prat (1964, his equations (4) to (7)). For the lefthand sde of (8) we
write

U(m- Q)=U(m)- Quqm) )

where UGm) is TU/TY evduated a Y = m. For the right-hand side we retain one more term than
Pratt did in his Taylor series expanson:

U =U (m)+ (Y- mUdm)+> (V- mPugm)+<(v- mPus(m) (o)
where U @m) =10 /Y? evduateda Y = m,and U®m) = T°U /Y> a Y = m. Hence

E[U(Y)]:U(m)+%mZU<lI(m)+%msU®(m) (12)



snce E[Y] =m, and with m, and m, defining the second and third moments of Y (the variance and
the skewness) around m. Equating (9) and (11), we are now able to solvefor Q :

Q=V,m,- 2V, U ¢{m)

6" Ut(m)

(12)

where V, =-U €m)/U&m) is the degree of absolute risk averson. If, by andogy to risk averson,
we define absolute skewness affection as F, =- U ®&m) /U &m) , we may write

1 1
=2V, m,- =V, F, 13
Q S VaMe - & m, 13

Equation (13) is the dandard equation for a risk premium as derived by Prat (1964) and Arrow
(1965), but now expanded with skewness affection.
The sengtivity of absolute risk averson to income (or wedlth) Y can be derived as

d éUt_-Uud UG’
dy & Ud ue

(14)

As Arrow (1965) argues, increedng absolute risk averson is an asurd assumption, as it would
imply investing less in risky dternatives if income (wedth) incresses. Assuming the same holds for
choice in the labour market, we reguire decreasing absolute risk averson, i.e. a negative sign for
(14). Then, a necessary but not sufficient condition is U ®>0, as was firg pointed out by Tsang
(1972, p. 359): “Thus, if we regard the phenomenon of increasing absolute risk averson as absurd,
we must acknowledge that a normd risk-averse individua would have a preference for skewness in
addition to an averson to digoerson (variance) of the probability didribution of returns” Since, for
arisk averter, V, is podtive and dnce F, is pogtive if we assume decreasing absolute risk aversion,
we concdlude from (13) thet the absolute risk premium Q s paostive in risk (variance) and negdive
in skewness. This mativates our terminology of skewness affection.

As will be dear in the next subsection, the empiricd modd derives more naturdly when the
compensation for uncertainty is expressed through a redive, rather than absolute, risk premium. It
is sraightforward to rewrite (13) as an equation for the rdative risk premium P = Q/m (and hence,

Y = (1- P) m). Dividing (13) by m and dightly rewriting yidds



r-r

P:Q:
m

N =

m 1,
Vi VRS (15)

where reaive risk averson is given by

V. =V,m=- U‘I(—m)m>0

Ugm

and relative skewness affection by

U&m

F=Fm=-———"m>0

U&m

Note that without further assumptions, V, and F; depend on m. But under condant rdative risk

averson as in equation (6), we would have V, = ? and F, = ?+1; thus the rddive risk premium
would be condant. In the literature on lifetime wedth accumulation, relative skewness affection is
cdled rdative prudence (see, eg., Dynan, 1993).

2.3 Towardsan Empirical Model

Now, let us apply the lisk compensation argument in the Mincer framework. Suppose, after syears
of schooling the individua can choose between two occupations.  One offers a sochadtic income Yg

with expectation E[Y,] =m, and second and third moments around hemean m,, and m,,. The

other ocoupation provides a non-stochagtic income (1- P)m where, as before, P, is the risk
premium, belonging to the occupetiond choice set after s years of schooling.  Lifetime equd utility
requires

¥

& \
& ((2- P)m)e*dt =E g (Y& dtg (16)
S és 0

Clearly, the discounting factors drop out as income is as yet time-independent. Expanding the left
hand sde aound M, in firg-order, and the right hand Sde aound m, up to the third order, the
earlier result smply re-appears, and we can write

1
2V SR (1)

P =

S

N



We now combine compensation for schooling and for risk by writing the non-stochastic earnings
option as a Mincer mark-up on the riskless no-schooling dternative. Thus, we write

E[V.J=m=(1-P.)"(2- M) Y, (18)

where Y, is the riskless income of those without any schooling (as in eguation (1)). If we introduce
digurbance terms by specifying Y, =me™and Y, =€**" where X and h ae obsavable and

unobservable determinants of Y,, teking the logarithm of (18) yidds an expression that is close to
the familiar empiricad modd:

InY,=Xb - In(1- P,)- In(1- M) +e, (19)

and e=h +h_ is a possbly heteroskedadtic disturbance term combining random factors that are
unobservable to the researcher with random fluctuations that are uncertain to the individud.

Suppose, we gpply the CRRA amplification

1_ e-dS
M, = 20
Sl (20)
1m, 1 m,
P, =——27?-=2?+)—= 21
T LA (21)
and we take Taylor expandgons
_ds & .
-In(1- M) =- Ingi- 1-e 2»- Ing[- ﬁg»ﬁ 22)
g 1-r 4 g l-rg 1-r
-In1- P »P, (23)

Furthermore, rewrite the second and third-order termsin eguation (17):

=E&=—=:10 (24)

T £ m g
m, E&N- MY e m S )

Then, the earnings function would read



E(nY,) =Iny, +—0 s+ 1oMs 1

1-r 2 nt 6

?(?+1)% (26)

a smple equdion in schooling years, variance term (24) and skewness term (25). Hence with
obsarvations on rddive vaiance and reaive skewness we could esimate a Mincer earnings
equation augmented with risk compensaion. If we don't assume CRRA, the parameters of (26) will
not be condant but depend on income levels However, as a linearization, it would ill be a good
darting point for empirical work. Thisis exactly how we use (26) in section 3.

24 Adding a Prafile to the Income Stream

Let us now introduce time dependence in the income profile. Thet is, let the income of a person with
schodling levd s at stage t of hisher lifecycdle be a random variable Yy with a mean m, which
fdlows a non-random profile denoted by a,, i.e m, =a,m,. Then, to find the schooling premium
M assume there is a riskless no-schoaling income a age t, a, m, and ariskless schooling income
a,(1- M) *'m,. Hencem, is nonrandom, and the profile a, is independent from <. Then,
eguaing lifetime utilities M hasto be solved from

¥
\

Q Y@my) e dt = 6 U{a,(1- M )'1m)o}e"“ dt (27)

This does not easly smplify, and in generd requires numericad methods to solve for M at given d
and soecified utility functions. In our empiricd Sedification we have defined the profile on age
rather than potentia experience (see below). If the profile would be defined on experience the RHS
of (27) would have a,  indead of a,, and a shift of the integration interva (from(s,a) to

(0,¥ - s) would then lead to equation (7) for M under the assumption of a CRRA utility function.

The risk premium, as before, is determined by the equdlity of expected lifetime utility of the risk
free and risky income sreams.

¥ é u
¥ (@-P)m)e“d =Eed) (Y, )e " dyg 29)
S éS 0
The same Taylor expansons as before yield the following equetion for P,
¥ rnz ¥ rr13 ¥
-P.Utamyetdt =" g Uk my)e “dt+ - g UMamp)e “dt (29)

0 s 0 s



a, canot be separated from m, and joinedto €', o the integras cannot be smplified. These,
and other complications will be discussed later. We will now firg turn to estimation of (26) as a
linearized, reduced form equation.

3 Edimation

In this section, we add neesures of variance and skewness of earnings within an occupdtion to an
earnings function and test whether wages indeed are increased to compensate for risk averson and
decreased to compensate for skewness affection. We develop severd dternative specifications to
test the robustness of our findings. In the next section, we specify a dructurd modd and try to
esimate the key parameters, namely the discount rate and the degree of risk aversion.

A foremogt problem to solve is the measure of risk (and skewness). Individuas face uncertainty
in the rewards to their education-occupation dterndtives. They have impefect information on
their own &bilities they do not know where in the wage didribution they will end up, they dont
know what the market fortune or misfortune of ther chosen line of busness will be Market
theory assumes that individuds have perceptions on these vaguaries when they decide on
education and occupation and that supply responses will enforce the market compensation. We
assume that, bedcdly, individuds gaher ther informaion from the observable wage
digributions for the educaion-occupation dterndives they congder. A proper  dynamic
ecification would use the individuds information a the time they meke ther decisons If
percaved earnings vaidbility is not condant over time, each cohort would command a premium
for cohort-specific variability: we should reae a cohort's wages to tha cohort’s anticipated
eanings vaiability. This obvioudy would lead to a complicaied edtimation drategy: we would
need information on percaved earnings variability up to thirty or forty years back in time On
top of that, we would have to condder the potentid effect of competition between successve
cohorts on their premium for earnings vaiability. Things ae much dmpler if we assume tha
percaved eanings vaiability is dable over time the same messure of variability goplies to Al
cohorts. We can then measure earnings variability from the same datasst we use to edtimate the
wage premium: a sngle cross-section provides dl the information we need. This is exactly how
we proceed. We dat out from a sngleyear cross-section and derive the measures of risk and
skewness from the same datasst that gives us the individuds wages for esimating the earnings
function. But we will experiment with different messures of R and K, including measures that
span a longer period than just one year. We are dso aware of the sdectivity problem that exigts if
we only ue meassures of R and K in individuds observed occupation, without dlowing for
sective exits Nether do we dlow for superior information that individuds may use for
predicting their reative pogtion in the earnings. We bdieve it is a pefectly acceptable research
drategy to leave a serious trestment of these issues for a later stage, not only because of its
moddling complications, but dso because it implies many additiond data requirements We will
further discuss the issues in the concluding section.

Our primary data source is the U.S. Current Population Survey of March 1998, supplemented with
information from other years and from the One-Percent Public Use Sample of the 1990 U.S.
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Census. We focus the andyses on full-time employees and s0 we redricted the sample to
individuas working between 30 and 70 hours a week, while dso requiring a leest 4 weeks of work
during the year. We excluded individuas under 16 and over 65. Hourly earnings were obtained
from dividing anud eanings by regular hours worked. Redative variance and skewness ae
caculated for each occupaion/education cdl; to meke these measures meaningful, we ddete dl
cdls with less than 6 observaions. For mogt of the andyss the detailed 3digit CPS occupationd
codes with its 500 ligings are aggregated into one with 25 categories. The CPS educationd measure
is categoricd and is tranderred into year equivdents. This yidds 7 groups = 10, 11, 12, 14, 16, 18
and 20. After omisson of cdls with too few observaions to dlow measurement of rik and
skewness, we are left with 129 cdls for men and 104 cdls for women, rather than the maximum of
7x25=175cdls

A draghtforward, intuitively appeding gpproach proceeds in two deps. Firs, edimate a dandard
Mincer earnings function. Then, use the edimated eguation to get measures for ‘unsystematic
eanings rik by education/occupetion. Include these in the Mincer earnings equation and re
edimeate the expanded modd. This was our own dating point, and this is dso what McGoldrick
(1995) did. We measure risk and skewness from the firs-stage regresson and compensation in the
second-gage regression, by including risk and skewness as measured in the individud's education
occupation cell. Wefirg present the basic estimate and then reflect on the vdidity of this gpproach.

Formdly, we proceed as follows. Firg, estimate
LnW; = X;b +e; (30

where i indicates the individud and j indicates the occupation-schooling group that the individud
belongs to. Years educated is one of the variables in the marix X We prefer age over potentid
experience for three reasons. Firs, age is exogenous, whereas experience is not. Second, we have no
measure of actua experience, which in particular for women may be a serious misrepresentation.
Third, the profile shifts upward for longer education, rather than being independent from education.

Define s f as the variance of the disturbance €;; in occupation/education cdl j. Use the estimated

parameter vector b and the esimated vaiance S JZ to predict the wage rate for each individud
through

~

W, = exp( X b +57/2) (31)

Findly, cdculate wege devidions W, - VQ/ii and from these the redive variance R and rdative
skewness Kj, defined as

- W, 8
o [ U
W,

J
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In (31), the variance term is added to the mean to reflect that the disturbances of the earnings
digributions are gpproximatdy lognormd, as is commonly assumed. Were the didribution indeed
lognormd, equation (31) would had exactly. R and K are the sample estimates of (24) and (25) and
they are added as regressors in equation (30) to tet wage compensation for risk averson and
skewness affection. As Table 1 shows, there is sufficient variaion in Rand K to search for effects
on wages The sandard deviations of Rand K are large relative to the mean, especidly so for K.
Negative skewness is not uncommon, but most digtributions are skewed to the right.

The badsc results for men and women are given in Table 2. The rae of return to education is 9.7
percent for men and 11.8 percent for women, wages are concave in age”, wages differ between
regions, and they vary by race Eanings vaiability is compensated as theory predicts Wages
increese with earnings risk and decrease with skewness, a high leves of dgnificance both for
men and for women. In an education-occupation cell where the rdative variance of wages is one
unit higher, male wages are dmost 40% higher and femde wages are 67% higher. If the relative
skewness is one unit higher, wages are depressed by some 2%. Sgnificant effects for R and K
ae do reported by McGoldrick (1995) for the United States and confirmed in Hartog et d.
(1999) for Germany, the Netherlands, Portugd and Spain.®

Table 1 around here
Table 2 around here

So, we have sx egdimates for five countries confirming the basic rdation. How credible and robust
are these results? We address a number of immediate concerns in Table 3 (where the first row just
repeats the coefficients from Table 2). Fird, we added controls for job characteridics (in both
gages) from the Dictionary of Occupational Titles (disamenities such as physcd burdens of the
worker, exposure to weether conditions, dectric shocks radiation, toxic conditions and explosve
risks®). Clearly, as spedification 2 indicates, induding job characteristics has no effect. As a further
tes on the disurbing role of omitted variables, we include fixed effects for the schooling/occupation
cdls in the firg-dage regresson. Hence, this regresson equation will contan only age- 16, its
suare, dummies for race and region, and dummies for the schooling/occupeation cels. The

* With the common specification in potential experience (age—6 — schooling), the rate of return to education is about
2 percent points higher for both men and women. If the age at which schooling is undertaken does not vary across
individuals, the effect of aging and postponing earnings cannot be separated. However, the choice of these
specificationsisimmaterial for our results.

® Our specification differs slightly from McGoldrick (1995) who calculates variance and skewness of exp (€;) in
cdl j, instead of the relative wage difference as given in equation (32) and (33). The approximate difference
between the two expressions is equal to exp (s 12/2) . Theresults are unaffected if we use the specification estimated
by McGoldrick, except that the estimated effects of R and K are about 50 percent higher in our specification.

® The dataand their grouping by factor analysis are described in detail in Vijverberg and Hartog (1999).
11



predicted wage, VVji in equation (31), indudes the fixed effect associated with cdl j. The estimate of

2

S| is based on the resduds of this equation: it explicitly exdudes the contribution of the fixed
effects (unlike in the caculaions above) and therefore better succeeds in measuring the variation of
wages around the group mean. In the second-gage regresson, we then explain the log-wage with
the same st of explanatory variables as done so far (see Table 2).” For men, induding fixed effects
has no consequences, for women our results breek down to an inggnificant effect of R and awrong
ggn for K (see row 3). In fact, up until our find and preferred specification the results for women
are & variance with our theory. We will therefore firgt discuss results for men and then return to the
edimates of women. Note that al esimation eguations bdow row 3 in Table 3 use vdues of Rand
K derived from firg-stage fixed effect regresson models.

Our measures of risk and skewness, when inserted in the regresson eguation in the second sage,
do employ the individud's own wage deviaion. For schooling/occupations cdls with many
obsarvations this has negligible effect on the edimated vaue, but for cels with few observations
it is quite a disturbing detistical festure of the methodology. Therefore, we aso caculated R and
Kj for each individud i while omitting this individud from the subsample that makes up cdl |
(row 4). Again, for men, the restriction isimmateridl.®

Table 3 around here

As discussed above, a vitd issue in our tests is the proper measure of Rand K. We darted out, for
ampliaty, with R and K measured contemporaneoudy with the individuds weages acknowledging
that cohort specific measures might be more relevant. As a gep in that direction, we have used the
U.S. Census of 1990 (One Percent Public Use Sample) to estimate Rand K. A measure of earnings
vaiability taken eight years ealier than the wage sample may be a better gpproximation for the
varidbility percaved, on average, by individuds deciding on entering educaions and occupaions.
And if percaved variability is indeed dable over cohorts this would give a vauable check on the
robustness of our results in the wage equation. A prime advantage of the Census dataset is its large
number of observations which gives more observations per cel to estimate Rand K. The drawback
is that the Census no doubt has larger intringc measurement errors in wages, the Census is based on
sf-reporting by individuads, whereas the CPS respondents are queried by trained interviewers
(Borjas, 1980). So, what we gain on the one hand we may lose on the other.

Since the Census dataset is much larger, we are dso in a pogtion to use a much finer dassfication
of occupdtions in the CPS we would not have enough obsarvations to estimate Rand K properly. In
principle, the results reported in rows 14 ae bassd on 175 schooling/occupation cdlls, while the

1t may be noted that the same fixed effects cannot be entered in the second stage analysis because there would not
be any within-group variation in R and K. Indeed, the motivation for including fixed effects in the first stage is to,
among others, remove systematic but to that point unmeasured contributions of risk and skewness.
8 Several commentators suggested that the effects of R and K reflect a nondinearity in the returns to schooling.
Although we have here one of those rare cases where theory predicts functional form (human capital theory predicts
log-linearity) and hence, adding the square of years educated is an unfounded ad hoc specification, we did include it
in our basic equation with the fixed effects. It had no effect whatsoever on any of the coefficients. Actualy, we
don’'t think that just adding in all kinds of interactions and higher order terms is a sound research strategy, as the
specification has no basisin theory.
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sze of the Census sample conceptudly dlows 3500 cdls (a good number of which are empty of
course).® We messure risk and skewness on two levels: one with the detailed cdls (labelled fine),
and another with the aggregate groupings we use with the CPS (labdled crude). We have some
preference for the crude specification, as it is less vulnerable to sdective exit in case of falure.
Results are summarized in rows 5 through 9. Both with fine aggregates (row 5) and crude
aggregates (row 6), the effect is dramatic as the coefficients are now significant with the wrong sign.

We ds0 replicated our entire two-gep estimation procedure on jugt the Census data (i.e. both first
and second stage regresson). The impact is no less dramatic. We scrutinized our data for Rand K
and found some drong outliers, especidly among employees who reported working only a limited
number of weeks In these cases reporting few annuad working hours blew up the hourly wage to
incredible levels. Exduding these, by redtricting weeks worked to be over 40 (row 9), brought the
estimated coefficients again in line with our theoretical modd.

The contrast between the good performance with the CPS data and the poor performance with the
Census data might be due to the larger measurement errors in the latter, from various sources. We
goplied different minimum cell szes to estimate R and K. In our basc edimates, the minimum
education-occupation cdl sze to indude Rand K in the datasat was put & 5. This may imply strong
sengtivity to outliers But redricting the minimum cdl sze to 10 or to 50 had no subgtantid effect
on means and dandard deviations of R and K, nor on the estimated regresson coefficients. Cdl sze
itself does not seem to be rdlevant for the difference in results between samples. Neither is there a
role for possble differences in measurement error between subgroups by annud working hours.
Exduding groups with low or high annud working hours and redricting edimetion to employees
who worked full year full time has no subgtantid effect on the esimation results, as shown for the
CPS data in the extra row for basic spedification 1 in Table 3 and by applying the same redriction to
al our estimates that involve using Census data (not reproduced here).

If we maintan our hypothess of essentid dtability of earnings variability by education-occupation,
we should look for a more “permanent” etimate, purged as much as possble from messurement
erors. For this purpose we turned to the ‘Merged Outgoing Rotation Group file that comprises
CPS data files over a period of over two decades and is available from the Naionad Bureau of
Economic Research. We shdl refer to these as the NBER-CPS data. Unlike the CPS and the Census
datasats which yidd a wage rate by dividing annud income by annud hours, both referring to the
previous year, the NBER-CPS data contain responses about hourly wages or weekly earnings of the
current job. On such grounds, one may speculate that there is less measurement error in these data.

From this file we used five years 1995-1999. For each cdl, we cdculated the five annud
observaionson R and K. To test whether there is any dability in the wage digtribution for a given
cdl, we goplied an Andyss of Variance, dlowing for separable effects of education-occupation
caegory and time. In the case of mean wages, education-occupation and time explan over 99% of
the variation, both for men and women and the effects of both variables are highly significant.’® In

® In practice, the number of cellsin the Census sampleis 1061 for men and 742 for women.
10 The same picture of stability emerges from correlation of the education-occupation fixed effects over time: across
the five years, they correlate better than 0.975, for both men and women.
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caxe of R, the two variables explain 39 and 45% of the variaion for men and women, respectivdy
and the effect of both varigbles is Sgnificant a 5% or better. In case of K, the two variables explain
21 and 23% of the variaion (mdefemde), but the education-occupation effect is inggnificant both
for men and for women. However, removing K vaues greater than 5 (no more than 15 cases in
some 600 observations) would dready make both effects sgnificant & conventiond levels. (Of
course, after removad of outlie's we cannot gpply the test, but the procedure indicates that
inggnificance is driven by a few outliers) We conclude tha education-occupation cdl wage
digributions have very dable, dgnificantly different locations, and are sgnificantly different in R
and K. But R and K vary subgantialy over time. This picture is aso supported by other research.
Abowd and Card (1989), usng the PSID, the NLS and some specific datasets, concluded to the
presence of important measurement errors in earnings and hours and noted that “negeative serid
corrdaion between consecutive changes in log earnings is a pervasve phenomenon” (o.c., p 427).
Davis and Willen (2000) sudied the resduds from wage regressons in 10 occupations in CPS data
for the period 1967-1994 and found that the innovetions could be moddled as an MA(2) modd.
Carol and Samwick (1997) used 1981-1987 observetions from the PSID and found that for
decompostions in 8 occupations, 6 educations and 12 indudries trangtory shocks in income were
substantidly larger than permanent shocks. All this evidence suggests that there are systemdtic
differences in risk between educationsloccupations, but that annua measures are highly varidble.
Thus, aming for a more “permanent” characterisation of this risk is both meaningful and necessary.
Asadart we sdected the median of the five annua estimates of Rand K for this purpose.

The ANOVA reaults are dso supported by the corrdation between the various measures of Rand K
that we now have available (see Appendix D for a summary of these corrdation coefficients). For R
corrdations between CPS years are below 042, for K they are bdow 0.06 (except K98-K99, a
0.20) and even negative in severd cases. Corrdations of CPS edimates with the Census esimate are
vay low, both for Rand K, and corrdations with the median from the NBER-CPS st are reldively
high, & 028 to 0.72 for R and 0.10 to 0.61 for K. In both cases however, the corrdation with the
observations for 1998 (our base year, tha we Sated the edimations with) sand out as unusudly
high: 0.72 for R (the next highest is 0.51) and 0.61 for K (the next highest is 0.16). Apparently, in
our innocence, we dated with a year tha has rdativey high corrdaions between R and K
measured for that year and a more permanent measure of Rand K.

Regresson reaults with the five-year medians for Rand K are reported in Rows 10 and 11 of Table
3, and are srongly supportive of the theory: highly sgnificant and with the proper sgn. Moreover,
the magnitudes of the effects are substantia.

As the find results dso hold for women, we need an explanation why the other results for women
are 0 poor. We would point to the variability of Rand K, and the disturbing impact of outliers that
is more dedtructive for women than for men. This variability is not a Smple consequence of women
working pat-time or having less dable labour force atachment. Both with CPS data and with
Census data, if fixed effects are induded, nether redtricting the women sample to full-time full-year
nor redricting it to young women (those under 40, presumably with more solid labour force
atachment than older generations) puts the results in line with theory. Outliers affect both Rand K
and this is particularly devadating for the women sample in the Census. The corrdaion between R
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and K for this sample is 0.984, essentidly precluding separating effects. In the other cases,
correations are no higher than 0.94 (and for the medians even below 0.81).

To assess the importance of a ‘permanent’ measure of wage variability, we congructed Table 4. For
eech year of the five-year sdection from the NBER-CPS data s&t, we estimated the risk augmented
Mincer earnings function, with R and K dther etimated from that year's sample itsdf or from the
five-year median. Table 4 ds0 presents the means and the sandard deviations of Rand K. Both for
men and women, the mean of R is farly gable and the slandard deviation is modest. The mean of K
is however quite variable, with subgtantia disperson even within samples. The regresson results
for men, based on the median, are quite robugt: both for Rand K, the annud esimates show only
modest varidion. For women we only find robust results for K. The coefficent for R is not
sgnificant. However, in the only year thet it is Sgnificant, it does have the right sign.

The five year median vaue for R and K may 4ill be a less than fully satisfactory measure of
permanent variability because of the way very high earnings (wages) are trested in the CPS data
and in the NBER processing. Both datassts put an upper limit on (implied) anud eanings
presumably because these very high vaues may be consequence of measurement error but aso
because of identifidbility concerns. Hence, very high incomes are replaced by a maximum vaue.
Cdculations of R and K ae dffected by this topcoding. We decided to use percentile-based
datigtics to diminae this effect; in paticular for R we used the difference between the 75" and

the 25" percentile wage and for Kwe used (75" - 50 )/ (50" - 25™) percentile wages:
Table 4 around here
Table 5 around here

Table 5 is amilar to Table 4, but now based on percentiles of the didribution. Just as with the
medians, taking the longe-term measures generates results supportive of theoretical predictions
whereas the annud own-sample measures do not. The left-hand estimates use percentile-based R
and K measures from the own sample, the right-hand estimates use the pooled five year database
to edimae them. In both cases we required a minimum education-occupation cel sze of 20
obsavaions For women in the NBER-CPS data, R and K have the right sgn, and are highly
dgnificant. For men, we find the predicted negaive sgn for K, highly dgnificat, while R has no
sgnificant effect. In the annua neasures, the means of R and K are very sable; the correlations
between Rand K are quite low (less than 0.4).

We tend to condude that there is more support for Adam Smith's theoreticd argument than he
bdieved himsdf. But to deect tha support, it is imperdive to focus on more permanent
measures of wage vaiability, as measurement errors are pervasve. Usng a permanent messure,
like the fiveyear median, or the five-year percentile based measure, we have not found a single
rgection of the prediction in the sense of a Sgnificant coefficent of the wrong sgn. We did find
ca=s where the coefficdent was not dgnificantly different from zero. This gpplied mostly to
coefficients for R (medians for women, percentiles for men). There is more support for the
negaive dgn of K than for the pogtive sgn of R The importance of K is dso stressed by another
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result. For dl specificaions we have run regressons without K as a regressor. By far the
dominant result is a ggnificantly negative coefficdent for R Hence, the theoreticdly predicted
postive coefficent for R is only found when K is induded. Two consderdtions are nedly in line
with the poweful role of K. Fird, the asgument of Adam Smith, that supply is atracted to the
“reputation of superior excdlence’: these ae typicdly the high end outliers that catch the
imagination. 1t's the exceptiona success that has a dtrong impact, and exceptiond success of
course modly affects K. Second, it is known from experiments in decison theory that individuds
typicdly tend to overestimate low probabiliies and underestimate high probabiliies (Camerer,
1995). This too, tends to give upper end low probabilities a prominent role in affecting supply
and hence, wages.

4 Four Structural Specifications of the Empirical M odd

After establishing the relevance of risk compensation in wages, we will now develop models that alow
for structural estimates of parameters. We believe this to be useful exercise, as structural models provide
the necessary link with related theoretical and empirical work in economics. Estimating discount rates
and degrees of risk aversion permits comparison with results found elsewhere and helps to build a body
of systematic research results. But we are aware that this is a hazardous venture, as the estimation

exercises available in the literature have not yet generated a body of generally accepted robust results on
the parameters we are interested in.

It is only natura to start estimating the empiricd mode with the smplest utility function possible, the
CRRA function we used in section 2. At the same time, we need to be sensitive to the possibility that

the individud’s utility function may not exhibit CRRA. For that reason, it is necessary to specify an
dternative utility function that nests CRRA as a special case.

We develop a simple extension of the CRRA utility function. Notice that if U is CRRA as in (6),

U&Y)=Y"7 o InUt=-rInY. A slitable extenson is therefore a trandog margina utility
(TLMU) function, written as.

INnU¢=r,InY - 0.5r,(nY)’ (34)

If r,=0, TLMU reverts to CRRA, and r isestimated as - r,. The TLMU assumption yields the
following expression for the risk premium:;

em,, " Mgy u
\ -dt \ 2 -dt
Ps:- e S20 @tuqms)(rl_ rzlnms)eddt+ s30 Gtuqng){(rl_ rzlnms) L r2+r2|nn3}eddtu/
esMy 6my | u
€ .u
géquma)e'd dtH

(35)
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Furthermore, since M, depends on U as was shown in equation (5), we must find the utility function U
that yidds atrandog margina utility asin (34). As Appendix A shows, thisfunction is

u(y) = 2p expgir2 b O Far 1’Ztﬂé‘?nY-r +1?u (36)
2 Q e M2 e

where F is the standard norma cumulative distribution function. Interestingly, our generalisation of the
CRRA utility function has led us to the welfare function of derived by Van Praag (1968) from basic
axioms on individua choice behaviour. Indeed, the two utility functions are formally equivaent, as we
demonstrate in Appendix B. Van Praag and associates have developed a survey method to measure the
two parameters of the lognorma wefare function ("mean” and "standard deviation”) a the individua
level. In many studies, based on thousands of individua observations they have established very robust
results and interesting applications (for a survey, see Van Praag and Frijters, 1997; for a review, Hartog,

1988). Thus, our generaised utility function is backed up by substantial empirical support.

To estimate the structural model, we must make a distributional assumption about its disturbance term,
which was called €, in equation (30). Before we do so, we generalize the model in one aspect. Sections

2.2 and 2.3 tracked the discussion into a hypothetical world where there is one risky and one riskless
occupation and possibly severa levels of education. It is not a leap of faith to broaden the modd to a
world where many occupations exist: they are al compared with a possibly hypothetical riskless income

stream. The various occupation-cum-education tracks are indexed by j, and as such, the regression
mode (19) is rewritten trividly as

InY, =Xb- In(1- P ;)- In(1-M, ) +e, 37)

with i denoting the individual. However the impact of schooling (through M) is the same across
occupational tracks.

In regard to €;, we may assume normality, as is common in the literature. Due to the nature of the

jir
model, €;; is necessarily heteroskedastic: Var(eji) =s ]2 Furthermore, it is straightforward to prove
that, if U isCRRA,

-Int- P,,)=052s? (39

and, in gereral (e.g., when U is TLMU),

m, _.s?
R e (39)
0
Do _k =™l .3 42 (40)

o
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Thus, under normdlity, whether U is CRRA or TLMU, the risk premium itself or the components of the
risk premium are smple functions of S 7.

In pinciple, one could etimate S 12 for each occupation/education cell jointly with the other parameters
of the wage equation. We prefer a two-stage approach paralle to the strategy adopted in section 3. Thus,
S ]2 is estimated as a five-year median of occupation/education cell variances from a first-stage fixed
effects model that uses (age -16) and (age -16)? race and region dummies, with fixed effects for each
occupation/education cell. The structural mode is estimated by means of weighted non-linear least
squares, using as a weight the inverse of the variance of the first-stage regression of the data proper.™

Furthermore, one may note that equation (34) dictates the measurement of m, at dl t. Thus, for each

individual, we compute his’her predicted wage on the basis of the first-stage analysis and use the first-
stage estimates of the parameters to dictate his/her lifetime profile of wages.

In estimating the model, we wish to leave the possibility open that €;; is not normally distributed. If this

isso, R and K, are not smply a function merely of sj2 but rather of dl of the parameters of the
distribution. But as this distribution is left unspecified, we employ the five-year median values of R

and K, and we estimate the log wage equation by means of weighted nonlinear least squares.
To sum up, we estimate four specifications of equation (19).

1. CRRA/Normal
CRRA implies (20) for the compensation for schooling and (38) for the compensation for risk.
In fact, this is exactly the equation Yoram Weiss (1972) derived and used for risk correction on
the rate of return to schooling.

2. CRRA/Nonnorma
Again, CRRA implies (20) for M, , while (21) appliesfor P ;.

3. TLMU/Norma

M is now given by (5), where utility and its derivative are taken from (36) and (34). Normality

implies (39) and (40), which are substituted into (35) for P,

4  TLMU/Nonnormality
Agan, M; is given by (5), with utility function (36) substituted. P ; is given by (35), with the
moments now estimated in the first stage from their definitions (32) and (33).

We will estimate the structural models for a single year, the NBER-CPS data of 1999, for reasons that
these data are recent and contain more observations.

1 we toyed with the idea of using the inverse of the median (s j2) for the weight, but this left too much

heteroskedasticity in the model.
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5. Edimatesof the Structural Modd

Estimation results for the four specifications on the CPS data are given in Table 6. The results for
‘“TLMU,unrestr’ correspond to specifications 3 and 4 above. Below, we will explain what we mean by
the restricted edtimates, ‘TLMU,restr.” The CRRA results are unconvincing. The coefficient of risk
averson is estimated to be negative in 3 cases; it would imply that employees are generdly risk lovers.
In the only case it is estimated positive (women, non-normd), the discount rate is estimated to be
negative, which is even more implausible. The reasonable estimates for the discount rate in the other
cases, high but not outside the range estimated by others (Lawrance, 1991; Carroll and Samwick, 1997),
are not sufficient to rescue this model. Hence, while CRRA is an elegant specification, useful for
analytica purposes, it is not a specification supported by empirical research. The same conclusion has
been drawn from other econometric work (Dynan, 1993; Guiso and Paidlla, 2000).

In the ‘TLMU,unrestr’ results, for norma errors, we find very high values of the discount rate, well
above 1. Moreover, as test results reported in Appendix C indicates that residuads in the first-stage
regressions are not normaly distributed, we must aso discard these results. This leaves ‘TLMU,non
normal’ as our preferred specification. It has an estimated discount rate of 0.20 for men and 0.89 for
women. Judged against intuition, these are high values. But they cannot be judged againgt a body of
solid empirical evidence, as it does not exist. High values are not uncommon in structural models.
Lawrance (1991), using Euler equations for lifetime consumption patterns, finds .12 in the top 5 percent
of the labour income distribution and .19 in the bottom fifth of the distribution. Carroll and Samwick
(1997), dso modeling intertempora consumption, find a very wide interva, in one case even with a
point estimate of .38 and two-standard-error band from .21 to .79. Asto the risk aversion parameters, the
exponential specification of our utility function implies that the margind utility of income is aways
positive. However, other features are not imposed. Standard algebra applied to our utility function
yields.

U"=U'(r,- r,InY)/Y (41)
V.=r,InY-r, (42
F =14V, - 1,1V, 43)

Hence, U @ will only be negative for InY >r,/r,. The same threshold holds for (relative) risk aversion
to be postive. The estimates for ‘TLMU, non-normal, unrestr’ put these thresholds at hourly wages of
$18.10 for men and $14.86 for women. These are fairly high vaues, implying that for a substantial
portion of the sample margind utility of income is increasing rather than decreasing. The positive sign of
r, implies that relative risk averson is increasing in income, thus satisfying a condition that was
required by Arrow (Guiso and Paiella, 2001:14) who also report increasing relative aversion in their own
data). As Dynan (1993) notes, utility functions with decreasing absolute risk aversion should have
relative skewness affection larger than rdaive risk averson: F >V,. This requires that

InY >1+r, /r,; thiscondition aly applies for even higher values of the hourly wage.
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One option is to follow common practice and smply impose declining margina utility of income over a
relevant range. Suppose, we require U®< 0 for InY >1, avery low value for the hourly wage rate. This
implies the condition r,; <r,. Given the estimation results we obtained, this will mean r, =r,. The
estimation results for this specification are given under restr (restricted) in Table 6. The assumption
regarding the distribution of the errors proves irrelevant for the results. The estimated discount rate of
0.05 and 0.075 is quite reasonable.

With equations (42) and (43) we can calculate the vaues of relative risk aversion and relative skewness
affection at the sample means of InY (2.63 for men and 2.41 for women, NBER-CPS 1998). This yields
the following results

TLMU, unrestr, non-normal TLMU restr, non-normal

Ve Fr Vi Fr
men -1.60 2.63 0.64 1.03
women -0.81 3.66 0.46 2.18

The empirical literature on risk aversion has not led to unambiguous conclusions on magnitudes. The
observed long-term equity premium, over riskless assets, requires a high coefficient of relative aversion,
at least 10, to be consigtent with individua choice theory. Such high aversion rates are usually not found.
Analyses of individual asset holdings suggest a coefficient of relative risk averson somewhere in the
interval between 2 and 3 (Beetsma and Schotman, 2001). But exceptions occur. Dynan (1993) finds a
relative risk aversion coefficient of about 10. However, she finds a very low rate of relative skewness
affection, at about 0.3 and a 95 percent confidence interval from —0.12 to 0.75. In a direct survey
approach, where we ask individuals for the reservation price of a specified lottery ticket, and then derive
an individual measure of absolute risk aversion, we find, in three different datasets, that the mean of
absolute risk aversion multiplied by the mean income in the sample generates high values of relative risk
averson: 20, 65 and 93 (Hartog, Ferrer-i-Carbond and Jonker, 2001). In a similar approach, Guiso and
Paiella (2000), find mostly lower values, with a median of 4.8. Ninety percent of the household cross
section observations are in the interval 2.2 to 9.9. Beetsma and Schotman (2001) analyse behavior in a
televison game and find a coefficient of relative risk aversion of about 7. Thus, the results we find for
risk aversion and skewness affection are not out of step with results found elsewhere. In our preferred
specification, relative risk aversion appears on the low side. This may very well be a consequence of
sdf-selection, where highly risk averse individuals shy away from high risk occupations.

Table 6 around here

The proper specification of the utility function is a matter for extensive empirical testing. Standard
economic theory commonly assumes declining margina utility of income throughout. Van Praag’'s
empiricaly well-established lognorma Individua Welfare Function of Income has initidly increasing
margina utility of income, athough usualy only up to a farly low income level. The famous utility
function introduced by Friedman and Savage (1948) has a dretch of increasing margina utility of
income, located in the middle income range. The utility function for bettors at horse racing estimated by
Weitzman (1965) has a positive second derivative throughout. The value function of income introduced
by Tversky and Kahneman (1992) in prospect theory has increasing margina utility of income below
the reference level (i.e. in the loss range). Thus, it is not a al obvious that we should impose the
restriction on our TLMU specification.
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6. Concluson

In our desire to test for the risk compensation in wages that was anticipated by Adam Smith in his
famous rules on wage differentials, we added the hypothesis that skewness affection gives rise to a
negative compensation: individuals appreciate the small probability of a large prize. In a smple two
stage estimation procedure both hypotheses have been corroborated, elsewhere, for five countries (the
US, Germany, Spain, Portuga and The Netherlands). In this paper we confirm the simple, basic results.
But concern for econometric impurities drove us to further testing. Basicaly, we find support for the
hypotheses, provided we apply “permanent,” longer-term measures of income variation. Annua
measures apparently are too noisy.

We aso developed a structural model of schooling and occupationa choice under earnings risk. We
clearly have to reect the CRRA utility function. We specified a more genera utility function, the
Trandog Margina Utility function, which turned out to be identica to the firmly empirically supported
welfare function developed by Van Praag. A lkey issue remaining for further empirical work is the
curvature of the utility function. Without restriction, we found rather implausible values for the
discount rate and increasing margina utility of income up to fairly high income levels. Redtricting the
model to declining margina utility led to quite plausible values for the discount rate. The results imply
increasing relative risk aversion, a condition identified by Arrow as necessary for consistency with the
theory of wedth accumulating by consumers.

We consider our results as sufficiently encouraging to propose further research along the lines initiated
here. The key issue is the proper measure of earnings varigbility faced by individuals. In the modd
developed here, we need measures of risk and skewness of the options open to individuas at the time
they decide on entering educations and occupations. If risk and skewness are stable over time, we can
use contemporaneous estimates, derived from the same data as used for estimating the earnings
functions. Our results clearly indicate that contemporaneous measurement is not adequate. But that till
leaves the question whether the high varigbility in year-to-year measures of R and K that we have
found is due to measurement errors in our samples or an indication that it is an illuson to search for
stable “permanent” measures of education-occupation specific earnings variability. We believe that
such permanent differences in earnings variability do exist. One argument is the finding, in the
psychological testing literature, that the variability of individual output differs systematicaly between
occupations. “Standard deviation of output is substantialy higher in the more cognitively complex and
better paid jobs’ (see Hartog, 2001). But of course the thorny issue of measurement error remains.
Bound et a (1990), comparing survey data with company and social security records, have shown this
to be a genuine reason for concern, athough they give no information on possible variation in the share
of measurement errors in observed variance of earnings and hours worked across occupations. Thus we
share the worries of Murphy and Topd (1987) in their search for compensation for employment and
earnings risk across industries. But without a source of “error freg” measurement, as Bound et a
exploited we see no good solution for this problem.

It is important to note that according to our model, the wage premium has to be enforced in the market
from individuas supply reections and thus depends on the individuds perception of the earnings
variability they face. This makes it questionable whether panel data of individua earnings are of any
help. With pand data we can eiminate individual fixed effects, but the red question is whether
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individuals know these fixed effects when they have to make their decisions. It seems much more
relevant to condition perceived earnings variability on information available to the individua. For
example, an individual may know, from school grades, an IQ test or otherwise, what her abilities are,
and this may reduce perceived uncertainty of success. Thus, conditioning on these variables seems
much more interesting to us, and is certainly not infeasble. Whether the effect will be large or not
remains to be seen. Becker (1964, 204), discussing the large variation in rates of return to education
across individuals, argues that most of it reflects ex ante risk to the investor, and that the role of known
measures of ability such as|Q and grades, is small.

An obvioudy important step in our research should be to fully acknowledge individua heterogeneity in
risk attitudes and to dlow for self-sdection of individuas into the various occupations. This can only
be accomplished with direct estimates of the individua's risk attitudes. While such estimates are not
routinely available, there is a growing interest in agpplying subjective, survey based measures. For
example, Hartog, Ferrer-i-Carbonell and Jonker (2000) used a smple lottery evauation question with
very encouraging results.*® Friedman and Kuznets (1945, 128) speculated that more individuals would
be inclined to study medicine rather than dentistry because the grester variability in income acts as an
attraction rather than a deterrent. Testing such speculations would obviously be most interesting.

As noted in the introduction, we ignore possible compensation for the risk of unemployment. But this
may well be important in the perception of individuals and thus, supply reactions may generate a wage
premium. However, one may suspect the compensation for earnings variability to be much more
important, smply because earnings variability is much larger. For example, in Murphy and Topd'’'s
dataset (CPS 1977-1984), the coefficient of variation is 0.24 for the hourly wage rate and 0.067 for
annua hours worked (o.c., 109). Suppose, every individua faces an annua unemployment risk of
10%, and when unemployed receives 70% of his earnings and we evaluate unemployment only in

terms of logt income. Then, relative earnings risk m,/ nt equals 0.008, from which, given the risk
aversion coefficient V; of about 0.5 (see the table above), equation (15) predicts an earnings premium of
0.2%. By contradt, relative earnings risk is in the order of 0.6, according to Table 1, which would require
a wage premium of 15%. Abowd and Ashenfelter (1981) estimate wage compensation for anticipated
unemployment risk in the context of a structural model, and indeed estimate a high coefficient of
hours risk aversion (the counterpart of the Arrow-Pratt measure of income risk aversion), at vaues
aound 14. But when applied to actualy experienced unemployment, the compensating wage
differentid is in the order of 4%. Murphy and Tope (1984) find that a one standard deviation
increase in the weeks worked variability would generate compensation in average annua earnings of
about 0.5% (we should add that they are very worried about measurement errors invalidating their
estimates). Naturaly, a modd including both wage and unemployment risk is peferable to amode
considering only wage risk. But considering the problems ill facing us, we are not inclined to give
possible compensation for the differences in unemployment risk top priority on our list of further
research. Rather, we would focus on the topics indicated above: good measurement of perceived
earnings variability and selectivity on the basis of differences in attitudes towards risk. And the latter
should certainly include sdective exits, as individuds may respond to gradua unfolding of
information about their possibilities of success during their career. Johnson (1978) has shown that
risk neutral individuas should aways try the riskiest sector first. Such patterns of course have
important implications for attempts to deduce anticipated risk from observed dispersions. In our

12 Risk attitude measured from the simple lottery reservation price significantly affects the choice for

entrepreneurship. See Cramer et al. (2000).
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view, integrating labour market mobility in the modd of risk compensation should indeed have a
high priority.
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Appendix A: Derivation of equation (36)
The utility function U(Y) is found by integrating the margind utility:

Y InY
N\ - 2 N - 2
U(Y) :c?rllnx 0.5r, (In X) dx - Oe(r1+l)Z 0.5r,Z dZ
0

-¥

The right hand side can be rewritten such that one recognizes the normal density function as a part of
it. This alows one to date the integral as a normal cumulative distribution function, although, of

coursg, there is no normally distributed random variable at play here:

Iny x i . 25 25
0 o} r.+1
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The last term results from the last expression (which is a constant) under the integral on the first line.
The middle term appears because the first term under the integral inside the curly brackets resembles

the normal density function with mean (r1 +1)/ I, andvariance 1/r ,.
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Appendix B: TLMU and Van Praag's lognormal welfare function

Corresponding with the Van Praag utility function, suppose

(1) =F [invima] = Yera?) e - m (217

-¥

Then
uqy) :{exp(- n}/qz)/(quz)} exp{- InY2/2q2+((m/q2) - 1)InY}
The TLMU function yidds amargina utility of
UqY) =exp{r,InY- (r,/2)InY?}

The congtant term in front of the Van Praag margind utility function is irrdlevant. Thus, the two
approaches are identical when the two exponential terms with Y are identical. This is accomplished
whenever

Y(@®)=-r./2
(ma?)-1=r,

Thisimplies a one-to-one correspondence:

a=1r,

m=(1+r,)/r,
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Appendix C: Testing residualsfor normality

We extracted the residuals from the first-stage fixed-effects model and subjected them to three tests
to examine whether, within each occupation/education cell, they are normally distributed. These test
statistics are; (1) a chi-square test on the third and fourth order moments; (2) the Shapiro-Wilk test;
and (3) the Shapiro-Francia test. Table C.1 summarizes the outcomes of the tests at a significance

leve of five percent for each of the datasets used in this study.

Table C.1: Testing for Normality by the Chi-Square Moments test, the Shapiro-Wilk test, and the Shapiro-

Francia test

Outcome of the tests

Average number of observations per cell

None of the The three All three None of the The three All three

tests rejects tests are tests reject tests rejects tests are tests reject
Data source normality ambiguous normality normality ambiguous normality

Males
CPS 1998 56 7 66 36 70 242
Census 1990 41 11 92 51 125 512
NBER-CPS 1995 60 7 70 168 370 691
NBER-CPS 1996 61 11 69 102 248 646
NBER-CPS 1997 54 7 76 99 254 624
NBER-CPS 1998 54 14 73 79 246 643
NBER-CPS 1999 52 11 75 105 172 632
Females

CPS 1998 45 10 49 39 42 276
Census 1990 47 8 69 42 98 545
NBER-CPS 1995 56 10 62 72 173 737
NBER-CPS 1996 48 12 57 58 172 702
NBER-CPS 1997 53 13 55 78 112 738
NBER-CPS 1998 49 13 59 42 185 703
NBER-CPS 1999 56 14 51 52 194 790

In about one half of the cells, the outcome of the hree tests is unambiguous: a Null hypothesis of
normdity must be rgected. As one should expect, the number of observations in these cdls is
typicaly large: the power of the test increases as the sample size gets larger. But this also means that,
out of the tota sample of wage earners, the disturbance term should be considered nonnormally
distributed for over 80 percent of workers in the sample. We must therefore give more careful
consideration to models that are more digribution-free.
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Appendix D: Correlations between measuresof R and K

Table D.1 presents correlation coefficients of measures of Rand K computed from the various samples
used in the analysis of this paper. The measures indicated by R(NBER) and K(NBER) represent the
median values of R and K drawn from the five years of NBER-CPS data. The subscript “p” denotes
measures of R and K based on percentiles, as discussed in Section 3. The table offers correlation
coefficients of men below the diagona and of women above the diagonal.

Notable features are, first of dl, the low correlation between the various measures of R and, smilarly,
of K. In other words, the measured risk and skewness appears quite data-dependent. Second, the
correlation between R and K within a dataset is often very high, but that between R of one dataset and K
of another is low. This corresponds with the first finding. Third, the median values from the NBER-
CPS data capture more of the variation in other datasets. Fourth, the median values of R and K are not
as highly orrelated as those derived from a single data source. Fifth, the percentile-based measures do
not suffer from a high correlation between R and K and, with the exception of the value of K for
females, correlate well with the median values.

Similar correlaion coefficients can be computed with respect to each individua year of the NBER-CPS
data. These are summarized in Table D.2, where the subscripts “t” and “s’ denote the various years.
The summary reinforces the conclusions drawn above but adds that the NBER-CPS data appear to
yield somewhat more stable measures of R and K than the CPS or Census data.

Table D.1: Correlations between measures of R and K (males below the diagonal, females above the diagonal)

R(CPS) R(Census) R(NBER) Ry(NBER) K(CPS) K(Census) K(NBER) Ky(NBER)
R(CPS) 0.021 0.257 ! 0.897 0.003 0.192
R(Census) 0.101 0.131 0.023 0.984 0.043
R(NBER) 0.310 0.118 0.576 0.197 0.114 0.631
Ri{NBER) 0.648 0.376 ..
K(CPS) 0.865 0.141 0.150 0.000 0.157
K(Census) 0.037 0.945 0.060 0.057 0.014
K(NBER) 0.199 0.179 0.807 0.182 0.113 -0.016
K{NBER) 0.169 0.419

Table D.2: Summary of correlations between R and K involving the individual years of the NBER-CPS data.

Range of correlation between Males Females

R(CPS) and R(NBER): 0.030-0.160 0.043-0.281
R(Census) and R(NBER): 0.016 -0.078 0.043-0.129
R(NBER)tand R(NBER)s 0.086 —0.418 0.069 — 0.532
K(CPS) and K(NBER) -0.028 - 0.047 -0.020 - 0.109
K(Census) and K(NBER)t -0.026 - 0.057 -0.029 - 0.034
K(NBER): and K(NBER)s -0.028 - 0.204 -0.034 - 0.462
R(NBER)tand K(NBER)t 0.772 -0.957 0.461-0.874
R(NBER): and K(NBER)s -0.013— 0.347 -0.059 — 0.486

27



TABLE 1 VARIANCE AND SKEWNESSIN RELATIVE WAGE DEVIATION,* CPS

1998
Percentiles
Mean St.Dev 5" 50th 95"
Males
R 0.577 0.500 0.159 0.456 1.344
K 3.017 5.657 -0.070 1.541 10.918
Females
R 0.523 0.615 0.146 0.307 1.214
K 5.052 13.685 -0.049 1.369 18.429

Note: *Across occupation/education cells.
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TABLE 2 BASC REGRESSION OF LN WAGES ON R AND K, CPS 1998

Males Females

estimate t-stat estimate t-stat
Years of Education 0.0967 41.00 0.1183 52.26
Age-16 0.0557 33.28 0.0426 24.83
(Age-16)2 -0.0008 -23.80 -0.0007 -19.60
R 0.3338 11.64 0.5131 15.97
K -0.0191 -7.36 -0.0187 -13.02
Mid Atlantic 0.0487 2.39 0.0141 0.69
East North Central 0.0030 0.15 -0.0599 -2.98
West North Central -0.1133 -4.70 -0.1564 -6.48
South Atlantic -0.0553 -2.76 -0.0958 -4.73
East South Central -0.0971 -3.88 -0.1959 -8.15
West South Central -0.0789 -3.60 -0.1682 -7.65
Mountain -0.1000 -4.52 -0.1330 -5.93
Pacific 0.0375 1.79 0.0160 0.76
Black -0.1956 -11.67 -0.0545 -3.73
Hispanic -0.2428 -17.05 -0.1172 -8.24
Asian -0.1722 -5.71 -0.0838 -3.20
Indian -0.1895 -3.54 -0.1162 -2.64
Intercept 0.5186 14.05 0.1352 3.42
N 18459 15695

R? 0.3526 0.3149




TABLE 3 ALTERNATIVE SPECIFICATIONS OF R AND K, CPS 1998 AND CENSUS 1990

MEN WOMEN
R K
Estimation feature coeff t coeff T coeff t coeff t
A: Without fixed effects, using CPS 1998 data
1 Basic specification 0.3338 11.64 -0.0191 7.36 | 0.5131 15.97 -0.0187 13.02
Full-time, full-year 0.2623 7.20 -0.0166  5.39 0.4247 6.00 -0.0089 1.27
Young women 0.3801 8.45 -0.0149 7.85
2 Include job characteristics | 0.3779 10.72 -0.0239 7.79 |[0.4221 10.83 -0.1610 8.40
B: With fixed effects, using CPS 1998 data
3 CPS 0.3341 10.84 -0.0273 9.77 |0.0192 0.49 0.0056 2.60
4 CPS, delete own residual 0.2897 9.91 -0.0258 10.00 |-0.0637 1.77 0.0093 4.66
C: With fixed effects, using CPS 1998 data, R and K from Census 1990 data
5 Occupation codes: fine -0.0801 6.35 0.0024 7.12 |[-0.0953 6.49 0.0030 5.86
6 Occupation codes: crude -0.1895 10.24 0.0054 11.71 |-0.2635 7.26 0.0082 7.23
C: With fixed effects, using Census 1990 data
7 Occupation codes: fine -0.0229 235 0.0008 3.39 [-0.0670 6.11 0.0022 5.61
8 Occupation codes: crude -0.1492 13.28 0.0043 15.57 (-0.1576 7.69 0.0049 7.85
9 Occupation codes: crude,
weeks worked>40 0.0971 2.88 -0.0111 2.05 |-0.3355 7.00 -0.0001 0.02
D: With fixed effects, using median R and Kin NBER-CPS 1999 data
10 Occupation codes: fine 0.5716 6.79 -0.9581 14.12 | 0.4983 7.32 -0.4312 12.37
11 Occupation codes: crude 0.7585 6.85 -1.1023 17.55 | 0.2524 3.62 -0.4999 23.75




TABLE 4. NBER-CPS: SAMPLE MEASURESVS MEDIAN VALUESOF R AND K

Mean (m) and St.dev (s) Estimated coefficients
R K Based on annual sample statistics Based on median of 95-99
m S m S bR t bK t bR t bK t
A: Males
9% 0178 0.049 0.132 0.224 | -1.122 17.72 0.051 353 0.464 4.32 -1.068 17.21
9% 0193 0.133 0448 2.058 1 -1.170 21.28 0.061 17.28 0.612 5.47 -1.100 17.23
97 0.182 0.074 0.175 0.676 1 -1.316 22.99 0.094 1451 0.479 4.39 -1.039 16.59
98 0.203 0.064 0.205 0.205 0.336 5.11 -0.280 14.11 0.873 7.65 -1.301 20.12
9 0.214 0.106 0474 1.685 ! -0.204 5.17 0.002 0.99 0.759 6.85 -1.102 17.55
m 0.178 0.041 0.114 0.075
B: Females
9% 0.203 0.096 0.646 1.492 ! -0.881 16.52 0.022 6.91 -0.088 1.26 -0.483 22.17
9% 0198 0.128 0.969 3.794 ! -1.104 21.38 0.024 13.74 -0.030 0.42 -0.469 21.96
97 0178 0.052 0.199 0.242 } -0.627 9.10 -0.117 7.52 -0.045 0.65 -0.446 21.16
98 0193 0.072 0.303 0.428 | -0.232 4.22 -0.068 7.48 -0.074 1.08 -0.412 20.06
99 0193 0.094 0.382 0.978 0.051 0.90 -0.028 5.19 0.252 3.62 -0.500 23.75
m 0.179 0.050 0.190 0.168

Note: mdenotes the median over 1995-99,




TABLE 5. NBER-CPS: ANNUAL VS, 5-YEAR MEASURES OF PERCENTILE-BASED

RANDK
Mean (m) and St.dev (s) Estimated coefficients
R K Based on annual sample statistics Based on pooled data 95-99
m S m S br t bk t br t bk t
A: Males
9% 0494 0.081 1.294 0.293 ! -0.282 6.62 -0.081 6.43 -0.048 0.87 -0.177 7.94

9% 0497 0.085 1306 0.371 ] -0.327 7.14 -0.020 155 0.073 1.29 -0.231 9.92
97 049 0.085 1.285 0.369 | -0.291 6.23 -0.077 6.24 0.046 0.83 -0.231 10.34

98 0499 0.079 1.344 0.419 | -0.021 0.43 -0.006 0.49 0.062 1.08 -0.194 8.52
99 0479 0.085 1.403 0.454 0.445 9.56 -0.100 10.34 0.091 1.65 -0.141 6.29
m 0492 0.066 1285 0.179

B: Females

9% 0465 0.106 1.396 0.420 0.628 12.33 -0.407 31.85 1.077 16.85 -0.590 32.30

% 0472 0.104 1422 0.436 0.641 12.12 -0.294 20.35 1.084 16.78 -0.573 30.38
97 0471 0.096 1389 0.398 0.374 7.14 -0.192 16.07 1.041 16.62 -0.563 31.35
98 0473 0.092 1515 0.680 0.369 6.80 -0.109 9.80 1.014 16.18 -0.535 30.05
9

0.462 0.101 1.339 0.419 0.719 14.30 -0.222 19.24 1.240 19.61 -0.542 30.19
m 0.469 0.085 1.362 0.250

Note: mrefersto values based on pooled data 1995-99.



TABLE 6

STRUCTURAL ESTIMATES

MALES

CRRA CRRA TLMU,unrestr TLMU,unrestr TLMU, restr TLMU, restr

Normal Nonnormal Normal Nonnormal Normal Nonnormal
parameter estimate t-stat estimate t-stat estimate t-stat estimate t-stat estimate t-stat estimate t-stat
Intercept 1.856 134.87 2.008 150.61 1.966 13552 2.219 165.56 1.869 173.44 1.867 173.06
(Age-16) 0.044 66.90 0.043 67.01 0.038 61.17 0.039 62.33 0.043 68.01 0.043 67.97
(Age-16)? (x 100) -0.065 -48.44 -0.065 -48.40 -0.055 -42.80 -0.057 -44.25 -0.066 -49.91 -0.066 -49.87
r -0.473 -4.00 -1.873 -30.42
r 10.019 54.89 15.008 24.16 0.402 31.49 0.392 31.21
rs 3.559 57.61 5.180 23.69
d 0.189 11.32 0.362 45.95 1.347 18.13 0.199 13.46 0.053 26.53 0.054 26.56
Black -0.176 -27.94 -0.173 -27.74 -0.056 -9.15 -0.048 -7.56 -0.146 -23.51 -0.146 -23.51
Indian -0.115 -5.56 -0.107 -5.25 -0.033 -1.67 -0.029 -1.48 -0.097 -4.76 -0.097 -4.76
Asian -0.108 -10.60 -0.112 -10.95 -0.032 -3.25 -0.038 -3.83 -0.101 -10.00 -0.101 -9.96
Hispanic -0.191 -32.00 -0.193 -32.83 -0.041 -6.81 -0.057 -9.42 -0.202 -34.71 -0.201 -34.64
Mid Atlantic 0.016 1.59 0.019 1.93 -0.023 -2.46 -0.025 -2.63 0.009 0.88 0.009 0.90
East North Central 0.010 1.05 0.008 0.82 -0.023 -2.54 -0.025 -2.73 0.007 0.77 0.007 0.80
West North Central -0.078 -7.15 -0.078 -7.21 -0.017 -1.60 -0.016 -1.51 -0.057 -5.27 -0.057 -5.28
South Atlantic -0.051 -5.27 -0.048 -5.05 -0.031 -3.35 -0.031 -3.44 -0.045 -4.74 -0.045 -4.73
East South Central -0.108 -9.32 -0.108 -9.37 -0.044 -3.97 -0.047 -4.28 -0.095 -8.35 -0.095 -8.35
West South Central -0.074 -7.19 -0.074 -7.28 -0.033 -3.38 -0.033 -3.42 -0.063 -6.31 -0.063 -6.32
Mountain -0.041 -3.68 -0.038 -3.45 -0.012 -1.11 -0.009 -0.85 -0.028 -2.56 -0.028 -2.56
Pacific 0.024 2.50 0.028 2.88 -0.018 -1.89 -0,018 -1.97 0.019 2.00 0,019 2.01
Number of observations 54774 54774 54774 54774 54774 54774
log Likelihood -32942.85 -32657.46 -30081.09 -29989.91 -32157.29 -32165.21




(Table 6, continued)

FEMALES

CRRA CRRA TLMU,unrestr TLMU,unrestr TLMU,restr TLMU,restr

Normal Nonnormal Normal Nonnormal Normal Nonnormal
parameter estimate t-stat estimate t-stat estimate t-stat estimate t-stat estimate t-stat estimate t-stat
Intercept 1.755 121.90 1.750 149.47 1.979 144.64 1.833 150.46 1.793 158.29 1.795 160.00
(Age-16) 0.030 44.03 0.029 43.69 0.026 40.76 0.026 40.77 0.029 44.25 0.029 43.37
(Age-16)? (x100) -0.047 -32.78 -0.045 -32.47 -0.039 -29.50 -0.039 -29.20 -0.046 -33.31 -0.046 -32.57
r -0.412 -3.10 0.906 76.54
ra 11.931 5451 7.585 82.89 0.326 30.53 0.330 36.22
ra 4.375 57.18 2.810 81.17
d 0.194 9.95 -0.028 -5.90 1.141 20.45 0.890 27.11 0.076 41.96 0.075 47.74
Black -0.064 -11.10 -0.062 -10.95 -0.019 -3.56 -0.023 -4.36 -0.055 -9.76 -0.055 -9.71
Indian -0.072 -3.30 -0.082 -3.87 -0.035 -1.73 -0.033 -1.66 -0.076 -3.62 -0.076 -3.90
Asian -0.035 -3.42 -0.033 -3.22 -0.012 -1.26 -0.005 -0.49 -0.039 -3.92 -0.040 -4.08
Hispanic -0.117 -17.71 -0.126 -19.45 -0.044 -7.21 -0.031 -5.05 -0.128 -20.02 -0.129 -20.60
Mid Atlantic -0.015 -1.46 -0.012 -1.19 -0.034 -3.50 -0.035 -3.65 -0.015 -1.46 -0.014 -1.50
East North Central -0.065 -6.58 -0.062 -6.37 -0.043 -4.64 -0.044 -4.78 -0.054 -5.54 -0.054 -5.61
West North Central -0.120 -10.74 -0.116 -10.47 -0.015 -1.43 -0.022 -2.08 -0.086 -7.80 -0.086 -8.52
South Atlantic -0.079 -8.04 -0.079 -8.06 -0.041 -4.46 -0.042 -4.51 -0.067 -6.92 -0.067 -6.97
East South Central -0.185 -15.66 -0.181 -15.56 -0.059 -5.34 -0.063 -5.66 -0.153 -13.17 -0.153 -13.46
West South Central -0.141 -13.41 -0.139 -13.38 -0.042 -4.27 -0.045 -4.54 -0.116 -11.28 -0.117 -11,40
Mountain -0.090 -7.74 -0.087 -7.57 -0.008 -0.72 -0.014 -1.24 -0.065 -5.72 -0.065 -6.01
Pacific 0.008 0.76 0.007 0.68 -0.025 -2.60 -0.027 -2.83 0.006 0.64 0.006 0.67
Number of observations 45928 45928 45928 45928 45928 45928
log Likelihood -24846.15 -24485.72 -21850.89 -21990.06 -24132.19 -24160.30
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