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Chapte rr  3 

Variability ,, Varianc e and Risk in Return s to 

Educatio n n 

3.1.. Introductio n 

AA remarkable failure in the analysis of investment in human capital is the failure to account 

properlyy for risk. Theoretical and empirical analyses of investment in physical capital and in 

financiall portfolio's squarely focus on the risk properties of the alternatives. Just as investors 

inn physical and financial capital, an investor in human capital will not only be interested in the 

expectedd returns but also in the corresponding risk. In fact, the perceived risk of the 

investmentt may well be a dominant concern in the decision making process. Yet, the 

necessaryy theory is underdeveloped and the empirical analysis is virtually non-existent. 

Inn terms of ex ante risk, the first risk associated with human capital is that on 

educationall performance: how well will the individual do in school. This depends on abilities, 

onlyy partly known when entering school, on effort (which may also be imperfectly anticipated) 

andd on the match between curriculum and individual. With hurdles like final exams and 

thresholdss for passing on to the next class, an individual may not even finish the school she 
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entered.. All these factors may be summarized as uncertainty as to where in the educational 

performancee distribution the individual will end up. As performance in school is not the same 

ass performance in the labour market, the second source of risk is uncertainty about the 

relativee position in the post-school earnings distribution. A third source of risk is market risk. 

Thee value of an education, or associated occupation, may shift over time in response to 

changess in technology, product demand patterns or relative supply. 

Surprisinglyy little is known empirically about the dispersion in returns to education. 

Evenn though heterogeneity among individuals and hence in their returns has been stressed 

inn several contributions, such as Willis and Rosen (1979) and Card (1995), this has not led to 

aa focus on variations in returns to human capital investment. We search the empirical 

literaturee for information on the variation in rates of return. We collect results on variation 

acrosss individuals and across time and place, to get some feel for the universe from which 

returnss may be drawn. 

Evenn the most obvious indication of risk, the variance of earnings by level of 

education,, has not been systematically documented or analyzed. Yet, in their seminal 

contributionn on the effect of risk on investment in education, Levhari and Weiss (1974) give 

thiss relationship a very prominent status. They identify the effect of uncertainty on the 

marginall return to schooling as a crucial parameter to determine whether uncertainty has a 

positivee or a negative effect on investment, and note that the sign of the derivative can be 

determinedd from the response of the variance of earnings to the level of investment (o.c, p 

954).. Similarly, in Groot and Oosterbeek (1992) the same relation is vital for their predictions 

onn the effect of uncertainty on investment. The relationship between earnings variance and 

schoolingg thus not only has descriptive value, but also it has essential bearing on theoretical 

predictions.. Our second contribution in this chapter is to survey the accidental literature on 

thiss relation (usually it is only a byproduct, not the driving research question). In the next 

chapter,, we will present new estimates on residual earnings variance by level of education, 

ass we feel this is a clear and significant lacuna in the empirical literature. 

Finally,, we assess ex ante risk. We design a simulation model that mimics the 

situationn facing an individual about to decide on investment in education. The model is simply 

thee basic human capital investment model that compares two future earnings streams. In this 

wayy we augment information on average rates of return with information on its variance. For 

obviouss reasons, a simulation model is the only feasible approach: there simply exist no 

directt observations on variances in the rate of return. 

Exx post variability in returns is not the same as ex ante risk. Selectivity, extensively 

highlightedd in the recent literature, is an important cause of deviations. It's an interesting 
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questionn to what extent heterogeneity coincides with risk for the individual investor. If the 

individualss themselves are imperfectly informed on their abilities, future efforts, job 

opportunitiess etc, then heterogeneity comes close to ex ante risk. In general, observed 

residuall earnings variance is an unknown mixture of heterogeneity and risk. The distinction 

betweenn the two is actually not relevant for the structure of our simulation model, as it can 

accommodatee both foreseeable heterogeneity (variation between individuals) and risk. The 

distinctionn is mostly relevant when it comes to selecting the parameter values in the 

simulations.. We take key parameters from a survey of the empirical literature, without paying 

muchh attention to this distinction. Without digging deeply into the question, let us note simply 

thatt Webbink and Hartog (2001) found that freshman in university could not even predict their 

startingg salary four years ahead: the correlation between predicted and realized starting 

salaryy is 0.06. Hence, most of the ex post variance may very well reflect true ex ante 

ignorancee and hence risk for the individual. 

Thee remainder of this chapter is divided into four sections. In section 3.2., the 

literaturee for ex-post variation in returns is surveyed. In section 3.3., the ex-ante risk is 

assessedd by means of simulations. Section 3.4. collects some conclusions. Section 3.5 

explainss the procedure of simulation and the choice of the parameters. 

3.2.. The Literatur e on th e Ex-Pos t Variabilit y in Return s to 

Educatio n n 

3.2.1.. Earnings Dispersion by Education and Experience 

Earningss distributions by education can tell us whether schooling moves individuals to 

distributionss with different variances. If individuals cannot condition these distributions on 

variabless they know when considering entering an education, the distributions provide a 

crudee indication of differences in risk. One may differentiate by age or experience, to 

considerr different risk profiles over the career. One may either consider the distribution of 

earningss itself or consider residuals from an earnings function, conditioning on an imposed 

structuree of returns to schooling and age/experience. Some authors have analyzed the 

former,, some the latter and we will just report their outcomes. 
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Tablee 3.1. EARNINGS DISPERSION BY EDUCATION AND EXPERIENCE (age) 

Autho r r 

Becke r r 

Weiss s 

Harto g g 

Chen n 

Mince r r 

Doole yy & 

Gottschal k k 

Harto gg et 

al . . 

Polache k k 

Polache k k 

Belzi ll  & 

Hansen n 

Countr yy  and 

Sampl e e 

U.S.. college & 

high-school l 

U.S.. scientists 

Netherlands s 

U.S.. college & 

high-school l 

U.S. . 

U.S. . 

Netherlands s 

U.S. . 

LISS countries 

U.S. . 

Yearr  of the 

sampl e e 

1939,, 1949 

1972 2 

1962,, 1965, 1972 

1979-1998 8 

1960 0 

1968-1979 9 

1962,, 1965, 

1972,, 1979, 

1985,1989 9 

1980,1990 0 

1990 0 

1979 9 

Measur e e 

off  Incom e 

Variatio n n 

c.v. . 

c.v. . 

c.v. . 

c.v. . 

o(lny) ) 

a(lny) ) 

tr(lny) ) 

a(lny) ) 

a(lny) ) 

cr(lny) ) 

Educatio n n 

+ + 

--

n n 

+ + 

n.a. . 

--

+ + 

+ + 

0 0 

--

Experienc e e 

n.a. . 

u u 

+ + 

n.a. . 

0 0 

u u 

0 0 

u u 

u u 

n.a. . 

Notations:: Iny stands for log wages; c.v. stands for coefficient of variation; u stands for U shape; n stands for 

inversee U shape; +/- stands for positive /negative effect; 0 stands for no clear positive or negative effect; n.a. 

standss for not available. 

Ourr present limited survey reveals that there is no unequivocal pattern of earnings dispersion 

byy education level or by experience (Table 3.1.). There are very few robust "stylized facts", 

andd earnings variance apparently may increase, decrease or have no relation at all with 

educationn or experience. Clearly, there is scope for basic descriptive work to check the 

robustnesss of this conclusion; we present a contribution in Chapter 4. Differences in patterns 
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betweenn countries might point to very different effects of education systems, through 

differencess in school admission rules and curriculum structures (e.g. broad versus 

specializedd educations). 

3.2.2.. Variatio n in Mince r coefficient s acros s tim e and plac e 

Thee project PURE (Harmon, Walker and Westergaard-Nielsen 2001) generated private 

returnss to education across Europe from a standard Mincer earnings equation. Minimum 

ratess over the sample period varied between countries from 4.0 to 10.7 %, maximum rates 

betweenn 6.2 and 11.5 % (see Table 3.2.). Trostel, Walker and Woolley (2002) use data for 28 

countriess covering the period 1985-1995, from a common questionnaire applied in all 

countries.. Averaged over the 28 separate country estimates, the mean return is 5.8 % for 

men,, with an unweighted standard deviation of 3.5 %. For women, the mean return is 6.8 %, 

withh standard deviation of 3.9 %. 

Ashenfelterr et al (1999) performed a meta-analysis on 96 estimated returns obtained 

fromm 27 studies covering 9 countries. The mean return was 7.9 % with a standard deviation 

off 3.6. Regressing these returns on controls like region (within a country), time, ability, 

estimationn method, left an intercept of 3.0 % with a standard deviation of 1.6%. 

Repeatedd estimates of Mincer equations over time, within a country, can provide 

somee indication of the risk that is associated with shifting market value of schooling, as a 

consequencee of changes in supply and demand conditions. In Holland (Hartog et al. 1993) 

thee return to human capital has fallen steadily from 13% in 1962 to 7% in 1985 and then has 

risenn slightly until 1989. Dutch experience differs from that of US, UK and Australia where the 

returnn to human capital increased during the eighties. In the U.S., Welch (see Willis, 1991) 

foundd that the rate of return to college education stayed within a narrow range of 8 to 9 % 

fromm 1967 to 1981 and rose to little over 10.2 % in 1982. Heekman, Lochner and Todd (2003) 

findd a modest variation of Mincer returns for white men between 1940 and 1990 (between 

10.22 and 12.9 %); for black men, the variation is larger, with the return increasing from 8.7 % 

inn 1940 to 15.2 in 1990. 

Thee project PURE (o.c.) finds that in Austria and Sweden, the rates of return 

decreasedd by about three percent points, whereas in Denmark, the Netherlands, Portugal, 

UK,, Ireland and Italy returns are upward trended (Table 3.2.). The returns in Germany, 

France,, Norway, Finland, Spain, Switzerland and Greece indicate no obvious trend. 
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Tablee 3.2. VARIATION IN NATIONAL RATES OF RETURN OVER TIME 

Country y 

Austria a 

Sweden n 

Denmark k 

Ireland d 

Italy y 

Netherlands s 

Portugal l 

U.K. . 

Minimumm Rate of Return 

too years of schooling and 

thee corresponding year 

0.0744 (1997) 

0.040(1991) ) 

0.044(1982) ) 

0.097(1987) ) 

0.039(1981) ) 

0.058(1986) ) 

0.107(1982) ) 

0.049(1980) ) 

Trend d 

I I 

i i 

t t 

t t 

t t 

t t 

T T 

t t 

Maximumm Rate of Return to 

yearss of schooling and the 

correspondingg year 

0.103(1981) ) 

0.075(1968) ) 

0.0611 (1995) 

0.115(1995) ) 

0.0622 (1995) 

0.063(1996) ) 

0.109(1995) ) 

0.065(1995) ) 

Gap p 

0.029 9 

0.035 5 

0.017 7 

0.018 8 

0.023 3 

0.005 5 

0.002 2 

0.016 6 

Source:: PURE studies, Harmon, Walker and Westergaard-Nielsen (2001). 

3.2.3.. Variatio n in Mince r coefficient s acros s individual s 

Harmon,, Hogan and Walker (2003) treat the return to education on a sample of U.K data as 

aa random coefficient. They specify earnings for individual i as: 

wheree X is a vector of explanatory variables (including age) and r/ is the residual, with 

standardd deviation er. This is a heteroscedastic model, with error variance 

E [ ( ^^ + 7,-)2] = 0V+<r 2 

Harmonn et al. find an estimated mean return of 4% for men and 7% for women, with 

dispersionss of 4% and 3.3%. 95% of the men have returns in the +/- 7.8% interval around the 
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mean,, 95% of the women are in the +/-6.5% interval around their mean1. Thus the dispersion 

iss large even after allowing for several observable individual characteristics. The results by 

Harmonn et al. for the UK and two studies they cite (for Finland and the USA) all have 

coefficientss of variation in the range 0.4 - 0.6. This exactly coincides with the values found by 

Ashenfelterr et al. (1999) when they allow for heterogeneous returns. 

Maier,, Pfeiffer and Pohlmeier (2004) estimate returns to education with the model of 

thee Average Treatment Effect for German men in 1999 allowing also for heterogeneity in the 

returns.. They find an average return for an additional year of schooling of 8.7%, with a 

quarterr of the men obtaining more than 15.6%, while the lowest decile obtains less than -9.1 

%.. The interquartile range is 16 points, from 0.7 to 15.6%. In a normal distribution, the 

interquartilee range covers 1.35 standard deviations, which would put its value at 16/1.35 = 

11.88 and the coefficient of variation at 11.8/8.7 = 1.36. However, the authors show that the 

distributionn is skewed to the right rather than symmetric, and the calculation of the return can 

onlyy be indicative. 

Pereiraa and Martins (2001) measure risk as the difference in returns between the 

ninthh and the first decile from a quantile regression estimation of the Mincer equation. Across 

166 countries the risk lies between -1.95% and 8.9%, at an average unweighted OLS return 

off 7.8 percent. Note that in a normal distribution, the difference between the value at P(90) 

andd P(10) would cover 2.56 standard deviations. The risk measure would then indicate a 

standardd deviation between 0.76 and 3.47 percent. 

3.2.4.. What have we learned ? 

Wee did not find robust stylized facts on the relation between earnings dispersion and 

educationn or experience (age). This suggests that the education systems in different 

countriess function quite differently in segmenting the labour force. If individuals cannot 

perfectlyy predict their position in post-school earnings distribution, this suggests that the risk 

inn educational investment varies across countries. 

Thee Mincerian rate of return in one country may easily be 2 to 3 times the returns in 

anotherr country; across countries, the coefficient of variation may be something like 0.5. 

11 One should not infer that many returns are negative: the earnings function allows for many 

interactionss between schooling and individual characteristics. The authors report negative returns for 

4.5%% of men and 1.7% of women. 
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Withinn countries, there is generally a fair amount of stability over several decades. The large 

changess in The Netherlands and for Black men in the U.S. seem exceptional. Over time, 

withinn countries the differences between the minimum and the maximum rate seem generally 

perhapss no more than a third of the minimum rate. 

Thee variation in rates of return across individuals may reflect heterogeneity and be 

knownn ex ante to the individuals themselves. If so, the variation is no measure of the risk 

facingg an individual. However, not much is known about the disentanglement of 

heterogeneityy and risk. A first contribution has been published recently by Heekman and al. 

(2003).. On differences in returns between individuals there is even less information. 

Availablee studies suggest a coefficient of variation between 0.4 and 0.6. 

3.3.. Assessin g ris k 

Wee will now mimic the position of an individual that has to decide whether to continue 

educationn or not, and assess ex ante risk of the investment as the dispersion in the rate of 

return.. We will develop a simulation model that faithfully follows the standard human capital 

model. . 

3.3.1.. Analytica l solution s 

Byy definition, the internal rate of return to education is the rate of discount, S, that equates the 

presentt values of lifetime earnings for two different educational levels, s0 and Su i. e., the 

interestt rate that solves the equation: 

°J>W('-*o)y*<* == ƒƒ(*„(/-*,)>-*« *  (3'1) 

Thee earnings functions are f(s0, (t-s0)) and f(s1t (t-Si)), with s0, Si years of schooling and 

withh t-s0, t-Si years of work experience. T0 and T-, are the durations of the working life after 

graduation.. Note that this is a quite general framework, though not without limitations. We 

comparee two investments, of different lengths, with a binding commitment up front. This 
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mightt apply to different types of education, possibly but not necessarily differing in length (e.g 

aa 3 year education in economics or a 4 year education in law). It can be reduced to the basic 

Mincerr model by setting so=0 and s t at the relevant value for a particular education (high 

school,, university), or at Si=1 to study marginal investments. But it excludes the option value 

off education (see Chapter 6). 

Wee start simply by computing the internal rate of return to Si rather than s0 years of 

schooling,, for an infinitely lived individual  with potential earnings functions that include 

independentt stochastic components u0~(0, a0
2), Ui~(0, ov2). We assume only one lifetime 

shock.. The amount of human capital produced in school is unknown when entering but 

revealedd at the predetermined time of leaving and then determines annual earnings for the 

restt of working life. The profiles differ in average returns to schooling years and to 

experience.. For the moment we ignore the usual quadratic term in experience. The internal 

ratee of return then follows from the equation: 

EE j ^ o W ' ^ o g * ^ - E jeA*i+/M'-'.>+".c-*«ft (3 2.) 

Workingg out equation (3.2.) we obtain: 

E(eE(euu°° )e(/h~&K = E(eu'  W ^ " ^ ' - (3.3) 

Iff £(e"0 )= E(eU{), we can rewrite equation (3.3.) as: 

s,~ss,~s00 8-fa v '  ; 

Equationn (3.4.) is a generalization of the Mincer specification. With equal means in shock 

exponentials,, identical experience profiles and with minimum level of education zero (s0=0), 

wee obtain 8=fa: the internal rate of return equals the coefficient in the earnings function. 

Generally,, in equation (3.4.), the internal rate of return is the return for selecting a longer 

educationn with a different reward per year of schooling and per year of experience. The latter 

featuree is routinely neglected. If higher education brings more earnings growth this boosts the 
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returnss to education2. Note that p\ measures the average return per school year for s7 years 

off schooling and fi, measures the average return per school year for s0 years of schooling. In 

empiricall earnings functions with dummies for different levels of education, average returns 

forr longer educations are often lower than for shorter education. This depresses the internal 

ratee of return 5. 

Equationn (3.4.) has to be solved numerically for S. If s0=0 or Pi=p3, £will be given by 

thee transcendent equation: 

5-P5-P2 2 

o-po-pA A 

Thee effect of different experience profiles (Jhtfa) can be substantial. Suppose, the return to 

schooll years is 0.065; with equal experience growth terms this would be the internal rate of 

return.. Now, let the experience growth differ by one percent point: 02=0.05 for s0=0 and 

04=0.0604=0.06 for s7=4. Then the internal rate of return 3=0.160, If p2=0.01 for sQ=0 and p4=0.015 

forr Si=4 then the internal rate of return 5=0.114. 

Inn the more general case with different means of the exponential shocks and 

correlationn p between shocks, we can solve from (3.3.) to get: 

ESES E ( X n ^ \ ^ - ^ ^ S - ^ \ (3-6.) 

Thee correlation coefficient does not affect the expected rate of return. With s0=0 or pi=p3 and 

uu00,, Ui normally distributed with means po, pi and variances GQ, a? respectively, the mean of 

thee internal rate of return can be approximated3 by: 

Clearly,, with a0
2=<J-i2 and po=Mi we have equivalence to the standard Mincer world: ES = fi3. If 

ppQQ =p} but <JO2*&I2, then the expected value of the internal rate of return is affected by the 

22 The same point is made by Heekman, Lochner and Taber (1999, p 331). 
33 £ln(exp(jt)) is approximated by ln£(exp(jc)). 
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differencee in the errors variances. In this case, part of the return to education derives from a 

differencee in the stochastic processes. If additional schooling gives access to a wider 

earningss distribution, expected returns go up. 

Wee can approximate4 the variance of the internal rate of return as: 

aa00 +ax -2fxjv<j x (oa<s+<*\  -2po-0CTi _ j \ 

V8~V8~  5 '- (3.8.) 

Thee variance of the rate of return is affected by the sum of the two variances whereas the 

expectationn is affected by the difference in the variances. Positive correlation in the shocks 

reducess the variance and negative correlation increases it. With perfectly positively 

correlatedd shocks and identical variances, the internal rate of return has zero variance: with 

equall shocks for both schooling options, the shocks have become irrelevant. 

3.3.2.. A framewor k for simulatio n 

Iff we add a quadratic experience term, as commonly estimated, and allow for annual shocks 

insteadd of a single lifetime shock, possibly correlated over time, the solution can no longer be 

derivedd analytically. We must then resort to numerical solutions. We will apply the model to 

simulationss for individuals who may leave school after completing high school or continue 

theirr education in college. The earnings functions are: 

iriwiriw HS,tHS,t = P\,msm + fi2,HS{
t-sHs)+ Pxns(t-sHsY +  UHSj (3.9.) 

hwCi,, = fihCsc + J32,c{t-sc) + &c{t~sc)
2 +ucj (3.10.) 

PI,HS,PI,HS, Pi,c are the average rates of return to sHs and sc years of schooling respectively. fe.Hs, 

fansfans and p2,c, p3,c determine the effects of experience and experience squared for an 

individuall with sHs and sc years of schooling respectively. The errors are generated by AR (1) 

processess of the form: 

44 v(ln(exp(x))) is approximated by [E(x)f v(cxp(x)). 
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"HSJ"HSJ = YHSUHSJ-I + tfflS., (3.11) 

«Cj=rc«Cj=rcuuCj-\Cj-\+T+Tlcjlcj  (3.12) 

Wee suppress the individual subscript as we only deal with the perspective of a single 

individual.. We assume that rjt,Hs is i.i.d. N(0, aHS
2) and %c is i.i.d. N(0, <JC

2)- We study the 

casee when rjtiHs and ^ c are uncorrelated at any t, as well as the case when TJIH$ and 

7rCC correlate atpHSC for equal experience t=t and at zero otherwise. 

Thee inter-temporal correlations are given by: 

Py*Hs,i'Py*Hs,i' uHs,t-\ I ~ 7HS 

Itt may seem that with this specification we only allow for transient shocks during working life 

andd not for permanent shocks emanating from effectiveness in school. As in section 3.1., one 

mightt think of a specification with uncertain effectiveness of schooling reflected in a single 

lifetimee shock revealed upon completion of schooling, combined with annual earnings shocks 

(cf.. Chen, 2001). However, only the lifetime shock from one schooling level relative to the 

otherr is relevant. The shocks may be perfectly correlated indicating that the individual would 

doo as well in one education as in the other, as in a model with hierarchical ability. Or they 

mayy be perfectly negatively correlated reflecting perfect comparative advantage: being the 

bestt in one education would concur with being the worst in the other. The essence of such 

casess can be caught in the correlation between annual innovations 77: comparative 

advantagee would be reflected in negative correlation and hierarchical ability in positive 

correlation.. Our specification can therefore describe the options to a large extent. If 

ppHSCHSC=+\=+\ talent is something like a general ability that puts an individual in the same 

performancee rank with every education he pursues, whereas at pHStc=-l two different 

educationss completely reverse the individual's standing. 

Wee consider a working life span T of 40 years, independent of the length of schooling. 

Ann individual record consists of 40 draws of the disturbance term U(,HS, used to predict 

earningss with sHS years of education for fixed values of P),HS (ic{1,2,3}), and 40 draws of the 

disturbancee term ut,c from an alternative distribution with sc years of education, added to 

predictedd earnings from the associated #,c {ie{1,2,3}) for that education. For such an 

individuall record, we solve numerically for the internal rate of return S. This process is 
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repeatedd 100.000 times, with 100.000 new sets of draws for the two earnings profiles. We 

thenn calculate mean and standard error of S from the 100.000 runs. We repeat this for 

severall sets of parameter values. As explained in Appendix 3.A., we rewrote the stochastic 

specificationn for easier computation. 

3.3.3.. Paramete r value s 

Inn Appendix 3.B. we scan the empirical literature for the possible magnitudes of our 

parameters.. For the return to a year of schooling we assume a rate of 0.065 throughout, 

withoutt alternatives. This implies that our benchmark internal rate of return is 0.065, the rate 

thatt would result in a Mincer world. For the experience profile we take a linear term of 0.05 

andd a quadratic term of-.001 as our reference values. As an alternative, we set the quadratic 

termm for high school at -.002, maintaining the college quadratic term at -.001; this means that 

thee decline of earnings growth with experience for college education is half the decline for 

highh schooi education. 

Ourr reading of the evidence indicates that residual earnings standard deviations are 

generallyy between 0.25 and 0.65; we take that as our range of variation, with the basic 

referencee value in the middle: 0.45. In our simulations, we only consider residual variance for 

collegee earnings to be larger than for high school earnings, not smaller. Increasing risk is 

empiricallyy a realistic case and theoretically interesting as it provides a counterweight against 

thee attraction of a fair rate of return. For the persistence term y we use 0.6 as our preferred 

value;; we will allow variation to vary the relative weight of the innovation in the earnings 

process.. We are fairly confident that these are reasonable values, based upon our reading of 

thee empirical literature.5 We are least confident about the correlation across educations, 

simplyy because there is no empirical evidence to guide us, in spite of all the emphasis it gets 

inn the self-selection literature. Willis and Rosen (1979), who started this literature, could not 

identifyy the correlation. Carneiro, Hansen and Heekman (2003) provide probably the first 

empiricall evidence and their results suggest modest positive correlation for college compared 

55 By taking the parameter values as we found them in the literature, without correction for selectivity or 

heterogeneity,, we assume full ignorance on the position in future distributions. If individuals have 

betterr information, their risk will be reduced. This may be reflected in variances near the low end of the 

intervals,, and possibly even lower (as the observed values would be biased). 
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too high-school. We opt for 0.5 as our preferred value, but also consider the extremes of -1 

andd + 1. We set sHs=0 and Sc=4, thus calculating the return to university education after 

completingg high school. 

3.3.4.. Simulatio n result s 

Inn Table 3.4, we compare our analytical approximations for the simplified case (linear 

experiencee profile, single lifetime shock) with simulation results. As the table shows, there is 

aa very small difference between the approximation of E(8) from (3.7.) and the value found in 

thee simulations. The difference results from the finite length of the working life T in the 

simulations,, compared with the assumption of infinite working lifetime in formula (3.7.). The 

resultss bear out that the expected rate of return is sensitive to differences in dispersion 

betweenn alternative educations. £(<5) neatly increases in step with the difference between the 

variances.. Equation (3.8.) suggests that the dispersion in the rate of return is more sensitive 

too the level of earnings dispersions than to the difference in the earnings dispersion. This is 

indeedd what the simulations also show. However, the approximation in (3.8.), based on a 

first-orderr Taylor expansion appears quite crude, and unreliable to indicate the magnitude of 

thee dispersion. 

Tablee 3.4. INTERNAL RATE OF RETURN: ANALYTICA L AND SIMULATED SOLUTIONS 

FORR THE LINEAR PROFILE: fi,Hs=Pi,c=0.065, fi2,Hs=P2,c=0.050, Jh,Hs=fi3,c=0.00 

nis nis 

0.0 0 

0.0 0 

0.0 0 

0.0 0 

0.0 0 

0.0 0 

0.6 6 

re re 

0.0 0 

0.0 0 

0.0 0 

0.0 0 

0.0 0 

0.0 0 

0.6 6 

ÖHS S 

0.25 5 

0.45 5 

0.65 5 

0.25 5 

0.35 5 

0.35 5 

0.45 5 

CTc CTc 

0.25 5 

0.45 5 

0.65 5 

0.65 5 

0.55 5 

0.45 5 

0.45 5 

PHS,C PHS,C 

0.0 0 

0.0 0 

0.0 0 

0.0 0 

0.0 0 

0.0 0 

0.5 5 

ESES {Eq 3.7.) 

0.065 5 

0.065 5 

0.065 5 

0.110 0 

0.087 7 

0.075 5 

0.065 5 

E(S}E(S} sim. 

0.065 5 

0.066 6 

0.068 8 

0.113 3 

0.090 0 

0.072 2 

0.066 6 

ofQQ (Eq 3.8.) 

0.009 9 

0.046 6 

0.050 0 

0.063 3 

0.050 0 

0.033 3 

0.031 1 

ofó)) sim. 

0.008 8 

0.019 9 

0.040 0 

0.032 2 

0.024 4 

0.020 0 

0.015 5 

Notes:: E(S) and o(S) stand for mean and standard deviation of the internal rate of return S. 
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Thee core results are collected in Table 3.5. The first row gives the reference case we 

definedd above: 0.6 persistence, 0.5 cross-education correlation, and identical residual 

correlationss of 0.45. Moving from a risk-less world to stochastic earnings profiles increases 

thee expected rate of return, from 0.065 to 0.071 in our benchmark parameter set, and 

generatess a standard deviation of 0.031, i.e. a coefficient of variation just under 0.5. 

Tablee 3.5. SIMULATION RESULTS 

Pyc Pyc ft,c ft,c A.C C P\,HS P\,HS Pl,HS Pl,HS Pi,HS Pi,HS "c "c CTCT«™ «™ Yc Yc YY HS PHS.C PHS.C E{5) E{5) <r{ö) <r{ö) 

Referenc ee case 

0.065 5 0.05 5 -0.001 1 0.065 5 0.05 5 -0.001 1 0.45 5 0.45 5 0.6 6 0.6 6 0.50 0 0.071 1 0.031 1 

Experienc ee Slope s 

-0.002 2 

0.04 4 

Variance s s 

0.25 5 

0.35 5 

0.55 5 

0.65 5 

0.45 5 

0.45 5 

0.55 5 

0.65 5 

0.25 5 

0.35 5 

0.55 5 

0.65 5 

0.25 5 

0.35 5 

0.45 5 

0.45 5 

0.110 0 

0.099 9 

0.067 7 

0.069 9 

0.075 5 

0.079 9 

0.085 5 

0.079 9 

0.085 5 

0.101 1 

0.031 1 

0.033 3 

0.014 4 

0.022 2 

0.043 3 

0.057 7 

0.028 8 

0.029 9 

0.040 0 

0.051 1 

Persistenc ee over Time 

0.0 0 

0.2 2 

0.4 4 

0.8 8 

0.0 0 

0.0 0 

0.0 0 

0.2 2 

0.4 4 

0.8 8 

0.0 0 

0.2 2 

0.4 4 

0.8 8 

0.2 2 

0.4 4 

0.8 8 

0.0 0 

0.0 0 

0.0 0 

0.067 7 

0.068 8 

0.069 9 

0.074 4 

0.068 8 

0.069 9 

0.078 8 

0.067 7 

0.067 7 

0.063 3 

0.016 6 

0.020 0 

0.025 5 

0.084 4 

0.018 8 

0.021 1 

0.035 5 

0.018 8 

0.020 0 

0.024 4 

Correlatio nn in Alternative s 

-1.00 0 

-0.75 5 

0.081 1 

0.080 0 

0.056 6 

0.054 4 
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-0.50 0 

-0.25 5 

-0.10 0 

0.00 0 

+0.10 0 

+0.25 5 

+0.75 5 

+1.00 0 

0.0788 0.050 

0.0777 0.046 

0.0766 0.044 

0.0755 0.042 

0.0744 0.040 

0.0733 0.037 

0.0699 0.024 

0.0688 0.017 

Note:Note: parameters have the reference value stated in the top row, unless a different value is stated. 

Inn Figure 3.1.a., we have graphed the entire frequency distribution of 100 000 draws. 

Interestingly,, the distribution is skewed to the right, with an elongated upper tail. This feature 

holdss for all the simulations we ran. With individuals generally not only caring for risk but also 

forr skewness, this is an interesting observation (cf. Hartog and Vijverberg, 2002). The degree 

off skewness varies with the parameters. In Figure 3.1.b. we show the case with the most 

skewedd distribution in our parameter set, obtained when we set the coefficient of correlation 

att -1 rather than our reference value of 0.5. 

Figur ee 3.1. The distributio n of interna l rates of retur n if: 

3.11 .a. p = 0.5, (7UHS = (7Uc = 0.45, yHS =yc=  0.6, ftMS = 0hC = 0.065, P2HS = f32C = 0.05, 

A,/** = A,C = -0-001 

-00 1 0 0.1 0 2 0 3 0 4 0.5 0 6 
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3AJ>.p3AJ>.p = -l,aUiB =crUc =QA5,yHS=rc = 0.6, A.„s = A,c = 0-065,02tH5 =/?2,c =0.05, 

A . / / 5=A .cc =-0-001 

00 1 0 2 0 3 0.4 0.5 0.6 

Ass anticipated in equation (3.4.), differences in earnings profiles have a strong effect on 

expectedd returns. A percentage point difference in the linear term boosts the return by almost 

threee percents, cutting the decline in earnings growth for college in half relative to high school 

boostss it by almost four percents, in both cases without noticeable effect on the dispersion. 

Increasingg the standard deviations in both earnings profiles simultaneously has a 

smallerr effect on expected returns than creating a difference between them. If both standard 

deviationss increase by 0.20, from 0.45 to 0.65, the expected return increases by 0.008. If 

collegee standard deviation surpasses high school standard deviation by 0.20, as in the case 

(0.45;; 0.25), returns are 0.014 higher than in the standard case. This reflects the conclusion 

fromm equation (3.7.) that expected returns are sensitive to the difference in variances. Also in 

linee with this approximation we see that increasing the base standard deviation (high school) 

reducess the expected return, while increasing the standard deviation in the extended 

educationn (college) increases the expected return. But the results in the variance panel of 

Tablee 3.4. indicate also that the approximation in equation (3.7.), based on linear profiles and 

infinitee lives, is too simple. At the same variance difference as in the case (0.45; 0.25), the 

casee (0.65; 0.45) generates a much higher expected return, of 0.101 rather than 0.085. This 

bringss out an important result: stochastic properties of earnings profiles have a strong impact 
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onn expected returns. Of course, earnings variances also markedly influence the dispersion of 

thee rate of return. The variance rule brought out in the approximation of equation (3.8.) holds 

upp quite well: the variance of the rate of return increases in the sum of the variances of the 

earningss profiles. In Table 3.4., the standard deviation of the rate of return increases 

monotonicallyy from 0.014 in the case (0.25; 0.25), at a sum of variances of 0.15, to 0.057 in 

thee case (0.65; 0.65), at a sum of 0.85, with the cases of unequal standard deviations 

smoothlyy fitting in. The effect of the earnings dispersions is quite strong: increasing both 

standardd deviations from 0.25 to 0.65 increases the standard deviation of the return more 

thann fourfold. 

Iff correlations over time (persistence y„ ie{HS,C} ) increase jointly, expected returns 

goo up but the dispersion increases non-negligibly. This reflects that although the variance of 

uu is itself unaffected (we constrain it to be constant), the conditional variance (conditional on 

thee past draw) goes up. If we only vary one of the inter-temporal covariances, the dispersion 

off the rate of return increases in either case. But the expected return reacts in opposite 

ways,, increasing with high school correlation but decreasing with college correlation. 

Correlationn across educations has a monotonie effect on expected return and 

dispersion.. Both decline when the correlation increases from -1 to +1. But the effect on 

dispersionn is much stronger than on expected return. Positive correlation dampens stochastic 

differencess and negative correlation widens them. With perfect positive correlation, the 

standardd deviation is about half that in our reference case (correlation 0.5), with perfect 

negativee correlation the standard deviation is almost double that in the reference case. 

Noww let's assess the likely magnitude of risk involved in investing in schooling. In our 

basicc Mincer case the internal rate of return is 0.065, with zero dispersion. In what we 

considerr a realistic case, college education would give access to steeper experience profile 

(earningss growth slope of-0.001 instead of-0.002), annual shocks would have a dispersion 

off 0.45 for both educations, persistence would be 0.60 in both educations and the shocks 

wouldd correlate at 0.50. This would generate an expected rate of return of 0.110, with 

standardd deviation 0.031 (coefficient of variation 0.28). Hence for the case of college versus 

highh school education, we consider a coefficient of variation in the rate of return of about 0.3 

ourr most reasonable guess. But given the uncertainty about parameter values, we have to 

admitt a wide range of possible outcomes. In our simulations, the standard deviation lies 

betweenn 0.014 and 0.084. The lowest value is obtained when the innovations in the earnings 

havee both minimum standard deviation (0.25), the highest value is obtained when the 
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persistencee in both earnings shocks is at the high value of 0.8. In the former case, at the 

lowestt dispersion, the coefficient of variation is 0.2, in the latter case it is 1.14. 

3.4.. Conclusion s 

Ass individuals commonly care not only about the expected return to an investment in 

education,, but also about its risk, we have investigated what the magnitude of this risk may 

be.. The existing literature does not point to a simple universal relation between earnings 

variancee and level of education. Taking (residual) earnings variance by education as an 

indicationn of an individual's ex ante ignorance on her post-school position in an earnings 

distribution,, we cannot say whether continued education increases or decreases "ignorance", 

orr risk. This conclusion has much more relevance than just an empirical description. To the 

extentt that there is a core theory of investment under uncertainty it is based on Levhari and 

Weisss (1974). According to this theory, the effect of uncertainty on investment depends 

cruciallyy on the relationship between earnings variance and schooling length. Remarkably, 

thee theory has not been followed by serious attempts to check the relationship. Our results 

suggestt that the impact of uncertainty is pretty variable. 

Exx post realizations of Mincerian rates of return to education show fairly wide variation 

acrosss countries (up to double or triple in one country relative to another, with coefficient of 

variationn of perhaps 0.5), modest variation over time within countries (with a country's 

maximumm generally not more than a third above it's minimum, in a time series) and 

coefficientt of variation across individuals within a country of perhaps 0.5. To the extent that 

thee results also reflect individual heterogeneity, and individuals are better informed about 

theirr potential, individual risk may be smaller than reflected in these ex post realisations. 

Fromm my simulations of ex ante risk we conclude that a coefficient of variation of 

aboutt 0.3 is a reasonable guess. As the relation between risk and return is at the heart of 

financiall investment theory, we may turn to that literature for some benchmark information. In 

1970,, Fisher and Lorie gave an overview of returns to portfolio's on the New York Stock 

Exchange.. They calculated one-year mean returns and standard deviations for randomly 

selectedd portfolios differing in size. All portfolios had a mean return of 28.2%. But with the 

portfolioo size increasing from 1 to 8 and then further to 32 and 128, the standard deviation 

decreased:: 41.0, 14.4, 7.1, 3.4. With increasing diversification, the coefficient of variation 
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appearss to drop from 1.45 to 0.12. These results suggest that in terms of risk, investment in 

aa college education is similar to investing in the stock market with a portfolio of some 30 

randomlyy selected stocks. We also found that the distribution of the internal rate of return is 

skewedd to the right, with an elongated upper tail. This matches results found by Maier, 

Pfeifferr and Pohlmeier (2004) in their focus on heterogeneity of returns to education. 

Thee standard deviation of the rate of return is quite sensitive to the sum of the 

variancess of the alternative earnings profiles and to the correlation in the shocks. If the 

standardd deviations in the earnings innovations increase from their joint low of 0.25 to their 

jointt high of 0.65, the standard deviation of the rate of return increases fourfold. If the 

correlationn increases from -1 to +1, the standard deviation increases more than threefold. 

Wee have found substantial effects on the expected rate of return. Differences in 

earningss growth rates for different educations can easily bring an extra 4 percent return. 

Whilee obvious, this effect is routinely overlooked. Less obvious, just introducing stochastic 

componentss in earnings profiles has a marked effect on the expected rate of return. When in 

thee risk-less Mincer world the rate of return would be 0.065, in our reference case it has an 

expectedd value of 0.071. With increasing differences in shock distributions between the 

alternatives,, the difference can easily increase to several percentage points. 
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3.. 5. Appendice s to Chapte r 3 

Appendi xx 3 A . The simulatio n procedur e 

Ourr simulation problem is stated for certain values of the variance in errors: <TUHS , 

crcrUcUc,, correlation between errors: pmc, and inter-temporal correlations: yHS, yc. Therefore, 

firstlyy we set the values of these parameters in a vector p = (CTUHS , aUc, PHS,C>YHS>YC)

Givenn this targeted structure, we construct the errors uHS, and uc,, t from 0 to 40, as 

follows: : 

-att time t=0: 

UUffS,0ffS,0 = ^//S.O' UC,0 ~ ^c.o 

wheree ijHSfiJ TJCO are independent, normally distributed N(Qtcr*Hs) and N(0,a*c), 

respectively. . 

-att timet, 1<t<40, 

UUHS,lHS,l ~YHSUHS,t\+rlHS,t \*> 

wheree the innovations r]mi,T)Ct are independent, normally distributed N(0,<rls)and 

N(0,al)N(0,al),, respectively. The variances of the innovations are obtained from 

aa22
HSHS={\-y={\-y22

HSHS)<jl)<jl and &1 = c
 T n e correlation between the errors uHSl and uci 

cann be set by controlling the correlation between the innovations t]HSl,TfCt. In order to do 

this,, the innovations are generated using four scalars X1t X2, A3, A4, and three independent 

randomm variables e1<tl ezt, e3it, normally distributed N(0,<J2
C) , i = l,3, such that: 

r?HS,t=Ai£i,r?HS,t=Ai£i, t+tezt (HI) 

T]C,tT]C,t==^3^3££2.2. &&4£3,t (IV) 
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Takingg variances in (I), (II), (III), and (IV) we write the equations system (we dropped the time 

subscripts): : 

wheree the correlation in innovations, p{nm,r]c), satisfies p{f]HS,t]c)<rHSac =kïkia\ . 

Withh the parameters initially set in the vector p = [aUfjs,aUc,PHS,CTYHS'YC)< w e w a n t t o 

findd the values for aE i e {1,2,3} and A,, j e {1,2,3,4} that satisfy the constraints in equations 

systemm (V). Hence, we have to solve an over-determined equations system that has three 

equationss and seven unknowns A^ Aj, A3, A4, o^, <rSi, aSi. We have to set the four freedom 

degreess (for instance A,, a£i, aEi, oE^) and solve the system for the remaining three 

unknownss (A?, A^ X4). 

Tablee 3.A. Dispersio n Effect s - Weighte d Estimate s of the Residua l Function s for 

Earning s s 

Country y 

US86 6 

US91 1 

US94 4 

US97 7 

USOO O 

CN81 1 

CN87 7 

CN91 1 

Yo Yo 
8.66e+08 8 

(14.17) ) 

1.85e+08 8 

(2.77) ) 

2.23e+09 9 

(24,59) ) 

8.47e+09 9 

(34.77) ) 

5.26e+09 9 

(18.15) ) 

5.73e+08 8 

(28.12) ) 

1.34e+09 9 

(23.68) ) 

-7.54e+08 8 

(-3.03) ) 

Y\ Y\ 
-7.84e+07 7 

(-16.99) ) 

3120766 6 

(0.50) ) 

-2.26e+08 8 

(-27.74) ) 

-9.52e+08 8 

(-43.16) ) 

-9.24e+08 8 

(-44.25) ) 

-4.36e+07 7 

(-30.66) ) 

-9.39e+07 7 

(-30.63) ) 

1.19e+08 8 

(6.12) ) 

r2 2 
3099869 9 

(23.10) ) 

199437.5 5 

(1.04) ) 

5318958 8 

(20.94) ) 

2.58e+07 7 

(36.92) ) 

2.91e+07 7 

(47.47) ) 

1090233 3 

(24.40) ) 

2533197 7 

(29.12) ) 

-2031871 1 

(-3.58) ) 

Y3 Y3 

1020410 0 

(13.51) ) 

704458.3 3 

(8,89) ) 

4616731 1 

(42.73) ) 

1.26e+07 7 

(42.80) ) 

1,29e+07 7 

(33.47) ) 

661901.8 8 

(31.11) ) 

1674272 2 

(29.88) ) 

-1380569 9 

(-4.89) ) 

YA YA 

-3.011 e+07 

(-12.79) ) 

-1.95e+07 7 

(-8.94) ) 

-6.45e+07 7 

(-21.53) ) 

-1.86e+08 8 

(-23.06) ) 

-6.57e+07 7 

(-5.92) ) 

-1.80e+07 7 

(-21.92) ) 

-5.25e+07 7 

(-21.02) ) 

-1.018+07 7 

(-1.11) ) 

Y5 Y5 

292901.2 2 

(11.03) ) 

214420 0 

(8.80) ) 

209882.2 2 

(6.33) ) 

662654.6 6 

(7.45) ) 

-718736.2 2 

(-5.65) ) 

166689.8 8 

(18.27) ) 

534995.3 3 

(18.44) ) 

714266.2 2 

(7.15) ) 
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CN94 4 

CNOO O 

AS85 5 

AS89 9 

AS94 4 

FI87 7 

FI91 1 

FI95 5 

NL91 1 

NL94 4 

NL99 9 

GE94 4 

GEOO O 

IT87 7 

IT89 9 

IT95 5 

ITOO O 

1.75e+09 9 

(9.37) ) 

2.97e+09 9 

(5.83) ) 

2.08e+08 8 

(2.30) ) 

1.54e+09 9 

(17.27) ) 

-4.40e+08 8 

(-1.52) ) 

-5.23e+09 9 

(-10.59) ) 

1.14e+10 0 

(13.85) ) 

8.38e+09 9 

(11.10) ) 

4.88e+09 9 

(17.66) ) 

2.12e+09 9 

(14.52) ) 

3.20e+09 9 

(12.41) ) 

6.03e+09 9 

(13.66) ) 

4.15e+08 8 

(0.63) ) 

4.34e+08 8 

(32.52) ) 

2.69e+08 8 

(25.68) ) 

8.85e+08 8 

(29.82) ) 

1.72e+09 9 

(30.38) ) 

-5.211 e+08 

(-30.47) ) 

-6.58e+08 8 

(-17.52) ) 

-1.85e+07 7 

(-1.52) ) 

-1.73e+08 8 

(-18.86) ) 

-5.78e+07 7 

(-2.87) ) 

-4.51e+08 8 

(-24.23) ) 

-1.53e+09 9 

(-47.82) ) 

-8.19e+08 8 

(-24.38) ) 

-4.34e+08 8 

(-16.62) ) 

-1.54e+08 8 

(-13.71) ) 

-2.15e+08 8 

(-13.15) ) 

-3.98e+08 8 

(-7.91) ) 

-2.89e+08 8 

(-4.03) ) 

-3.57e+07 7 

(-39.67) ) 

-2.92e+07 7 

(-42.00) ) 

-8.59e+07 7 

(-39.05) ) 

-1.13e+08 8 

(-29.47) ) 

2.23e+07 7 

(42.84) ) 

1.72e+07 7 

(18.28) ) 

-159293.2 2 

(-0.35) ) 

5780681 1 

(19.79) ) 

1653038 8 

(2.20) ) 

2.35e+07 7 

(30.34) ) 

5.97e+07 7 

(49.67) ) 

1.96e+07 7 

(20.43) ) 

6235962 2 

(7.69) ) 

3686632 2 

(10.25) ) 

3174648 8 

(6.81) ) 

5390255 5 

(3.23) ) 

8347703 3 

(3.55) ) 

721516.6 6 

(28.20) ) 

742809.8 8 

(35.30) ) 

2307027 7 

(32.89) ) 

1770733 3 

(15.57) ) 

1880721 1 

(8.64) ) 

1.07e+07 7 

(17.87) ) 

851665.6 6 

(9.63) ) 

1260282 2 

(12.32) ) 

1392873 3 

(4.44) ) 

9407692 2 

(23.54) ) 

2.85e+07 7 

(42.19) ) 

2.211 e+07 

(32.27) ) 

9257964 4 

(27.88) ) 

2824145 5 

(16.42) ) 

5622483 3 

(19.76) ) 

1.01e+07 7 

(20.16) ) 

6991867 7 

(9.13) ) 

706170 0 

(47.45) ) 

533656.8 8 

(47.27) ) 

1290296 6 

(38.09) ) 

2495818 8 

(40.83) ) 

4.68e+07 7 

(7.79) ) 

5428072 2 

(0.31) ) 

-7050351 1 

(-3.53) ) 

-2.711 e+07 

(-9.97) ) 

3.65e+07 7 

(2.73) ) 

2.86e+08 8 

(11.48) ) 

-5.411 e+08 

(-13.21) ) 

-3.611 e+08 

(-9.71) ) 

-1.53e+08 8 

(-17.02) ) 

-8.40e+07 7 

(-14.17) ) 

-1.44e+08 8 

(-13.46) ) 

-2.23e+08 8 

(-19.08) ) 

1.45e+07 7 

(0.80) ) 

-1.60e+07 7 

(-27.32) ) 

-8717107 7 

(-19.40) ) 

-2.79e+07 7 

(-22.08) ) 

-6.92e+07 7 

(-29.14) ) 

-804077.8 8 

(-12.74) ) 

-1431314 4 

(-7.71) ) 

-5986.757 7 

(-0.28) ) 

169961.7 7 

(5.76) ) 

-487864.5 5 

(-2.98) ) 

-3760397 7 

(-12.06) ) 

6147733 3 

(12.10) ) 

3692796 6 

(8.03) ) 

892638.7 7 

(9.08) ) 

952670 0 

(13.53) ) 

1533987 7 

(12.56) ) 

1456048 8 

(11.14) ) 

-897720.7 7 

(-4.38) ) 

147986.9 9 

(21.81) ) 

71329.76 6 

(13.79) ) 

235609.5 5 

(15.79) ) 

665573.8 8 

(24.43) ) 

t-valuess in parenthesis. 
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Appendi xx 3.B. Paramete r value s fo r the simulation s 

Wee have scanned the literature for our key parameters, with the aim of selecting parameter 

valuess in a representative range. In no way have we aimed for a complete review of the 

empiricall literature. 

Ratess of return s to schoolin g and experienc e 

Thee Mincer parameters have been documented very often. Estimates of rates of 

returnn to education have been controversial because they are based on ex-post realizations 

andd need not reflect structural parameters necessary for correct predictions. They are subject 

too selectivity effects from individuals' schooling choices. However, it is not inconceivable that 

individualss deciding on extending or not their education use uncorrected, biased estimates 

simplyy because they do not have more information than a researcher. A meta-analysis based 

onn the collected OLS estimated rates of return to schooling from the PURE project and 

supplementedd by a number of findings for the USA points to a range for return to schooling 

fromm 4.5% to 9.5% with an average return of 6.5%. We take this as our base value. We note 

thatt it is lower than the value reported by Card {1995, 1999), ranging from 8 to 13 percent, 

butt in fact the base return is not very essential to our results. 

Usingg dummies for educational levels and accounting for the number of years usually 

requiredd for completing a degree at each particular level is a way of comparing the returns to 

differentt educational levels. Obviously, the outcome varies considerably depending on the 

numberr of years assigned to each educational level. The PURE project (Table 4.5 page 76) 

reportss for Finish men a rate of return to one year of upper secondary school at 0.071 and to 

onee year of college at 0.059. Chen (2001, Table 7, page 32) presents marginal returns to 

yearss of schooling of about 4.5% for two-year college and 6.5% for four-year college 

educationn respectively. Thus, we have conflicting evidence on returns as a function of length 

off education. 

Experiencee in Mincer specifications is seldom directly measured in typical data sets 

andd is often proxied by age minus the age of leaving school. We read the male average 

valuee of the experience coefficient to be 0.05 and the experience squared coefficient -0.001. 

Thee steeper experience/age profile for the higher educated is well documented (Heekman, 

Lochnerr and Todd, 2003; Brunello and Comi, 2004, Chen, 2001). 
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Parameter ss in the erro r structur e 

Whenn the log of earnings is the dependent variable, the estimated standard deviation 

off the residual usually lies in the interval (0.25, 0.65). This assertion is based on a causal 

inspectionn of empirical earnings functions studies, including Blomquist (1976), Fagerlind 

(1975),, Hause (1972) and Mincer (1974). 

Comparingg characteristics of college graduates and high-school graduates, Chen 

(2001,, Table 3, page 28) shows that the college graduates in her sample have 10% higher 

standardd errors in average real hourly wage. Becker (1964, 1993) and Chen (2001) use the 

coefficientss of variation in earnings to measure earnings uncertainty for those who attended 

collegee vs. those who did not. Both find that four-year college graduates exceed high-school 

graduatess in terms of variation in earnings. Chen (2001) defines risk for a given schooling 

choicee as the variance in permanent and transitory shocks conditional on schooling, 

individuall characteristics and scholastic ability. The time invariant individual effect represents 

thee permanent shock whose variance is adjusted for selection bias. With this method Chen 

findss the risk, i.e. the variance of log earnings conditional on individual characteristics, of 

0.3855 for high-school graduates and of 0.449 for college graduates (Table 8 page 33). For 

otherr results on earnings variance in relation to schooling length, I refer to Table 3. 

Iff the shocks of alternative educations' paths are not independent we have to assume 

unrestrictedd covariances among the unobservable. As Willis and Rosen (1979) noted, there 

mayy be negative covariance among talent components. Plumbers (high-school graduates at 

most)) may have very limited potential as highly schooled lawyers, but by the same reasoning 

lawyerss may have much lower potential as plumbers. This contrasts with single factor 

specificationss (IQ) in the literature that assume that the best lawyers would also be the best 

plumberss and would imply strictly hierarchical sorting in the absence of financial constraints. 

Inn effect an IQ ability model constrains to large positive covariances in the unobserved ability 

components.. Willis and Rosen only speculate on these matters: they cannot identify the 

relevantt parameters. 

Hausee (1980) assumes that the covariance matrix of log earnings time series is 

composedd of an individual-specific parameter related to the amount of "on-the-job training" 

receivedd and of a variance component generated by a non-stationary AR(1) process with 

timee varying autoregressive parameters (uu=fi-iUj,t.i+£jtt), and innovations independent across 

periodss and individuals, with time varying variances ot. Hause obtains estimates of the 

variancee of individual earnings profiles over six years for a sample of young Swedish males 

inn their twenties with elementary and intermediate school education. Hause omits the "On-

the-jobb training" structure and finds (Table I, model 4, page 1023) a model that still fits the 
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dataa fairly well. He finds an average AR parameter of 0.63 (asymptotic standard error 0.4) 

andd an average innovation variance of 0.045 {asymptotic standard error 0.4). 

Lillardd and Weiss (1979) provide a parameterization of an earnings function that 

incorporatess three distinct aspects of the residual covariance structure over time: individual 

differencess in the level of earnings, individual differences in the growth of earnings and 

transitoryy but serially correlated differences. The sample only contains highly educated 

individuals:: a few categories of American scientists. The parameter estimates are quite 

stablee across different scientific fields with an average / o f 0.52 and an average u\ of 

0.0072.Theyy find that the residual log earnings variance of chemistry scientists varies from 

0.0422 to 0.067. Maximum likelihood estimates of the residual covariance structure for 

chemistss include y=0A3 and o\ =0.0191 (Table II, page 444). For the same category of 

scientistss they ignore the variance components in growth and level and obtain y=0.88 and 

(71=0.0133. (71=0.0133. 

Carneiro,, Hansen and Heekman (2003) have developed a model that identifies the 

counterfactuall distribution of outcomes for "treated" and "non-treated" individuals. They apply 

thee model to the decision to attend college or not. In their Table 8, they give the earnings 

decilee probabilities for college attendance conditional on earnings decile for high school 

attendance.. Probabilities are fairly concentrated along the main diagonal, which motivates 

ourr choice of a reference value for the disturbance correlation coefficient between high 

schooll and college of 0.5. 


