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1 INTRODUCTION 1

1 Introduction

The primary financial risk faced by many people is labor earnings risk, which varies across

occupations. At the same time, individuals differ in their appetite for risk, suggesting that it

may affect occupational choice. Indeed, we find that individuals with greater stated willingness

to take risks work in occupations with higher cross-sectional wage dispersion.

Through their effect on occupational choice, risk preferences influence agents’ utility at the

individual level as well as overall efficiency. Particularly in light of a shrinking labor force and

shortage of skilled labor in many Western countries, it appears imperative to study the drivers of

educational and occupational choice. Workforce composition will be affected by risk attitudes,

the value of which, in turn, may vary across occupations.

We rely on two separate data sets. The German Socio-Economic Panel (SOEP) provides us

with survey information on risk preferences and other individual and household characteristics.

The IAB Employment Sample (IABS) contains administrative wage data collected for social

security purposes, which we use to estimate human capital models and compute statistics for

wage dispersion within occupations; due to right-censoring of wages, we follow a three-step

censored quantile regression approach (Chernozhukov and Hong, 2002). After estimating risk

profiles of occupations on the IABS data, we match them to individuals in the SOEP working

in these occupations, and analyze the relationship of wage dispersion and individuals’ stated

willingness to take risks on an eleven-point scale.

In contrast to the main previous work (Bonin et al., 2007), the IABS offers much greater

sample size, such that we are able to work with more precise occupation definitions and reduce

the impact of aggregation on variation. Furthermore, we use a new method to estimate disper-

sion, which is based on group coefficient estimates at different quantiles rather than residuals.

We thereby circumvent working with censored residuals, which frequently requires parametric

assumptions. Our semiparametric approach is generally distribution-free and not only admits,

but also allows to estimate, differential patterns of dispersion across occupations. This stands in

marked contrast to the popular Tobit estimator, which assumes normality and homoskedasticity,

the latter of which is at odds with the principal aim of our analysis.

The organization of the paper is as follows. Section 2 provides a detailed introduction

to the literature on the labor market impact of risk preferences, with a particular emphasis

on occupational sorting. The two data sets, SOEP and IABS, are described in section 3.
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Section 4 discusses estimation of wage regressions on censored data, focusing on semiparametric

methods. A new method to estimate dispersion, which we consider particularly suited in the

present context, is introduced in section 5. We apply this method to obtain the main results

on cross-sectional risk in section 6. Some extensions, such as domain-specific risk and panel

estimation, are presented in section 7, while section 8 concludes.

2 Literature on risk and sorting

An early investigation of heterogeneity in risk preferences and occupational sorting can be found

in Bellante and Link (1981), who consider the choice between private sector and public sector

employment. The authors model this choice in a probit framework, using data from the Panel

Study of Income Dynamics (PSID) including a measure of risk aversion based on the quality

and insurance of cars owned, the use of seat belts, the extent of medical coverage, and drinking

and smoking habits.1 They find that a high degree of risk aversion significantly increases

the probability of public sector employment. While their analysis does not consider the relative

riskiness of professions, the authors refer to previous findings which suggest that the probability

of unemployment is much lower in the public than in the private sector. Pfeifer (2011) uses

SOEP data to find that a greater stated willingness to take risks significantly decreases the

probability of public sector employment; the effect is stronger for willingness to take risks in a

career context than for general willingness. In his own data based on a student questionnaire,

the author additionally elicits preferences for employment security, and finds that this measure

has an even stronger effect than both general and career-related risk preferences.2 Guiso and

Paiella (2005) analyze the same question using data from the Bank of Italy Survey of Household

Income and Wealth (SHIW); they infer a measure of absolute risk aversion from individuals’

willingness to pay for a hypothetical security. Similar to Bellante and Link, they estimate a

1This revealed preference approach uses actual choices taken under constraints; hence, these do not only
reflect preferences, as noted by Bellante and Link (1981). If the constraints and the dependent variable are
correlated, this form of measurement may induce an endogeneity problem. For instance, medical coverage may
be cheaper or easier to obtain for public sector employees.

2This effect, however, might partially stem from the questionnaire design, as the author alerts participants
to the difference in unemployment risk between the public and private sector in his description of the job options
available to respondents (“framing”). Furthermore, it is not clear whether the elicitation of preferences for
employment security is valid; it is certainly not incentive-compatible. Validation is possible only if one shifts the
focus of analysis and views the sorting decision into public sector employment as evidence for validity. For all
of the analyses discussed, it is necessary to view risk preferences as given and validly measured; in some cases,
they are inferred from real investment decisions or actual/hypothetical lotteries and have immediate economic
content. Elsewhere, as in the SOEP, willingness to take risks is directly asked for; the validity of this SOEP
measure is discussed in section 3.1.2.
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probit model and find that a higher degree of risk aversion significantly increases the probability

of public sector employment.

Fuchs-Schündeln and Schündeln (2005) exploit the low degree of risk exposure in the public

sector to compare wealth holdings of East German households, for whom they argue the choice

of occupation and earnings risk exposure to be independent of risk preferences,3 and of West

German households, for whom the choice of occupation cannot be assumed to be independent

of risk preferences. They find that precautionary wealth holdings in the West are much lower

than in the East, which they link to self-selection of more risk-averse individuals into less risky

occupations in the West.

In addition to their results on private and public sector employment, Guiso and Paiella

find that an increase in risk aversion significantly lowers the probability of self-employment.

This is in line with the results of Cramer et al. (2002), who find that individuals in the Dutch

“Brabant” survey with a high reservation price for a hypothetical lottery are much more likely

to be self-employed; for measures of relative and absolute risk aversion constructed from the

reservation price, this probability is decreasing in the degree of aversion. As self-employment

is typically viewed as more economically risky, this confirms expectations; furthermore, it is in

line with the theory of entrepreneurship put forward by Kihlstrom and Laffont (1979), who view

self-employment as a risky investment. However, Cramer et al. point out an important problem:

Since their elicitation of risk preferences occurred long after the decision on self-employment for

the individuals in their sample, possible endogeneity of risk preferences makes any interpretation

of causality difficult. Specifically, the experience of self-employment and its connected risks may

have had a moderating effect on risk aversion. Ekelund et al. (2005) find that more risk-averse

individuals in the Northern Finland 1966 Birth Cohort Study are significantly less likely to

be self-employed; since they use a psychology measure, harm avoidance, which develops well

before adulthood and is stable from thereon, they give a causal interpretation to their results.

On data from the Health and Retirement Study (HRS), Barsky et al. (1997) investigate the

predictive power of survey responses to hypothetical future income gambles for selection into

self-employment; the relationship is of the expected direction, though very noisy. Beauchamp

et al. (2011) analyze data from the Swedish Screening Across the Lifespan Twin (SALT) study,

3The authors use the German reunification as a natural experiment. Since labor income risk was largely
absent in the GDR, they argue that risk preferences (at least with respect to financial risk) did not play a role in
individuals’ initial sorting decisions in the GDR. After reunification, certain occupations remained in the public
sector with little exposure to income or unemployment risk, while individuals in other occupations were suddenly
exposed to income risk.
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and find that a risk question in the spirit of that in the HRS is strongly correlated with the

probability of having owned a business. Caliendo et al. (2009) as well as Dohmen et al. (2011b)

consider stated willingness to take risks in SOEP data and find that individuals with lower

degrees of risk aversion are significantly more likely to start a business; however, this only holds

for those coming out of dependent employment, and not unemployment or other inactivity.

Hartog et al. (2002) use three different Dutch data sets (including the “Brabant” data), and

find evidence suggesting that the self-employed are significantly less risk averse, while public

sector employees are significantly more risk averse.4

Applying an ordered generalized extreme value model on data from the UK Family Ex-

penditure Survey (FES), Brown et al. (2006) analyze the choice between not only fixed-wage

contracts and self-employment, but also performance-related pay with an intermediate degree

of earnings risk. They find that more risk tolerant individuals, as measured by proxies for risky

behavior (expenditures on gambling, smoking and alcohol on the one hand and insurance on

the other hand), are more likely to select into the two more risky income settings, the denizens

of which are rather similar in their risk-taking characteristics. Using privately collected Italian

data including the HRS income gamble question, Di Mauro and Musumeci (forthcoming) ob-

tain the same results regarding the risk preferences of individuals in fixed and variable income

employment.

Somewhat startingly, Brunello (2002) uses the same SHIW data as Guiso and Paiella, but

comes to very different conclusions:5 In a probit model, he finds that risk aversion does not

affect the probability of public sector employment at conventional significance levels. It is

notable that while both papers use the same survey question to infer absolute risk aversion,

their interpretation of the lottery implied by this question is different.6 Furthermore, due to

the different nature of their studies, Brunello partials out the effects of financial wealth from

his measure of risk aversion, whereas Guiso and Paiella control for financial background in

their later regressions. While it is unclear whether these differences are solely responsible for

the disparity in results, they nonetheless highlight the difficulty in unambiguously eliciting risk

aversion, even just of the financial kind. Brunello additionally fits a multinomial logit model for

4Not all results hold true for all data sets, but Hartog et al. provide possible explanations.
5Brunello uses risk aversion as an instrument for schooling to estimate the returns to education. For this,

he needs to show that risk aversion does not affect income through the channel of occupational sorting. I will
discuss several additional points which call into question the validity of Brunello’s exogeneity assumption.

6Both interpretations, however, imply a degree of absolute risk aversion which is decreasing in the reservation
price stated, although the curvature of the transformations is different.
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selection into one of ten categories constructed as blue collar workers as well as white collar and

managerial employees in each of the industrial, service, and public sectors plus school teachers

in the public sector; as before, absolute risk aversion is insignificant at conventional levels.

Of course, individuals do not only choose between dependent employment and entrepreneur-

ship or the private and the public sector; they also choose particular occupations. Saks and

Shore (2005) consider a multinomial logit model for the choice between college majors leading

into eight different types of occupations.7 They take major and other student characteristics

from the National Postsecondary Student Aid Survey (NPSAS); in addition to some standard

controls, this survey also contains information on the wealth of students’ parents. The authors

show that under decreasing absolute risk aversion utility, individuals with greater wealth should

opt for majors associated with riskier occupations. To infer the riskiness of occupations, they

estimate the variation left unexplained by human capital models per occupation. They do so in

a cross-sectional framework using data from the Baccalaureate & Beyond (B&B) survey, and in

a panel setting using PSID data; in the latter specification, the authors can control for unob-

served heterogeneity.8 For each of the eight different fields, Saks and Shore estimate the change

in the entrance probability resulting from an increase in wealth and find that those majors

which tend to be chosen more frequently at higher levels of wealth are associated with greater

occupational earnings risk. This confirms the results of the early analysis of King (1974), who

finds that individuals from wealthier families work in occupations with greater income variance,

as measured within age-cohort groups. Caner and Okten (2010) carry out a similar analysis for

Turkish university entrance exam data (OSS): Students with higher family income or from a

family of entrepreneurs are significantly more likely to choose majors perceived as risky; how-

ever, the authors cannot estimate the riskiness of occupations, but only reason by their share

of public sector employment. Le et al. (2011a) use the Australian Twin Study of Gambling

containing a measure of risk attitude similar to the stated willingness to take risks in the SOEP,

and estimate a multinomial logit model to find a predictive effect on employment in occupation

categories.

The above analyses generally do not consider sorting into occupations, but rather categories

of occupation, or, even broader, the choice between dependent employment and entrepreneur-

7The types are teachers, healthcare workers, computer workers, engineers, math/science workers, sales people,
managers, and entertainers.

8Individual-level effects are relevant to this kind of analysis if their variance systematically differs by occu-
pation, and if they are (partially) known to individuals when choosing an education/occupation.
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ship. Since, depending on the level of aggregation, common occupational classifications fre-

quently consist of more than a hundred different occupations, it is often not feasible to estimate

this choice using a categorical model. Moreover, a mere assignment to occupations does not

reveal the motive of risk-based sorting; not only is occupational risk multidimensional (earnings,

unemployment, health, etc.), but there may also be unobservable factors, which are rather hard

to make out if the relevant risk is not tractable in the first place. However, if it is possible to

compute explicit measures for the riskiness of occupations, one can estimate the relationship

between an individual’s degree of risk aversion and the riskiness of his or her occupation. This

is the approach taken in Bonin et al. (2007) and Fouarge et al. (2011) as well as in this paper;

a detailed description of the approach will be given in the relevant sections. In all cases, a hu-

man capital model for wages is fitted; the former two papers use the dispersion of the residuals

within a particular occupation as a measure of riskiness. Bonin et al. infer both risk preferences

and riskiness of occupations from responses to questions in the SOEP; individuals are asked

to state their general willingness to take risks on a scale and to report their gross monthly

income. As expected, individuals who are more willing to take risks work in occupations which

are significantly more risky as measured by the dispersion of earnings. Fouarge et al. consider

Dutch secondary-school graduates who participated in the ROA School Leavers Survey, which

contained the same question on general willingness to take risks as well as information on the

graduates’ initial jobs. Unlike Bonin et al., they use a separate data set, the Dutch Labor

Force Survey, to infer the riskiness of occupations. As risk preferences are elicited around the

point of entering the labor force, potential endogeneity problems resulting from exposure to

particular occupation characteristics are reduced.9 It is found that one year after the initial

survey round, individuals with high willingness to take risks are indeed employed in more risky

occupations,10 with respect to not only earnings dispersion, but also cyclical sensitivity and

unemployment risk. Furthermore, individuals who are initially poorly matched with respect to

their preferences and the characteristics of their job are significantly more likely to switch to a

more fitting job. Findeisen (2010) exploits the longitudinal dimension of the SOEP to estimate

both transitory and permanent income risk within occupations; he finds that more risk tolerant

9Individuals’ risk preferences are not elicited exactly when they enter the labor market, but slightly later.
Furthermore, the occupation-specific risk may affect graduates’ risk preferences even before entry; this may occur
due to actual exposure in the process of applying for jobs, but even on a “softer” level, while students survey
career opportunities and mentally settle into particular roles.

10In addition, patient individuals tend to be employed in occupations with steeper wage growth, which may
be thought of as delayed compensation.



2 LITERATURE ON RISK AND SORTING 7

individuals — measured by an imputed coefficient of constant relative risk aversion (CRRA)

— are employed in occupations with greater income risk of both transitory and permanent

nature. While in a welfare model, heterogeneous risk preferences indeed yield a better fit than a

representative-agent specification, a counterfactual experiment eliminating uninsurable income

risk suggests only a minor effect of risk on occupational sorting.

Isphording (2010) replicates the cross-sectional results of Bonin et al. linking occupational

choice and risk attitudes in the SOEP to earnings variability computed on German microcensus

data. Using a finer level of occupational coding than Bonin et al., he finds effects about three

times as large. On the other hand, in a panel specification of occupational choice based on

cross-sectional earnings risk and including Mundlak terms, he finds that effects are no longer

significant. However, we argue in section 3.1.2 that this interpretation may very well be flawed.

In their multinomial model, Le et al. additionally consider a grouping of occupations according

to the cross-sectional standard deviation of earnings estimated following the approach of Bonin

et al.. They do not arrive at any clear results, and argue that other factors, such as masculinity

or femininity of occupations, are more relevant for risky decisions. On the other hand, this

grouping of otherwise possibly very dissimilar occupations may distort the relationship of other,

perhaps more forceful, factors, such that the effect of risk tolerance cannot be validly estimated

either. While not reported in their paper, the earnings measure of their data set, the Australian

Twin Study of Gambling, is in categorial form according to income brackets, which will reduce

the precision of the variance estimates.11

As part of an analysis of risk sharing, Schulhofer-Wohl (2009) uses responses to the HRS

risk question to relate them to the amount of income risk experienced by individuals. To

estimate the latter, he uses social security earnings records contained in the HRS; due to top-

coding of wages, a Tobit model is employed.12 Schulhofer-Wohl classifies individuals into a

low and a high risk tolerance group and finds that the latter carry significantly more of both

aggregrate risk (sensitivity to aggregate shocks, cyclicality) and idiosyncratic risk. He points

out that since individuals are interviewed late in life, risk preferences may have adjusted to

the fluctuations experienced. For a variation of the HRS risk question included in the 1998

11The same is true for the microcensus data considered by Isphording, which suffers from the additional
complication that total rather than labor income alone is reported.

12Schulhofer-Wohl estimates a panel Tobit model, in which he allows heteroskedasticity at the cross-sectional
though not longitudinal level. The normality assumption remains crucial, particularly in light of the high degree
of censoring and its volatility over time (“30 to 60 percent of observations on prime-age male workers are censored
in each year”, Schulhofer-Wohl, 2009, p. 10); these points will be intensively discussed at a general level in section
4.2.
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wave, Sahm (2008, p. 18) finds that among individuals without prior unemployment spell,

those who will experience future unemployment are significantly more risk tolerant, suggesting

that “high risk tolerance types have systematically chosen riskier careers with a higher chance

of displacement.” Guiso et al. (2002) use expectations on income risk and unemployment from

the SHIW and find that risk aversion is negatively correlated with the variance of expected

income, though not earnings; expected income, here, is calculated given expected earnings from

employment, subjective probability of unemployment, and the replacement rate (unemployment

benefits).

Several empirical studies document compensation for wage dispersion; Hartog (2009) pro-

vides an overview and formally derives a risk-augmented Mincer equation. More subtly and

closer to our analysis, groups of individuals might demand different levels of compensation

based on their risk aversion. Since women are frequently found to be more risk averse than

men (e.g., Barsky et al., 1997; Borghans et al., 2009; Dohmen et al., 2011b),13 one may ex-

pect them to receive higher compensation. Feinberg (1981), however, finds that women receive

significantly lower compensation for intertemporal variance than men; in the cross section, the

evidence is mixed, from lower or no compensation at all for women (Hartog and Vijverberg,

2007; Berkhout et al., 2010) to equal or even higher compensation (McGoldrick, 1995; Hartog

et al., 2003). Similarly, for a given level of risk, public sector workers would be expected to

receive higher compensation; however, Berkhout et al. (2010) report evidence of the opposite.

More specifically, there are several ways in which risk preferences may directly correlate

with wages. Risk tolerant individuals may sort into (economically) riskier jobs and be rewarded

with a risk premium. Leigh (1981) predicts that less risk-averse individuals will work in occupa-

tions with higher mean wage and variance; he estimates an employment frontier of occupation-

specific mean-variance profiles on the PSID and finds a generally positive relationship of mean

and variance. Less risk-averse individuals may also more frequently work in occupations with

greater health or mortality risk and receive a compensating wage differential. In addition, it

is conceivable that risk aversion, or tolerance, is a productive trait itself.14,15 Taking a differ-

13The support for this argument is often stronger in the field than for experimental data. See Eckel and
Grossman (2008) for a survey.

14The sign of the effect is not entirely clear and may differ by occupation. While in commercial or managerial
careers, a higher propensity to take risks may be rewarded, greater conservatism may be desirable in flight safety
officers.

15It should be clear to the reader at this point that the estimation of causal effects of risk tolerance on earnings
is subject to possibly severe endogeneity problems due to sorting and, as will be discussed below, correlation of
risk tolerance and ability; in addition, an interaction of the two factors appears likely. Le et al. (2011b, pp.
558-59, table 3) find an “effect” of risk tolerance on earnings almost twice that of Bonin et al. (2007, p. 930,
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ent perspective on wage determination, job-search theory expects more risk-averse individuals

to have a lower reservation wage, resulting in a lower mean wage (Pissarides, 1974; Cox and

Oaxaca, 1989).16,17

If higher education itself is considered risky, this may act as another channel, affecting both

first and second moment of the conditional wage distribution. As yet, studies on the relation-

ship of risk aversion and schooling have not led to a consensus, but rather made conflicting

predictions; while education may be considered a risky investment (Levhari and Weiss, 1974), it

may also shield against unemployment (Mincer, 1991; Nickell and Bell, 1996).18 Instrumenting

schooling attainment by risk aversion, Brunello’s first-stage regression yields a significant neg-

ative relationship between risk aversion and years of education for Italian SHIW data. Using

the slightly different measure of absolute risk aversion of Guiso and Paiella, Belzil and Leonardi

(2007) fit a reduced-form dynamic discrete choice model, which predicts that school continu-

ation probabilities decrease with risk aversion at low grade levels, but increase at high levels.

However, risk attitudes only explain a modest portion of these probabilities. For the same risk

measure, Belzil and Leonardi (2009) incorporate endogeneity of risk aversion and wealth and

find a large negative effect of risk aversion on the probability of entering higher education upon

completing high school. Belzil and Hansen (2004) assume heterogeneous abilities but homoge-

neous risk attitudes and estimate a dynamic programming model on data from the National

Longitudinal Survey of Youth (NLSY). They find that wage and employment rate dispersion

are decreasing with schooling attainments, and that a counterfactual increase in risk aversion

will raise (mean) schooling attainments. Chen (2008) presents an empirical framework for es-

timating wage variance in the presence of selection bias and unobserved heterogeneity, which

she implements on NLSY data. She finds a (hump-shaped) effect of education on wage uncer-

tainty, increasing at college entry, but subsiding at completion. While the initial effect may

deter risk-averse agents, uncertainty may also reflect an expanded choice set (Weisbrod, 1962).

Shaw (1996) estimates a joint model of the investment in financial wealth and human capital

on data from the Survey of Consumer Finances (SCF). Using CRRA coefficients inferred from

table 1), but unlike the latter, they do not control for occupation.
16With respect to the dispersion of earnings, Pissarides shows that the range of incomes can actually be greater

for a more risk-averse society, which contradicts the conjecture of Friedman (1953).
17Feinberg (1977) hypothesizes that (1) the expected duration of unemployment is increasing in the variance

of potential wage offers, (2) a more risk-averse individual will have a shorter expected duration of unemployment;
estimation of a reduced-form equation on PSID data yields supporting results.

18See also Guiso et al., who document that subjective unemployment risk, i.e., the expectation of the proba-
bility of unemployment, is decreasing in education. Risk attitudes, on the other hand, do no significantly affect
subjective unemployment risk.
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individuals’ investment allocation — thus assuming stable risk preferences across domains —

she finds that investment in schooling is decreasing in risk aversion and leads to higher wage

growth; as a by-product, more risk tolerant individuals are estimated to experience greater wage

fluctuations and variability in wage growth. Shaw (1996, p. 647) suggests that “risk taking is in

part an ability to comprehend uncertain outcomes and to make intelligent decisions regarding

them.”

Related to this, a correlation between risk attitudes and (typically) unobserved individual

ability has been suggested; Benjamin et al. (2006), Dohmen et al. (2010), and Beauchamp et al.

(2011) present evidence for a negative relationship between risk aversion and cognitive ability

for a variety of risk measures and data sets. More risk tolerant individuals may therefore select

into occupations offering more meritocratic compensation schemes on the basis of their superior

cognitive skills. However, not everyone within an occupation can end up in the upper regions

of the distribution, so this really necessitates a first-order location rather than just a pure scale

shift to compensate the (potential) “losers” and entice sufficiently many of them to sort into this

occupation and stay in it. In particular, (observed) scale will only be valuable if an occupation

also contains a portion of individuals with lower cognitive ability. For both risk aversion and

productivity observed, Dohmen and Falk (2010, 2011) present experimental evidence that both

more risk tolerant and more productive workers are more likely to sort into variable-pay rather

than fixed-pay schemes.

Individuals may also receive non-pecuniary compensation for taking on risk, such as in the

form of status or prestige.19 Risk preferences may therefore reflect a desire to be viewed as

brave or daring, possibly explaining part of the gender gap mentioned above. More generally,

experimental results by Dohmen et al. (2011a), obtained using MRI scanners, suggest that

interpersonal comparisons of income are relevant for individuals’ utility.

Several points emerge from the existing literature. Risk attitudes are of potential interest

in a variety of labor market contexts. At the same time, empirical representations of risk

aversion are broader than a single parameter for the curvature of utility functions familiar from

microeconomics, and measurement may be noisy. There is similar breadth on the left-hand side

of the equation: While discrete choice models are most natural in analyzing sorting into different

19Consider the following excerpt from Diamond (2003, p. 108) on the evolution of food production: “Con-
versely, men hunters tend to guide themselves by consideration of prestige: for example, they might rather go
giraffe hunting every day, bag a giraffe once a month, and thereby gain the status of great hunter, than bring
home twice a giraffe’s weight of food in a month by humbling themselves and reliably gathering nuts every day.”
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categories of occupation — self-employment or dependent employment, private or public sector,

and different occupations — they fail to quantify the risk of interest.

Previous studies (Bonin et al., 2007; Isphording, 2010; Fouarge et al., 2011) relate the cross-

sectional standard deviation of earnings within occupations to the risk attitudes of individuals.

However, their dispersion measure is superficial in its description of the conditional wage distri-

bution and does not explicitly incorporate the dispersion effect of covariates. With a very large

administrative data set, the IABS, we expand on their analysis.

The literature calls for caution regarding the causal interpretation of results. What looks like

sorting may be driven by endogeneity resulting from either reverse causality — risk preferences

adjusting to risk experienced — or a shared relationship with a third factor — possibly cognitive

ability — leading to correlation rather than causation.

3 Data

The analysis will draw on two distinct data sets: a household survey, the German Socio-

Economic Panel (SOEP),20 and an administrative wage data set, the German IAB21 Employ-

ment Sample (IABS). The SOEP contains detailed information on household and individual

characteristics, in particular on occupation and risk preferences. We are able to estimate the

riskiness of particular occupations on the IABS data, which contains information on wages and

human capital variables collected for social insurance purposes.

In the initial replication intended to compare our method to previous approaches, we follow

the sample choice of Bonin et al. (2007, pp. 928-29). It is identical to that described below,

except that it includes tenured civil servants and individuals from East Germany. Working

exclusively with SOEP data, we use it to infer both individuals’ risk preferences and the riskiness

of occupations.

In our main analysis, we instead use IABS data for the latter estimation; however, we closely

align the two independent data samples in terms of their characteristics, using West German22

men in full-time employment between 25 and 55 years of age. We restrict our sample to West

20For an introduction to the SOEP, see Wagner et al. (2007); more information is also available at http:

//www.diw.de/en/soep.
21Institut für Arbeitsmarkt- und Berufsforschung (Institute for Employment Research of the German Federal

Employment Agency), Nuremberg, Germany, http://www.iab.de/en/ueberblick.aspx
22In the SOEP, we identify individuals as residents of West Germany, whereas the IABS data only provide

information on an individual’s workplace, such as its being situated in either West or East Germany; we chose
to neglect this slight lack of congruence. Furthermore, we do not differentiate between foreigners and German
citizens.

http://www.diw.de/en/soep
http://www.diw.de/en/soep
http://www.iab.de/en/ueberblick.aspx
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Germany for several reasons: First of all, the economic transformation of the East has not

yet led to full-fledged convergence in labor market structures and outcomes; we would likely

need to carry out the analyses separately, since the availability of jobs and the attractiveness of

different occupations, in terms of their risk profile and otherwise, might systematically differ in

East and West. More importantly still, those individuals who made their initial sorting decision

in the GDR likely did so independently of their risk preferences.23 To the extent that the choice

of occupation is a sticky decision, due to education, training or institutional arrangements,

the relationship between risk preferences and riskiness of chosen occupation might not be as

strong for these individuals. As a practical econometric issue, top-coding of wages occurs at a

different threshold in East Germany due to a difference in pension contribution limits. While

our estimation framework allows for such idiosyncracies, incorporation may introduce additional

complications. Our focus on men follows the usual rationale: Women more frequently take

several years off from work for childbearing and subsequent care, which might limit their choice

set and occupational mobility; in addition, they frequently work in types of employment different

from the classical full-time job. As a related point, their role in providing family income may

differ from that of men, obscuring the sorting relationship. Moreover, women’s labor market

decisions are likely to be subject to more severe endogeneity than men’s.

Since our primary interest lies in sorting within dependent employment, we do not consider

the self-employed.24 As the IABS data do not include tenured civil servants, we omit them

from the SOEP sample as well.24 However, this does not rule out the presence of public

sector employees in our samples, as the German public sector distinguishes between tenured

civil servants and ordinary employees.25 While under certain aspects, it may or may not be

desirable to exclude all public sector employment, the IABS data, in contrast to the SOEP, do

not contain the relevant information. We exclude part-time workers, apprentices, and workers

in retirement, as well as those employed in military service or alternative civilian service.

23Cf. the institutional features Fuchs-Schündeln and Schündeln (2005) exploit in their analysis.
24See section 2 for existing literature on risk attitudes and entrepreneurship as well as public sector employ-

ment.
25See Federal Ministry of the Interior (2002) for a general introduction to the public service in Germany, and

Federal Ministry of the Interior (2009) for an outline of recent reforms on the federal level, along with some
statistics.
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3.1 Socio-Economic Panel (SOEP)

3.1.1 General information

The German Socio-Economic Panel (SOEP) either provides us with or allows us to infer in-

formation on most of the variables typically included in a human capital model, Mincerian or

otherwise: years of education, potential experience (calculated as age minus years of school-

ing minus six), tenure, and occupation. In addition, subjects report their gross monthly labor

income. Following Bonin et al. (2007), we drop the bottom and top percentile of the (uncondi-

tional) wage distribution.

3.1.2 Risk preferences

Recent waves of the SOEP contain self-reported measures of risk aversion in general and in

specific contexts. In particular, individuals were asked to state their willingness to take risks

on an eleven-point scale, where zero corresponds to complete unwillingness to take risks, and

ten to complete willingness. The general risk question was included in 2004, 2006, 2008, and

2009.26

While these self-reported measures are an attractive way of eliciting risk attitudes in a

variety of domains in a fast and cost-efficient way, it may not be immediately clear whether

the responses reflect true underlying traits. Dohmen et al. (2011b) confirm the validity of the

general risk question by analyzing its predictive power for decisions in a Holt and Laury (2002)

type lottery with real money, which they administer on a separate sample. In addition, all of

the survey measures explain a variety of risky behaviors, including holding stocks, smoking, and

participation in active sports. While the domain-specific risk preferences are the best predictors

in their specific context, the general risk question fares best as an overall measure. Notably, it

also clearly outperforms lottery decisions in explaining risky behavior in non-financial contexts.

It is clear that due to costs arising from, e.g., education, capital accumulation, and search,

individuals do not continuously update their choice of occupation, nor likely at a very frequent

rate.27 For current risk aversion and earnings risk to correlate, preferences therefore need to

26The exact wording (translated from German) is as follows: “How do you see yourself: are you generally a
person who is fully prepared to take risks or do you try to avoid taking risks? Please tick a box on the scale,
where the value 0 means: ‘not at all willing to take risks’ and the value 10 means: ‘very willing to take risks’.”

27Early in their working life, individuals appear more likely to experiment with jobs; later, improved matching
and knowledge about productivity (Harris and Weiss, 1984), capital accumulation, a shorter remaining time
frame to recoup costs of switching, and background characteristics will likely reduce this behavior.
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display a certain degree of stability.28 This does not rule out deterministic patterns of change,

such as the positive age gradient of risk aversion documented in Dohmen et al. (2011b).29

Likewise, as pointed out in the literature survey in section 2, any causal sorting interpretation

of results rests on some sort of stability assumption with respect to risk attitudes, in particular,

exogeneity of the occupational risk experienced over the working life. Ekelund et al. (2005) use

a psychology measure, harm avoidance, resulting from a biosocial theory of normal personality

variation (Cloninger, 1987), which develops well before adulthood and is stable from thereon;30

endogeneity is therefore concluded to not be a problem.

Dohmen et al. (2007) analyze the stability of responses to the general risk question in

the SOEP. For two subject pools, one a subset of the SOEP, the other separate, they find

a test-retest correlation of 0.62 and 0.60, respectively, over a six-week horizon, and attribute

all variation to measurement error. The correlation between the 2004 and 2006 waves of the

SOEP, in comparison, is 0.50, which is not too far below the six-week benchmark; this suggests

that risk attitudes constitute an inherent and stable trait. Furthermore, except for a worsening

health status, which leads to an increase in risk aversion, life events do not exert any influence.

This is in line with the results of Sahm (2008) for the HRS risk question:31 While certain

individual background characteristics predict gamble responses, most of these are constant

per individual over time, and only few, such as aging and macroeconomic conditions, cause

systematic change. Beauchamp et al. (2011) and Lönnqvist et al. (2011) show that the SOEP

general risk question performs well in terms of test-retest reliability when compared to other

risk measures. Beauchamp et al. additionally discuss the role of measurement error and find

that it can be substantial.

Isphording (2010) uses data from the 2004 and 2006 waves of the SOEP to extend the anal-

ysis of Bonin et al. (2007) to the panel case, similarly regressing the cross-sectional standard

deviation of earnings risk within an individual’s occupation on risk preferences and covari-

28Similarly, labor markets should be characterized by some level of stationarity; this issue is revisited in section
7.3.

29Random future events, such as marriage, can be incorporated in individual choice; however, they will reduce
the strength of the relationship between risk aversion and earnings risk.

30The empirical evidence on the stability of harm avoidance as a personality trait appears to be limited.
The results of Cheung (2007) suggest that “HA [harm avoidance, as defined by Cloninger] is a relatively stable
personality trait” for patients with late-life depression; however, only group means are considered. For a different
personality inventory, also containing a factor scale for harm avoidance, McGue et al. (1993) find a ten-year retest
correlation of .635 (30-day retest correlation: .88). An analysis by McCrae (1993) on the well-known Big Five
(OCEAN) personality traits discusses several studies reporting correlation coefficients of around .70 for different
time horizons, and concludes that much of the remaining variation may be due to measurement error.

31Barsky et al. (1997) discuss (persistence of) measurement error in the HRS gamble question on risky jobs.



3 DATA 15

ates. To control for unobserved heterogeneity (in occupational choice), he employs a Mundlak

transformation (Mundlak, 1978), which assumes that individual-level effects are a function of

individual time averages of time-variant independent variables. Since the risk preference vari-

able of the SOEP is not time-constant (preferences were separately elicited in 2004, 2006, and

later), its individual time average is included as a Mundlak term. In this specification, the co-

efficient of the regular risk preference variable becomes insignificant, while that of the Mundlak

term is positive and large. Isphording concludes that all effects can be attributed to unobserved

heterogeneity, in particular ability, with which risk preferences have been found to be correlated.

This interpretation is subject to our earlier caveat that (observed) scale is only valuable to high-

ability individuals (with possibly low degrees of risk aversion) if sufficiently many individuals

of low or average ability (with corresponding greater degrees of risk aversion) have sorted into

the same occupation.

More importantly, such an interpretation is misguided if true risk preferences are actually

stable, even just over the two-year horizon. In this case, the responses to the SOEP risk

question may be viewed as measurements of true latent preferences, with all (non-deterministic)

individual-level variation due to measurement error. If the latter averages to zero over time,

the individual-level time average is simply a more accurate statistic, which explains why the

Mundlak term, rather than the singular observation, captures most of the variation. In the latent

framework, this remains true even for a moderate degree of instability, as long as the variance of

the measurement error exceeds the within-subject variation in true preferences. Furthermore,

due to the stickiness of occupation decisions, the time average of preferences might be the more

relevant factor for sorting, at least if the distribution of preferences is somewhat stationary.

Previous findings on independent data sets inspire confidence in the assumption of stable

risk preferences. However, measurement error appears to be substantial; while it may exhibit a

certain degree of temporal persistence, we nonetheless expect to improve on the measurement of

risk preferences by utilizing the responses from multiple waves. For each individual, we therefore

compute an unweighted average of all available responses, the number of which varies between

one and four.

3.2 IAB Employment Sample (IABS)

Information on the riskiness of professions is inferred from the German IAB Employment Sample

(IABS), an anonymized sample from a rich administrative data set. It includes (gross) wage
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information as well as other employee characteristics reported by the employer for social security

contribution purposes. In this paper, we use the IABS R04 version,32 which is a 2% sample

of the German social security records for the period from January 1, 1975, to December 31,

2004.33,34

The IABS is particularly rich because of both its longitudinal (30 years) and its cross-

sectional dimension (a total of 1,360,949 individuals). Furthermore, the wage information is

highly precise: Since misreporting of wages is subject to severe penalties, measurement error

is likely to be minimal; in addition, the IABS comes in the form of spell data such that daily

information is available for the entire sample period. From this, we draw a cross section for

June 3035 for each year considered in our analyses.

As described above, we consider West German men in full-time employment between the ages

of 25 and 55. We additionally exclude observations with an income reported below the marginal

part-time income threshold, which was EUR 400 in 2004, the main year of our analysis. First

of all, it appears exceedingly unlikely that these individuals were truly in full-time dependent

employment, and not part-time workers, apprentices, in military or alternative civilian service,

or in any other status not relevant to our analysis. Second of all, before 1999, incomes below

this threshold were not recorded; this exclusion therefore serves the consistency of intertemporal

comparisons.

The reporting precision of some of the dependent variables in our human capital model may

be considerably lower, since they are only collected and reported for statistical purposes, but

with no pertinence to social security. The education variable in particular is frequently missing

or inconsistent for different employment spells of one individual. Since measurement error may

affect our analysis by introducing possibly systematic noise to our dispersion estimates, we

apply a correction described in Fitzenberger et al. (2006). Specifically, we use imputation rule

1, which assumes that there is no over-reporting of degrees and, broadly speaking, extrapolates

the highest attained degree forward, and, in case of missing data, also backward.36 Tenure with

32Basic information is available at http://fdz.iab.de/en/FDZ_Individual_Data/IAB_Employment_Samples/
IAB_Employment_Samples_Outline/IAB_Employment_Samples_Regional_File_75-04.aspx; see Drews (2008)
for more detail (in German).

33The sample observes proportional stratification of employees in West and East Germany as well as German
and foreign citizens.

34The data are available from the Institute for Employment Research as a Scientific Use File in two different
versions: the regional file used here, and in a weakly anonymized version with more disaggregate geographical
and occupational information.

35As the midpoint of the year, June 30 is commonly used when drawing cross sections from IABS data (e.g.,
Ludsteck, 2008; Dustmann et al., 2009; Lehmer and Möller, 2010).

36This procedure may result in education levels which are too high. Fitzenberger et al. (2006) propose two

http://fdz.iab.de/en/FDZ_Individual_Data/IAB_Employment_Samples/IAB_Employment_Samples_Outline/IAB_Employment_Samples_Regional_File_75-04.aspx
http://fdz.iab.de/en/FDZ_Individual_Data/IAB_Employment_Samples/IAB_Employment_Samples_Outline/IAB_Employment_Samples_Regional_File_75-04.aspx
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an employer, on the other hand, can be computed with great precision due to the spell nature

of the data.

There are two major caveats, the one of a more economic, the other of a more econometric

nature, with regard to the data. In Germany, tenured civil servants (Beamte) are not insured

through the regular social security system, and therefore, as mentioned above, they are not

included in our data set. Since the German public sector distinguishes between tenured civil

servants and ordinary employees, our data set may nonetheless contain public sector workers of

the latter category, who, however, are not identifiable.

From an econometric perspective, a greater challenge arises from top-coding of wages. For

the entire sample period, a statutory limit was in place on the amount of monthly income

subject to social security contributions (Beitragsbemessungsgrenze). This ceiling is a matter

of federal legislation and is adjusted on an annual basis; for the main year of our analysis,

2004, it was EUR 61,800, EUR 5,150, and EUR 168.85 for annual, monthly, and daily income,

respectively.37 While it also varies by the location of the employer in either West or East

Germany, this is irrelevant for our analysis since we restrict our sample to the former.38 The

degree of censoring remains fairly constant over the sample period, but varies considerably by

groups of age, education, and occupation (see table 1).

3.3 Matching of occupations in SOEP/IABS

Both SOEP and IABS report occupations using the German Klassifizierung der Berufe (“Classi-

fication of occupations”), albeit in different versions: While the SOEP employs the 1992 version

(KldB 92), the coding in the IABS is based on the earlier 1988 version (KldB 88).39 Specif-

other, more conservative rules, but find that both the (marginal) distribution of education and wage regression
estimates are not very sensitive to the type of rule used.

37While the contribution limit is applied to monthly income, the earnings variable in the IABS data set
reports daily income over the employment spell considered, and is censored at the daily contribution limit. For
a detailed overview table of contribution limits and part-time income thresholds, see http://doku.iab.de/fdz/

Bemessungsgrenzen_de_en.xls.
38In addition, a different ceiling applies to miners, who are separately insured through the Knappschaftliche

Rentenversicherung (German Miners Pension Insurance), whereas workers and employees are combined in the
Rentenversicherung der Arbeiter und Angestellten (Pension insurance of workers and employees). However, the
IABS data artificially recensor all miners at the common threshold, which is fine, since the contribution limit for
miners has always been above it.

39The KldB 88 was developed by the Bundesagentur für Arbeit (Federal Employment Agency). More
information (in German) is available at http://statistik.arbeitsagentur.de/Navigation/Statistik/

Grundlagen/Klassifikation-der-Berufe/KldB1975-1992/KldB1975-1992-Nav.html. The KldB 92, based on
the KldB 88, was developed by Statistisches Bundesamt Deutschland (Federal Statistical Office), with more infor-
mation (in German) available at http://www.destatis.de/jetspeed/portal/cms/Sites/destatis/Internet/

DE/Content/Klassifikationen/GueterWirtschaftklassifikationen/KlassifikationKldb92,templateId=

renderPrint.psml. Both codings are set to be replaced by a new version, KldB 2010. In contrast to the
commonly used international ISCO classification, which is based on skill levels and tasks, the KldB adheres to

http://doku.iab.de/fdz/Bemessungsgrenzen_de_en.xls
http://doku.iab.de/fdz/Bemessungsgrenzen_de_en.xls
http://statistik.arbeitsagentur.de/Navigation/Statistik/Grundlagen/Klassifikation-der-Berufe/KldB1975-1992/KldB1975-1992-Nav.html
http://statistik.arbeitsagentur.de/Navigation/Statistik/Grundlagen/Klassifikation-der-Berufe/KldB1975-1992/KldB1975-1992-Nav.html
http://www.destatis.de/jetspeed/portal/cms/Sites/destatis/Internet/DE/Content/Klassifikationen/GueterWirtschaftklassifikationen/KlassifikationKldb92,templateId=renderPrint.psml
http://www.destatis.de/jetspeed/portal/cms/Sites/destatis/Internet/DE/Content/Klassifikationen/GueterWirtschaftklassifikationen/KlassifikationKldb92,templateId=renderPrint.psml
http://www.destatis.de/jetspeed/portal/cms/Sites/destatis/Internet/DE/Content/Klassifikationen/GueterWirtschaftklassifikationen/KlassifikationKldb92,templateId=renderPrint.psml
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ically, the IABS uses the 3-digit level of the KldB 88 (Berufsbezeichnungen) identifying 328

different occupations; in our IABS R04 file, these are aggregated to 130 different occupations

for anonymity purposes (Drews, 2008, pp. 79-86). In the SOEP, occupations are coded accord-

ing to the 4-digit level of the KldB 92. To match occupations in the SOEP to those in the IABS,

we use a cross walk file from the Federal Statistical Office.40 Unfortunately, the mapping, which

uses the 4-digit level of both versions of the KldB, is not isomorphic; in fact, the correspon-

dence is not unique in either direction. While some of the ambiguous cases are resolved in the

inevitable aggregation necessary to conform with the cruder coding of the IABS R04, in many

cases, there was no alternative to ad hoc assignments. Overall, about two thirds of the individ-

uals in the SOEP sample used for estimation had a non-unique occupation correspondence in

the IABS data. While this may sound dramatic, it merely reflects the fact that complex roles

and tasks cannot always be easily grouped into occupations; even at the individual level, there

will inevitably be a certain degree of noise involved in individuals’ reported occupation. As long

as the occupation matched in the IABS is representative of the risk profile individuals associate

with a particular occupation in the SOEP, this will not be an issue (manual resolution of the

ambiguous cases typically yielded rather clear assignments, with much of the prior ambiguity

likely due to very special and idiosyncratic correspondences in the cross walk file). It would be

a much more severe problem if very dissimilar occupations were grouped together; the coding

used, however, distinguishes 130 different occupations and should hence offer sufficiently fine

discrimination (in fact, as described above, the finer we choose the coding in the IABS, the

more non-unique matchings there will be). The replication study in section 6.1 briefly returns

to the coding issue.

4 Censored wage regressions

Consistent estimation of our wage determination model, described below in section 4.1, requires

methods which appropriately deal with the top-coding of wages in the IABS data. Section 4.2

discusses classical parametric methods and their limitations, while section 4.3 argues for the use

of semiparametric methods and describes estimation.

narrow occupation definitions.
40To our knowledge, this file is not publicly available, but it is sent out if requested via their website: http://

www.destatis.de/jetspeed/portal/cms/Sites/destatis/Internet/EN/Navigation/TopNav/Kontakte.psml

http://www.destatis.de/jetspeed/portal/cms/Sites/destatis/Internet/EN/Navigation/TopNav/Kontakte.psml
http://www.destatis.de/jetspeed/portal/cms/Sites/destatis/Internet/EN/Navigation/TopNav/Kontakte.psml
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4.1 Mincerian human capital model

To model wages, we choose a log-linear specification in the vein of Mincer (1958, 1974). While

these two models are similar algebraically, their economic content is quite different, with conse-

quences for our analysis. Mincer (1958) assumes a homogeneous population induced to under-

take schooling investments by compensating differences due to different education requirements

across occupations; the log-linear form with respect to earnings and schooling arises from an ap-

proximation to earnings maximization. The accounting identity model of Mincer (1974) is less

clearly tied to maximization behavior, though it approximates the dynamic human capital in-

vestment model of Ben-Porath (1967); the inclusion of covariates may reflect assumptions on the

investment ratio and other factors. Here, individuals are ex ante assumed to be heterogeneous,

with differing returns to schooling; the schooling coefficient in a linear model should therefore

only be viewed as an ex post average. Perhaps more fittingly, the accounting identity model

suggests a random coefficient model. We extend the heterogeneity to the returns to particular

occupations and approximate the model at different quantiles using quantile regression.

We include a linear term for years of education by converting attained degrees into years.41

An alternative to the classical log-linear specification is the inclusion of dummy variables for

different educational degrees, which may be a more meaningful measure of educational attain-

ment for Germany (Card, 1999, p. 1806)42 and is therefore used to gauge the impact of possible

misspecification (see section 6.2.3).

The accounting identity model has implications for the experience pattern of variance.

Specifically, it suggests a U-shaped pattern around an overtaking age at which earnings vari-

ance is due exclusively to differences in schooling levels and ability, but unrelated to post-school

investment behavior; before and after, the latter will be an additional source of dispersion.43

This not only makes estimation at different quantiles appear particularly attractive, but it also

suggests a flexible experience specification. We construct (potential) experience as age minus

years of education minus six and include a cubic polynomial. A quadratic polynomial is used

to incorporate effects of tenure.

The inclusion of occupation dummies serves two purposes: First of all, it captures occupation-

41See section C in the appendix for details.
42German students select into different streams of secondary school, providing access to different forms of

vocational training and higher education such as technical college and university. See KMK (2010) for detailed
information on the education system.

43For (generally supportive) empirical evidence, see Heckman et al. (2003, 2006) for US data, and Polachek
(2003) for US and international data, unfortunately not including Germany.
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specific effects such as compensating wage differentials. More central to our analysis, the esti-

mation of occupation effects at different quantiles is useful to evaluate wage dispersion at the

occupation level; this point is extensively treated in section 5. In our SOEP replication, we

follow Bonin et al. (2007) and include individual risk attitudes as well as dummies for public

sector employment and residence in East Germany.

Since we do not intend to estimate returns to schooling or find any associated causal link,

we neglect endogeneity bias arising from self-selection into different education streams and

unobserved heterogeneity. Rather, we are interested in the earnings variation in an occupation

observable to an individual.44

4.2 Parametric methods

The Tobit estimator introduced by Tobin (1958) has seen such pervasive use in censored regres-

sion that models involving censoring are often generally referred to as Tobit models, even if only

loosely associated with the original estimation framework.45 Tobin (1958) applies the estimator

to what should, in economic terms, be more adequately referred to as a corner solution prob-

lem, but which is equivalent to the type of censoring problem studied here. The typical model

assumes normality and homoskedasticity and can be solved either by using the Tobin-Amemiya

maximum likelihood estimator, consistency and asymptotic normality of which are proved in

Amemiya (1973), or the two-step Heckit approach introduced by Heckman (1976, 1979).

There is a well-known theoretical literature on deviations from normality (e.g., Arabmazar

and Schmidt, 1982; Goldberger, 1983) and homoskedasticity (e.g., Maddala and Nelson, 1975;

Hurd, 1979; Arabmazar and Schmidt, 1981; Brown and Moffitt, 1983) in a variety of situa-

tions. The biases these authors derive depend on the exact set-up and the degree of censoring,

but can be substantial. While the overall degree of censoring in our data is not that ex-

treme compared to their settings, it is within certain occupation cells. The simulation study

of Vijverberg (1987) for the case of non-normality shows that the bias can be quite large; of

particular relevance to our dispersion analysis is his finding that the estimated error variance

is often seriously biased, especially in the case of skewed distributions. Powell (1986b) carries

44The observed scale is not necessarily equal to the true scale, which may be truncated from below: Initial
hurdles, such as education and certification requirements, may prevent entry; some individuals may not find
employment within their desired occupation and decide to take up other employment; others may remain unem-
ployed. In this analysis, we abstract from unemployment risk; rather, we focus on observed earnings variation,
which should form part of the agents’ information set, much more clearly than any counterfactual variation (see,
e.g., Chen, 2008).

45For an excellent exposition and discussion, see Amemiya (1984) as well as Amemiya (1985, ch. 10).
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out simulations for heteroskedasticity as well as non-normality and finds that “failure of the

homoskedasticity assumption may have more serious consequences than failure of normality

in censored regression models.” Also for the two-step Heckit estimator, simulation evidence

suggests that non-normality and heteroskedasticity lead to bias (Paarsch, 1984; Donald, 1995).

The assumption of homoskedasticity contravenes the principal aim of our analysis: to in-

vestigate whether more risk tolerant individuals sort into occupations with greater earnings

dispersion. Not only would it not be very elegant to operate under such contradictory premises

in the two stages of our analysis, but it might also skew our results towards non-significance.

Log-normality of wages is frequently assumed, and simple histograms suggest that it fits many

data sets, including ours, fairly well. On the other hand, skewness in wages has been docu-

mented and discussed (e.g., Lazear and Shaw, 2009), and skewness affection has been found to

be a factor in wage determination (Hartog et al., 2003; Hartog and Vijverberg, 2007). Devia-

tions from normality extend to even higher orders: In an analysis on wage discrimination, Chay

and Honoré (1998) argue with respect to the fourth moment that “abnormally long tails in the

log-earnings distribution is the major source of misspecification in the maximum likelihood esti-

mates of the black-white earnings gap.”46 Since the ML estimator has an unbounded influence

function, it is particularly sensitive to such outliers. As any parametric assumption, normality

imposes restrictions on shape which we may want to avoid to allow for more differential patterns

across occupations and a more intricate choice behavior by individuals.

There have long been tests for the assumptions of normality and homoskedasticity (Chesher

and Irish, 1987; Pagan and Vella, 1989), typically taking the form of Lagrange multiplier (LM)

tests and using generalized residuals47 from a Tobit regression. Here, we use two outer-product-

of-the-gradient (OPG) versions of the conditional moment tests (CMT) given in Skeels and

Vella (1999).48 The corresponding statistics can easily be computed from an artificial regression

(Newey, 1985, p. 1052) and follow χ2(r) distributions under the respective null hypothesis of

normality or homoskedasticity. Specifically, for the test of normality, r = 2; for the test of

homoskedasticity against the alternative of multiplicative heteroskedasticity, σ2i = σ2 exp(X̃ ′iα),

r = K + J + 1, where K is equal to the number of regressors in Xi ⊃ X̃i, and J = dim(X̃i).

It is is well known that OPG tests can suffer from potentially severe size distortions in small

46Cf. the results of Wilhelm (2008, p. 574), who investigates the performance of Tobit, CLAD, and sym-
metrically censored least squares (SCLS) under deviations from homoskedasticity and normality and finds that
“Cauchy errors — symmetric but with extremely long tails — [. . . ] cause the most serious Tobit bias.”

47On generalized residuals, see, e.g., Gourieroux et al. (1987) and Cameron and Trivedi (2005, pp. 289-90).
48See Cameron and Trivedi (2009, pp. 535-38) for implementation in Stata.
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samples (Cameron and Trivedi, 2005, pp. 240-41); Skeels and Vella (1999) find partial evidence

for this in a Monte Carlo study on the tests described above. Although our sample is large,49

we rely on a parametric form of the bootstrap (Drukker, 2002) to gain additional confidence

about the significance of our test statistics.

A limitation of the two conditional moment tests for the assumptions of normality and

homoskedasticity is that they require the respective other to hold; if both tests yield a rejection,

we can only conclude that one of the assumptions fails at the desired level. This shortcoming

can be addressed using a nested test as in Melenberg and van Soest (1996). The authors further

discuss ML estimation of a Tobit model with multiplicative heteroskedasticity or non-normality,

the latter using a generalization proposed by Ruud (1984).

4.3 Semiparametric methods

The preceding section has pointed out the limitations of parametric methods with respect to

both their consistency under deviations from assumptions and the flexibility of our empirical

analysis. Section 4.3.1 introduces (general) semiparametric methods based on quantile regres-

sion, which operate under much weaker assumptions. Section 4.3.2 extends these to the case

of censoring and discusses estimation methods, in particular the (relatively) recent three-step

approach of Chernozhukov and Hong (2002).

4.3.1 Quantile regression

In linear statistical models, one typically relies on least squares methods to compute estimates

of conditional expectations. As such, the resulting regression curve provides a summary of the

conditional averages. However, if the interest goes beyond levels and their means, the picture

will necessarily be rather incomplete. In our analysis, for example, the primary focus is on the

dispersion of wages, and we are therefore interested in an adequate statistic. Quantile regression

(QR), introduced by Koenker and Bassett (1978) as a generalization of median regression,

allows us to parsimoniously describe the entire conditional wage distribution by estimating

conditional quantile functions (CQF).50 In the words of Angrist et al. (2006, p. 539), “unlike

49Put less modestly, there will hardly ever be a microeconometric empirical setting in which one may feel
closer to the elusive concept of infinity.

50An excellent non-technical introduction with illustrative examples and an overview of applications can be
found in Koenker and Hallock (2001). Buchinsky (1998) and Angrist and Pischke (2009, ch. 7) summarize a
range of points relevant to the empirical researcher, including several which are of interest in our analysis. For a
very comprehensive treatment of QR, consult Koenker (2005).
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OLS coefficients, QR estimates capture changes in distribution shape and spread, as well as

changes in location.”

While in linear models, by least squares, we obtain an estimate of the conditional expectation

function E(Yi|Xi) for i ∈ {1, . . . , N}, QR provides us with an estimate of the CQF Qτ (Yi|Xi),

to be defined as follows.

Consider the conditional distribution of Yi given Xi ∈ Rp:

FYi|Xi(r) ≡ Pr(Yi ≤ r|Xi) (1)

Then, we denote the conditional τ -quantile of Y given X as

Qτ (Yi|Xi) ≡ qτ (Xi) ≡ F−1Yi|Xi(τ) = inf
r∈R
{r : FYi|Xi(r) > τ} (2)

It is instructive to consider the corresponding Skorokhod representation:

Yi = F−1Yi|Xi(Ui), Ui|Xi ∼ U(0, 1) (3)

A semiparametric alternative to linear regression can be based on the Skorokhod repre-

sentation of a linear quantile model, qτ (Xi) = X ′iβ(τ), which suggests a random coefficients

interpretation:

Yi = X ′iβ(Ui), Ui|Xi ∼ U(0, 1) (4)

We may assume the linear quantile model to represent the true DGP; however, as will be

discussed later, QR also has useful approximation properties. Rewriting the above,

Yi = X ′iβ(τ) + ui(τ) (5)

We do not impose any assumptions on the distribution of the error term; while specifying a

parametric model of the conditional quantiles, we are agnostic regarding the error distribution

in our semiparametric framework. All we rely on is a conditional quantile restriction, stipulating

that the conditional quantile of the error is equal to a constant. We assume that Xi always
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includes a constant term for the intercept, which affords us the following normalization:

Qτ (ui(τ)|Xi) = 0 (6)

The interpretation of the error term ui(τ) is different from the classical model; its stochastic

properties derive from the model definition (possibly as an approximation) rather than any

prior behavioral assumption.51 This justifies our interest in the estimation of different quantiles

using the methods described in the following.52

Together with the assumption that the error has no point mass at its conditional quantile,

the conditional quantile restriction leads to a conditional moment restriction:53

E[1(Yi ≤ X ′iβ(τ))− τ |Xi] = 0 (8)

However, estimation is generally simpler when characterizing conditional quantiles as the

solution to a particular expected loss minimization problem, in the context of which it is useful

to define the “check”54 (or weighted absolute loss) function. For τ ∈ (0, 1),

ρτ (u) ≡ [τ1(u ≥ 0)u+ (1− τ)1(u < 0)(−u)] (9)

= [τ − 1(u < 0)]u (10)

Quantiles minimize expected weighted absolute loss in a conditional sense:

qτ (Xi) = arg min
q
τE[(Yi − q)+|Xi] + (1− τ)E[(q − Yi)+|Xi] (11)

= arg min
q

E[ρτ (Yi − q)|Xi] (12)

In the case of our linear quantile model, qτ (Xi) = X ′iβ(τ),

β(τ) = arg min
b

E[ρτ (Yi −X ′ib))|Xi] (13)

51Cf. the discussion of nonparametric estimation in Powell (1994, p. 2446).
52See Powell (1994, pp. 2469-74) for a discussion of identification via conditional quantile restrictions and

associated asymptotic properties.
53As a consequence, β(τ) also solves moment conditions of the general form

E{h(Xi)[1(Yi ≤ X ′iβ(τ))− τ ]} = 0 (7)

54When drawn, the weighted absolute loss function is reminiscent of a check mark.
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We can define the QR estimator as its sample equivalent and the optimal predictor mini-

mizing the realized loss:55

β̂(τ) = arg min
b

N∑
i=1

[ρτ (Yi −X ′ib)] (16)

Typically, (16) is reformulated as a linear programming (LP) problem and solved by simplex

or interior point methods. For τ = .5, QR results in estimation of the conditional median and

minimization of the sum of absolute deviations. This approach is known as the least absolute

deviation (LAD) method:

β̂LAD = arg min
b

N∑
i=1

|Yi −X ′ib| (17)

Asymptotic normality and consistency of the QR estimator can be shown (Koenker and

Bassett, 1978; Koenker, 2005). It should be noted, however, that the estimators of tail quantiles

may follow non-standard distributions (Chernozhukov, 2005).

In a Gaussian (or other parametric) iid framework, MLE is always most efficient, and QR

comes with a loss in efficiency.56 However, unlike MLE, QR is robust to deviations in distribution

(distribution freeness) and heteroskedasticity. Furthermore, since unlike ML estimators, QR

estimators have bounded influence functions, they are also more robust to outliers.

Another particular feature, which distinguishes conditional quantiles from conditional expec-

tations, is equivariance to monotone transformations (Koenker, 2005). For any non-decreasing

function h(· ),

Qτ [h(Yi)|Xi] = h[Qτ (Yi|Xi)] (18)

55Note that β̂(τ) is an M-estimator. This becomes clear if we define

Qn(β) = − 1

n

N∑
i=1

[ρτ (Yi −X ′ib)] (14)

which allows us to write

β̂n(τ) = arg max
b
Qn(b) (15)

56The Laplace distribution is an exception. In this case, the LAD estimator (17) is also the ML estimator.
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4.3.2 Censored quantile regression

Owing to the above equivariance property, QR is particularly suited for censoring problems.57

Recall that in the case of top-coding, we observe Yi = min(Ci, Y
∗
i ), where Y ∗i is the latent

true value of the process of interest and Ci is some upper limit, of which we assume Y ∗i to be

conditionally independent. Since for any Ci ∈ R, min(Ci, · ) is a non-decreasing function, we

have (Powell, 1986a):

Qτ (Y ∗i |Xi) = X ′iβ(τ)⇒ Qτ (Yi|Xi) = min(Ci, X
′
iβ(τ)) (19)

The censored quantile regression (CQR) estimator follows trivially as the minimizing argu-

ment of the Powell objective function (Powell, 1986a):

β̂CQR(τ) = arg min
b

N∑
i=1

{ρτ [Yi −min(Ci, X
′
ib)]} (20)

Consistency and asymptotic normality can once again be shown (Powell, 1986a). Analogous

to before, we have the special case of the censored median regression leading to the censored

least absolute deviation (CLAD) estimator (Powell, 1984):58

β̂CLAD = arg min
b

N∑
i=1

|Yi −min(Ci, X
′
ib)| (21)

As in the uncensored case, the QR-based estimator is consistent under general non-normal

distributions and heteroskedasticity (Powell, 1984, 1986a). Monte Carlo evidence by Paarsch

(1984) suggests that the CLAD estimator (21) has particularly good properties in large samples,

with strong performance especially compared to the two-step Heckit, but also the ML estimator.

Although (20) is not an LP problem,59 the CQR estimate can be obtained by LP methods

as in the uncensored case, albeit at greater computational cost. Buchinsky (1994) gives a well-

known application to changes in the US wage structure. For estimation, he presents his iterative

linear programming algorithm (ILPA), involving an iteration of the Barrodale-Roberts algorithm

57An excellent non-technical introduction with an application to wage data can be found in Chay and Powell
(2001).

58Powell (1984) shows that solving (21) is equivalent to LAD estimation (17) on those observations for which
X ′iβ̂CLAD < Ci.

59Paarsch converts the problem into a nonlinear program, which he solves by grid search over the parameter
space to avoid problems associated with numerical optimization; these problems may arise from the existence of
several local optima due to nonconvexity. He comments on both the computational difficulty and the excessive
computation time compared to ML and Heckit estimator.
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originally developed for LAD regression; ILPA iteratively performs QR on observations with

predictions in the uncensored region, based on the previous iteration. Convergence is achieved

if two subsequent sets of observations are the same; while this need not occur, convergence

guarantees local optimality.60,61 Another alternative, the BRCENS algorithm, is proposed

in Fitzenberger (1997a). Unfortunately, both algorithms have less than reliable convergence

properties with respect to the Powell estimator (20), particularly in large samples and for high

dimensionality (Chernozhukov and Hong, 2002), as in our application.62

Due to the computational difficulty associated with many CQR estimators as well as their

somewhat unreliable convergence properties, CQR so far has enjoyed nowhere near the ubiquity

in terms of applications one would expect from its flexibility and the prevalence of censoring in

empirical analyses. In response, Chernozhukov and Hong (2002) present the three-step CQR

method, which avoids a great deal of problems by selecting a more “benign” sample based on an

initial regression of the probability of censoring, and subsequently works with standard QR.63,64

Step 1. Specifically, let ηi = 1(Yi 6= Ci); that is, ηi is an indicator of non-censoring (with

censoring point Ci). We consider a parametric (e.g., probit or logit) model for the probability

of non-censoring:

ηi = p(X ′iγ) + εi (22)

In general, model (22) will be misspecified and therefore inconsistent for the true propensity

score h(Xi, Ci). However, it is only used as an auxiliary regression to select an initial sample

J0 with propensity score h(Xi, Ci) > τ , necessary for consistent estimation of quantile τ .65 To

ensure this, we do not base our selection on the condition that p(X ′iγ̂) > τ , but rather that

p(X ′iγ̂) > τ + k, where k is a trimming constant strictly between 0 and 1− τ .

60This requires the assumption that the exact CQR estimate does not interpolate any censored observation
(Fitzenberger, 1994). For a brief explanation, the reader is referred to Fitzenberger (1997a, pp. 176-77) and
Fitzenberger (1997b, pp. 423-24); for the interpolation property, see also Koenker (2005, pp. 33-34).

61Buchinsky (1994, p. 412) suggests trying out different starting values for the coefficient vector to initialize
the algorithm. If all lead to the same result, “this is an indication that a global minimum is obtained.”

62Indeed, attempts at regressions using the ILPA algorithm as implemented in the Stata command clad (Jolliffe
et al., 2000) proved practically infeasible.

63Applications include Ludsteck and Haupt (2007) on the responsiveness of wages to changes in labor demand,
Gustavsen et al. (2008) on ice cream purchases, Machado and Santos Silva (2008) on pension plan participation,
Kowalski (2009) on medical expenditure, Fack and Landais (2010) on charitable giving, and Schmillen and Möller
(2010) on lifetime unemployment.

64The estimators of Buchinsky and Hahn (1998) and Khan and Powell (2001) similarly carry out a first-stage
selection, but are impractical for high dimensionality and large data sets.

65Note the deviation from Chernozhukov and Hong, who select a sample with propensity score h(Xi, Ci) >
1− τ . This is an important difference between left- and right-censoring.
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Since we do not necessarily have to select the largest subset J0, there is some freedom in

choosing k. For this, we write J0 as a function of k, J0(k) = {i : p(X ′iγ) > τ+k}. The approach

taken here, mirroring that of Chernozhukov and Hong, is to choose the trimming constant k

such that

#J0(k)/#J0(0) = 90% (23)

This means that we discard 10% of those observations with a probability estimate higher than

τ . Chernozhukov and Hong provide the sufficient condition that p(X ′iγ0)− k (for γ0 = plim γ̂)

be a lower bound on h(Xi, Ci). For the proof of asymptotic properties, this envelope restriction

can be replaced by a much weaker separating hyperplane restriction.

Step 2. In the second step, we obtain the initial (inefficient) estimator of β̂0(τ) by standard

QR on the sample J0:

β̂0(τ) = arg min
b

∑
i∈J0(k)

[ρτ (Yi −X ′ib)] (24)

Next, we select J1 = {i : X ′iβ̂0(τ) < Ci−δn}, where δn is a small number such that
√
n→∞

and δn ↘ 0. We choose δn similarly to k, but with a lower percentage of discarded observations

of 3%. The aim of this step is to include all observations {Xi : X ′iβ(τ) < Ci} to build up the

efficiency of the next step.

Step 3. We obtain the three-step estimator β̂1(τ) by running (24) with J1 instead of J0.

Step 4. (optional). Step 3 may be repeated a finite number of times on a sample Jl = {i :

X ′iβ̂l−1(τ) < Ci − δn}, yielding estimates β̂l(τ) for l ∈ {2, . . . }.

Chernozhukov and Hong prove consistency of their three-step estimator β̂l(τ). Due to distri-

butional equivalence with the Powell estimator, the estimator inherits its asymptotic normality

and efficiency properties.66 The conventional variance-covariance matrices for iid errors do

not extend to the case of independent heteroskedastic observations: What Chernozhukov and

Hong (2002, p. 876) refer to as “notational cost” implies a subtle modification with, however,

nontrivial consequences for estimation and inference.67

66In fact, since three-step CQR relies on standard QR methods, inference procedures remain the same, except
that only the selected rather than the complete sample is used.

67It might be of relevance to the empirical researcher that the variance estimates reported by Stata’s qreg
command are based on the iid assumption (Rogers, 1993). Furthermore, Koenker and Hallock (2000, p. 16)
comment on an “unfortunate choice of bandwidth” and state that “a consequence of the undersmoothing implied
by the Stata rule is that the resulting standard errors are frequently considerably smaller than would be obtained
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The remaining conditions discussed in Powell (1984, pp. 310-12) and Chernozhukov and

Hong (2002, p. 876), most notably independence of observations and the conditional quantile

restriction (6), ensure consistency and asymptotic normality. For finite l ≥ 1,

√
N(β̂l(τ)− β(τ))

d−→ N (0,M0(τ)), (25)

where

M0(τ) = L0(τ)−1Λ0(τ)L0(τ)−1 (26)

Lψ(τ) = E[N−1
N∑
i=1

fi,τ (0|Xi)1(h(Xi, Ci) > τ + ψ)XiX
′
i] (27)

Λ0(τ) = τ(1− τ)E[N−1
N∑
i=1

1(h(Xi, Ci) > τ)XiX
′
i] (28)

and fi,τ (· |Xi) is the density function of the “error” ui(τ) = Y ∗i −X ′iβ(τ).

The definition of the matrix Lψ(τ) may inspire interest in the impact of the choice of k and

δn on the efficiency of the estimator: The above variance matrix will be attained for any choice

of initial estimator β̂0(τ) as long as δn ↘ 0 and |β̂0(τ)− β(τ)|/δn
p−→ 0.

In contrast to the iid case, the variance-covariance matrix now depends on the error density

at the τ -quantile, which may vary across the heteroskedastic observations. Similar to the fate

of OLS in a heteroskedastic setting, the proposed estimator is not efficient. Newey and Powell

(1990) derive the semiparametric efficiency bound and propose an optimally weighted estimator

to attain it with weights proportional to the density at zero, fi,τ (0|Xi). However, computation

of the weights requires estimation of the error density; furthermore, their procedure relies on k-

nearest neighbor methods. Therefore, a choice of bandwidth and k must be made, affecting not

only covariance but also parameter estimates. In a travel expenditure application, Melenberg

and van Soest (1996) report some degree of sensitivity to these choices mostly for standard errors

and inference and less so for coefficient estimates. In addition, an underlying sample-splitting

procedure may lead to inefficient estimation of the score function in practice.

The covariance matrix formula in (25) can be consistently estimated from the data, as

discussed in, e.g., Powell (1984, pp. 312-14) and Powell (1986a, p. 151) for the censored case

and Weiss (1991, pp. 53-54) for uncensored data. A particular challenge lies in the estimation

with a more conventional bandwidth selection rule.”
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of the error density at zero, fi,τ (0|Xi); Powell (1984) proposes a one-sided68 kernel estimator

requiring the choice of a bandwidth. In his simulation study, Paarsch finds that the accuracy

of the formula-based estimators very much depends on the degree of censoring, dramatically

underestimating the variance at 50% censoring, but performing quite well at 25%.

Due to the difficulty as well as reliability issues of the above approach and the advent of a

combination of cheap computation time and new methods such as the three-step CQR estima-

tor, the bootstrap has seen a great deal of proliferation as an easy-to-compute alternative (e.g.,

Buchinsky, 1994; Chamberlain, 1994; Chay and Honoré, 1998). Of the covariance estimation

approaches discussed in Buchinsky (1995), only the general kernel and the design matrix boot-

strap (DMB)69 are consistent for heteroskedastic data; DMB is found to clearly outperform the

kernel in simulations. For a similar study, Fitzenberger (1997b) reports somewhat too conser-

vative standard errors for the bootstrap, particularly for heavy-tailed distributions. The DMB

approach carries out a nonparametric bootstrap by resampling (with replacement) the entire

vector (Yi, Xi, Ci) — in other words, drawing from the empirical joint distribution function — to

yield B samples of size N . The asymptotic validity of DMB under fairly arbitrary heteroskedas-

ticity (but independence) follows as a special case of the heteroskedasticity and autocorrelation

consistent (HAC) moving block bootstrap (MBB) proposed by Fitzenberger (1998).70

There are two distinct approaches to constructing confidence intervals (Buchinsky, 1995,

p. 308): One option is to compute an estimate M̂0(τ) as the variance-covariance matrix of

the bootstrap estimates β̂1(τ), . . . , β̂B(τ) and derive confidence intervals from the underlying

(asymptotic) normality.71 Alternatively, the direct percentile method constructs a 1 − ξ con-

fidence interval from the Bξ/2 and B(1 − ξ)/2 order statistics of the bootstrap estimates.

Instead of resampling a complete set of N observations, an m-out-of-N (m� N) bootstrap can

be performed; in this case, the variances need to be appropriately rescaled (Buchinsky, 1994;

Abrevaya, 2001).

One may wonder how much more restrictive three-step CQR is in comparison with Powell’s

68In particular, for left-censoring, Powell (1984) uses only positive uncensored residuals (negative for right-
censoring). Buchinsky (1995) runs a Monte Carlo study and finds that a two-sided estimator performs better.
However, it appears that in his one-sided estimator, he uses only positive residuals for a right-censored appli-
cation, which seems flawed. Since these positive residuals may themselves be right-censored, this may lead to
an overestimate of the density at zero and a corresponding underestimate of the standard errors, particularly at
high quantiles. The results in Buchinsky (1995, table 15), however, do not support this. On the other hand, this
kernel definition would not be the only typographical error in the paper.

69For applications, see, e.g., Buchinsky (1994) and Chamberlain (1994).
70Alternative bootstrap approaches include resampling based on the subgradient condition (Bilias et al., 2000)

and a weighted bootstrap (Chernozhukov et al., 2011b).
71See also Chamberlain (1994, pp. 191-92).
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canonical CQR model. For instance, does the parametric first-step classification model invoke

additional assumptions which are at odds with, e.g., the heteroskedasticity in our wage data?

Since the initial model only serves to provide an envelope as an incorrect lower bound of the

true propensity score, no such assumptions are required; in particular, neither a particular

distribution nor conditional homoskedasticity nor a location-scale submodel are imposed.

In practice, Chernozhukov and Hong report good finite-sample properties in a variety of

situations. Their results are rather insensitive to the choice of probability model in step 1; we

therefore use a probit model in all our applications. For their applications, repetition of step

3 did not typically bring about large improvements in terms of the Powell objective function

(20), if at all. In fact, it can be useful to compare the function value of step 2 and step 3 and

back up where beneficial.

Additional iterations in step 4 are akin to Buchinsky’s ILPA method. Their usefulness at

least partially depends on the dimensionality of the regression. When estimating a human cap-

ital model on the IABS data including only the standard controls discussed in section 4.1 —

years of education, a cubic experience term, and a quadratic tenure term, but no occupation

dummies — step 4 generally does not bring about large improvements in terms of the Powell

objective function (20). However, in our main specification, the estimation results of which are

discussed just below, we include dummies to account for the effects of 130 different occupations.

In this case, step 4 still turns out to yield substantial improvements.72 Additional iterations

generally lead to only quite small or minuscule improvements, or even an increase in the ob-

jective function. We allow for three additional iterations in step 4, and select the estimates

corresponding to the lowest value of the Powell function.

4.4 Three-step CQR of Mincer equation on IABS data

We estimate the Mincer equation discussed in section 4.1 on a cross section of the IABS data

for 2004. Since the wage variable is top-coded, we estimate the model using (1) a Tobit ML

approach, and (2)-(6) the three-step CQR estimator73 in the above configuration at the 10th,

25th, 50th, 75th, and 90th percentile (table 2). Using the direct percentile bootstrap method,

we construct 95% confidence intervals, which we use to infer standard errors by appealing to

72The attentive reader may have correctly conjectured that these improvements are generally largest for the
quantiles most affected by censoring. This is due to the fact that their sample selection is most sensitive to
changes in the estimates.

73We use an extended version of the user-written Stata command cqiv (Chernozhukov et al., 2011a).
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asymptotic normality.

Controlling for occupation, most of the variables have a fairly constant effect across quantiles.

Heterogenous returns to education, as assumed by the accounting identity model, are likely

mainly realized through the channel of occupational sorting. While we observe the familiar

concave effect of experience, there is no clear-cut evidence that variation follows any particular

experience pattern. Interestingly, variation is decreasing in tenure; we would instead expect

that as employers acquire more knowledge about their workers, variation increases. However,

the difference is rather small.

Under normality and homoskedasticity, the Tobit estimates should be very close to the

CQR estimates at the 50th percentile. However, most of the estimates in column (1) and (4)

are several standard deviations apart, suggesting that these assumptions are not valid and the

Tobit estimates biased. We further perform OPG conditional moment tests as described in

section 4.2; the resulting test statistics follow χ2(r) distributions with r = 2 and r = 273 for

normality and homoskedasticity, respectively. The test statistic for normality, 4,099.3, is far

larger than both the theoretical 1% critical value of 9.2 and a bootstrapped one of 7.1. The

same goes for homoskedasticity with a test statistic of 14,768.0 against 1% critical values of

290.6 and 183.7. In contrast to the findings of Drukker (2002), the OPG tests here have greater

size using bootstrapped rather than theoretical asymptotical values.

5 Measurement of dispersion

The preceding section has made the case for semiparametric methods to estimate censored mod-

els with considerable flexibility. What remains to be found is a reliable approach to estimating

the wage dispersion within occupations. In the literature, statistics are typically computed

based on the residuals from a first-stage wage regression; such approaches are discussed in sec-

tion 5.1. Section 5.2 presents a new method which fully appreciates the richness of QR and

controls for the dispersion effect of covariates, with simple computation properties even in the

case of censoring.

5.1 Residual-based statistics

In order to infer the riskiness of occupations, Bonin et al. (2007) estimate the occupation-level

standard deviation of the residuals from a Mincerian regression. This measure has frequently
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been used in studies on compensation for wage risk (McGoldrick, 1995; Hartog et al., 2003;

Hartog and Vijverberg, 2007; Berkhout et al., 2010).74

Once we move from a linear to a quantile model, residuals can no longer easily be viewed

as approximating an error process. Therefore, interpretation of statistics based on residuals

requires greater care. In particular, standard deviation and variance, which are used to param-

eterize many kinds of linear models, do not have such a simple sample interpretation anymore.75

The grand exception is given by median regression in the case of symmetric error distributions,

where, a priori, QR and linear methods coincide.

One may argue that, particularly with a reduced-form approach, such structural considera-

tions are irrelevant as long as the residual-based statistic is a good proxy of the type of dispersion

we intend to measure. Even then, the top-coding of the wage variable in our data leaves us with

the challenge of dealing with censored residuals. Cizek (2008) assumes normality and proposes

to estimate the standard deviation using the median of negative uncensored residuals:76

σ̂n = 1.4826 ·med{ûi : Yi < X ′iβ̂ < Ci} (29)

In doing so, Cizek (2008) uses the well-known relation between standard deviation and me-

dian absolute deviation (MAD) under normality77 as well as symmetry. Rousseeuw and Croux

(1993) discuss properties of MAD-based estimators and present two alternative estimators.

An alternative approach may be based on the Kaplan-Meier product limit estimator (Kaplan

and Meier, 1958), which is commonly used in the analysis of duration or survival data and gives

the nonparametric maximum likelihood estimate of the survival function. In an application to

residuals, the survival function may be interpreted as the (conditional) cumulative distribution

function (cdf) and the corresponding Kaplan-Meier estimator as the empirical distribution func-

tion (edf). Chay and Honoré (1998) and Chay and Powell (2001) use it to estimate the error

distribution on residuals from CLAD wage regressions and find long tails compared to a normal

distribution. However, this approach is problematic under covariate-dependent heteroskedas-

74See also the overview paper by Hartog (2009) on risk-augmented Mincer equations.
75For certain distributions, such as the Cauchy distribution, the variance does not even exist. In that particular

case, neither does the mean, such that the necessary assumptions for OLS are not valid, which may strengthen
the case for methods such as QR (see Paarsch (1984) for Monte Carlo evidence on parametric and semiparametric
methods). Smith (1973) provides a theoretical as well as practical discussion of the behavior of OLS estimates
for Cauchy errors.

76Actually, Cizek (2008) assumes censoring from below, and he therefore uses positive uncensored residuals.
Since any censoring problem can be transformed into the classical setting of left-censoring at zero, this goes
without any loss of generality. Cf. the kernel density estimator in Powell (1984).

77σ = 1/Φ−1( 3
4
) ·MAD ≈ 1.4826 ·MAD
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ticity, since the censoring point will be informative for the error distribution,78 resulting in

inconsistency of the Kaplan-Meier estimator. The Buckley-James estimator for censored mod-

els (Buckley and James, 1979) applies the Kaplan-Meier estimator to the error distribution using

the residuals and their censoring points.79 Naturally, it is not robust to heteroskedasticity (e.g.,

Powell, 1984; Honoré et al., 2002); while the censoring points may depend on the regressors,

the errors may not, such that the latent dependent variable is independent of the censoring.

Just as conditional expectations may only insufficiently characterize the wage distribution

in its totality, statistics such as the standard deviation may be too simplistic to describe the

distribution of errors. Hartog and Vijverberg (2007) additionally consider the interquartile range

of residuals, i.e., the distance between the 25th and the 75th percentile. However, this mostly

appears to serve robustness and does little to illustrate possible asymmetry or shape differences

in the error distributions in different occupations. Furthermore, one should not mistake the

analysis of residual quantiles from OLS or LAD regression as equivalent to QR methods; this

is illustrated by Bassett and Koenker (1982, pp. 413-14).

5.2 Differences of quantile coefficients

This section presents a new method for the estimation of dispersion which is not based on

residuals, but rather on the difference of coefficient estimates at particular quantiles. As such,

it is in the spirit of the heteroskedasticity test of Koenker and Bassett (1982), which carries

out a Wald test on the differences of coefficient estimates at different quantiles. Specifically,

we first estimate the entire model by (C)QR at different quantiles, such as the 10th, 25th, 50th,

75th, and 90th percentile, including dummy variables for the groups which are to be compared;

in our application (section 4.4), for instance, we include dummies for all occupations. We then

consider the coefficient estimates for these dummies at two particular quantiles, such as the 10th

and 50th percentile, and compare their differences across occupations. The following sections

will discuss this approach in the context of a location model (5.2.1), a location-scale model

(5.2.2), and a more general model (5.2.3).

Our approach is not only computationally simple, but it also controls for the dispersion effect

of covariates, and thereby filters out the (possibly) heteroskedastic effect of, e.g., education and

tenure. This is particularly important in our case, since we match two different samples: While

78Specifically, since the upper wage limit is constant in our sample, the censoring point of the residuals is a
function of the covariates.

79For a brief exposition and discussion, see Powell (1994, pp. 2504-05).
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Bonin et al. carry out all estimation on the SOEP data and can therefore control for these

effects in their second-stage regression, this would only work here if our samples from the IABS

and SOEP data perfectly matched in terms of their distribution.80

5.2.1 Location model

Suppose initially that the random variable Yi = (Y1, . . . , Yn) is generated by a linear model with

iid errors ui:

Yi = X ′iβ + ui ⇔ Pr(Yi ≤ y|Xi) = F (y −
p∑
j=1

Xijβj) (30)

Recall our assumption that Xi1 = 1, i = 1, . . . , n, i.e., our regressors always include a

constant. The CQF is given by

qτ (Xi) = X ′iβ(τ) (31)

= X ′iβ + F−1(τ) (32)

Therefore, β(τ) = β+ (F−1(τ), 0, . . . , 0), and the quantiles affect the process only by a shift

of location.

5.2.2 Location-scale model

In a location-scale model, Yi is additionally dependent on Xi through a re-scaling of variances

(the disturbances ui remain iid):

Yi = X ′iβ + σ(Xi)ui (33)

Under this form of systematic heteroskedasticity, conditional quantiles change accordingly:

qτ (Xi) = X ′iβ + σ(Xi)F
−1(τ) (34)

Suppose σ(· ) is linear with σ(Xi) = 1+X ′iζ.81 Then, β(τ) = β+F−1(τ)ζ+(F−1(τ), 0, . . . , 0),

80Both samples are representative of the German population and workforce, respectively, in the way described,
and we can harmonize them by, e.g., excluding civil servants in both. However, due to small sample size,
particularly in some occupation cells, the SOEP may not be quite as useful to control for the covariates’ effect
on wage dispersion.

81Cf. the linear scale model of heteroskedasticity in Koenker and Bassett (1982, p. 45, (2.12)).
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and the quantiles have both a location and a scale effect. To strike the link to our problem,

suppose that in addition to a vector X̃i ∈ Rp of constant and p−1 covariates, Xi contains a vector

Ẋi ∈ Rm−1 of dummies for m occupation groups such that Xi = (X̃i, Ẋi)
′; in this case, γp+k−1 =

σ̇k denotes the occupation-specific scale effect of occupation group k ∈ {2, . . . ,m}.82 Then, for

consistent estimators β̂(τ1) and β̂(τ2), β̂k+p−1(τ1)− β̂k+p−1(τ2)
p−→ σ̇k[F

−1(τ1)−F−1(τ2)] by the

continuous mapping theorem (CMT). Hence, we can consistently estimate σ̇k up to scale (no

pun intended), and after imposing normalization or a parametric specification, its precise value

can be obtained.

The model described above is comparable to the normal-location models discussed by Cham-

berlain (1994, p. 186). Instead of our single model, in which occupations affect location and

scale only in an additive way, Chamberlain specifies two separate models for the union and

non-union sector. He shows how a difference in variance between the two models affects the

estimated union wage effect across the quantiles. However, Chamberlain considers this normal-

location model inadequate for characterizing the conditional wage distribution. In particular, it

implies constant covariate slopes across the quantiles; this is at odds with the quantile patterns

of industry wage effects Chamberlain finds. Moreover, and closest to our analysis, he presents

differential patterns across industries and relates these to industry-specific residual dispersion.

Close inspection of the industry coefficients in Chamberlain (1994, table 5.4) at different quan-

tiles reveals that even the location-scale model may be too restrictive. This point is explored

and elaborated on in the following.

5.2.3 General (separable) dispersion model

The above location-scale model allows some flexibility with respect to heteroskedasticity, but it

still imposes a great deal of homogeneity on the shape of the error distributions. In particular,

by the CMT,
β̂p+k−1(τ1)−β̂p+k−1(τ2)

β̂p+l−1(τ1)−β̂p+l−1(τ2)

p−→ σ̇k
σ̇l

for any τ1, τ2 ∈ (0, 1) and k, l ∈ {2, . . . ,m}.83 For

instance, differential asymmetry and tail behavior are precluded.

Consider therefore a more general linear model in which each occupation k ∈ {1, . . . ,m}

has its own conditional distribution function, such that ui ∼ Fk(· ;Xi) if individual i works in

occupation k. Suppose further that for each k and at every quantile τ , F−1k (· ;Xi) is linearly

separable into a general component ξ(X̃i; τ) linear in X̃i and an occupation-specific component

82We omit occupation 1 and assume that its effect is subsumed in the general constant.
83Cf. Koenker and Xiao (2002a, (5.1)).
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ηk(τ) = Ẋi
′
η(τ).84 The CQF is then given by:

qτ (Xi) = X ′iβ + ξ(X̃i; τ) + ηk(τ) (35)

= X ′iβ + X̃i
′
λ(τ) + Ẋi

′
η(τ) (36)

As a result, β(τ) = β + (λ(τ), η(τ)), and hence, for consistent estimators β̂(τ1) and β̂(τ2),

β̂(τ1) − β̂(τ2)
p−→ (λ(τ1) − λ(τ2), η(τ1) − η(τ2)). In this way, we can measure the effect of our

set of occupation groups on all different quantiles while controlling for the dispersion effect of

the additional covariates. This gives us a measure of the conditional dispersion effect of each

occupation.

While the linear specification of the conditional quantiles may appear restrictive, a linear

quantile model is frequently only intended as a reduced-form approximation, such as for the

minimum distance (MD) estimators in Buchinsky (1994, p. 409) and Chamberlain (1994, p.

181).85 Also, the classical QR-based heteroskedasticity test of Koenker and Bassett (1982) uses

a linear approximation to the variance structure; the authors discuss how, for example, a model

with multiplicative heteroskedasticity can be approximated by a simple linear expansion. As

an alternative, Chamberlain (1994, pp. 187-91) presents a Box-Cox procedure for QR, which

allows the researcher to generalize the functional form of the linear model and relies heavily on

the equivariance property.

More formally, Chamberlain (1994, p. 181) recognized that the QR estimator provides a

linear approximation to the CQF, albeit of a less “transparent” nature than in the OLS and

MD case. Angrist et al. (2006) take up this issue and show that QR minimizes a weighted

mean-squared error loss function for specification error, implicitly providing a weighted MD

approximation to the true nonlinear CQF. Applying the framework to wage regressions with

a focus on the education variable, they find QR to provide a useful approximation to the

conditional wage distribution.

In working with log income, we acknowledge the likely nonlinear nature of income. Not only

84This does not state that ηk(τ) is indeed the τ -quantile of the occupation effect (cf. the concept of comono-
tonicity (Koenker, 2005, p. 60)); rather, it is the occupation effect at the τ -quantile. Therefore, ηk(τ) need not
be increasing; rather, an occupation l may experience lower variance than the reference occupation, in which
case ηl(τ) is decreasing. In fact, the estimated quantile functions will not generally be monotonic in τ at all
sample points (“quantile crossing”), although at the mean (Koenker, 2005, pp. 55-59); Chernozhukov et al.
(2010) provide a correction method. The linear specification of our model (possibly as an approximation) is not
directly tied to this issue and will be discussed in more detail below.

85See also the discussion in Fitzenberger (1997b, p. 422) and Abrevaya and Dahl (2008, pp. 381-82, 394).
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do we allow for a possibly more natural interpretation of the slopes as relative changes,86 but we

also implicitly assume an interaction effect of the covariates with respect to the level of income.

Due to equivariance and distribution freeness of QR, we enjoy somewhat greater flexibility with

respect to the specification of the dependent variable, though this is by no means a trivial

issue. Conversely, while the use of log income in OLS estimation is frequently motivated by the

observation that wages are approximately log-normally distributed, this is of less importance

here.

To evaluate the practical merits of the approach, we carry out a set of Monte Carlo sim-

ulations (section B in the appendix). We find that our method is particularly effective, when

compared to conventional approaches, for the estimation of dispersion in the presence of inter-

action effects in variance.

6 Results on cross-sectional risk

This section will empirically test for a relationship between the risk attitudes of individuals in

the SOEP and the earnings dispersion in their respective occupations. In section 6.1, earnings

dispersion is estimated on the SOEP and then matched to all individuals on an occupation

basis, while in section 6.2, the same risk profiles are estimated on the IABS data and matched

to individuals in the SOEP as described in section 3.3. In both cases, we follow the approach of

Bonin et al. (2007) and use simple OLS regressions positing the earnings risk statistic of interest

as the dependent variable and risk attitudes as well as a set of control variables as regressors.

6.1 Replication of Bonin et al. (2007)

We initially reconsider the (uncensored) data of Bonin et al. (2007) from the 2004 wave of

the SOEP using the approach described in section 5.2. Recall that in contrast to our main

specification, we include individuals from East Germany as well as tenured civil servants. As a

measure of dispersion, we use the difference between the occupation coefficients (at the ISCO

2-digit level) at the 90th and 10th percentile based on QR using the same specification as in

Bonin et al. (2007, table 1, (2)).87 The results are reported in table 3. The coefficient estimates

86This also facilitates comparison of the difference estimates. If a higher wage level causes greater variation,
as appears plausible, it may be more sensible to work with relative changes across quantiles in order to avoid any
spurious relation which might arise if more risk tolerant individuals work in better paid professions due to any
of the points discussed before.

87This difference will hereafter be referred to as the “10-90 spread,” not to be confused with the .90-.10 spread
of Buchinsky (1994, p. 444), which is defined as the difference between the conditional quantiles from group-based
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for risk attitude are significant (in the expected direction) at the 5% level in every specification

and allowing for clustering at the occupation level, which substantially increases standard errors.

Consistent with a reduction in measurement error and attenuation bias, the coefficient estimates

on average risk attitude are larger than those based on the single measure.

To get an idea of the size of the effect in comparison to previous work, it is necessary to

assume an underlying distribution; under normality, we estimate a one-point increase in risk

attitude to result in an increase of .0007 or .001 standard deviations in earnings dispersion, based

on specifications (2) and (5).88 These effects are similar to those reported in Bonin et al., as

are the R-squared statistics. The current approach can be regarded as more robust, as it filters

out the effects of the covariates at the different quantiles of the human capital model, while

additionally controlling for these characteristics in the above risk regression. The coefficient

estimates of the control variables are difficult to interpret; they may suggest specification error

in the wage regressions, but can also reflect the desire for occupational risk of the different

groups. Occupational earnings dispersion and the level of earnings are positively related, as

may have been expected. Height also enters positively, which is in line with results that taller

people are more risk seeking (Dohmen et al., 2011b). Married individuals work in lower-risk

occupations, possibly due to greater household size and concomitant financial commitments,

while more educated individuals work in occupations with greater earnings risk. The positive

coefficient estimate on public sector employment is difficult to interpret; certain occupations

may coexist in the public and private sector, with selection out of the public sector (to the

bottom and to the top) leading to comparatively high earnings dispersion.

The 10-90 spread is useful to characterize the overall dispersion; however, if the location-

scale model assumption is not valid, it will be fruitful to take a more disaggregate look as well.

The location-scale hypothesis can be scrutinized using the Khmaladze test proposed in Koenker

and Xiao (2002a), which computes a distribution-free test statistic on the QR process using a

Khmaladze transformation. This test statistic needs to be compared to tabulated critical values.

Since these are only available for a limited number of covariates, we switch to the broadest ISCO

1-digit level; in the Mincer specification, we use the general risk response of 2004 as a measure

of risk tolerance. Using a .05-spaced grid from the 10th to the 90th percentile, we compute a

test statistic of 25.87,89 which is larger than the 1% critical value of 20.21 (Koenker and Xiao,

estimation.
88Cf. Buchinsky (1994, fn. 35).
89We use the Khmaladze test included in the package quantreg for R.
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2002b, p. 5, p = 18, ε = .1) and thus compels us to reject the location-scale hypothesis at the

1% level.

We therefore turn our attention to a set of different percentiles, and run the same regressions

for the differences between the estimates at the 50th percentile and the 10th, 25th, 75th, and

90th percentile. The results, again allowing for clustering, are reported in table 4. The rela-

tionship between risk attitudes and earnings dispersion appears clearer at the lower end of the

distribution, reflected by the greater significance of estimates in the specifications corresponding

to the 10-50 and 25-50 spreads. This would suggest that downside risk is more relevant.

Using the KldB 88 classification of the IABS data, the results carry through for the 10-90

spread, while we find no significant effect for the various median differences. However, the

analysis based on SOEP wage data is rather crude, due to the small cell sizes even at the rather

coarse 2-digit level. The IABS data, on the other hand, offer much greater cell sizes even at a

finer level of coding, which appears crucial to the precise computation of quantiles.

6.2 IABS risk profiles

6.2.1 Main results

In this section, we no longer estimate the risk profiles of occupations on the SOEP, but on

the separate IABS data, in particular a cross section for 2004. They hence follow from the

regressions presented in section 4.4.

Again, we depart from a specification using the 10-90 spread as a general measure of dis-

persion; results are reported in table 5. Instead of log monthly income, we include the median

wage of the occupation as a control,90 since it is more plausibly known by the individual and

considered when choosing an occupation; furthermore, its coefficient may reflect a relationship

between level and dispersion.

We estimate a positive effect of risk tolerance in all specifications, significant at either the

5% or the 10% level; as before, the effect is larger for average risk tolerance, likely due to greater

measurement precision.91 The estimated effect size is larger than in the above replication with

90For a few occupations (electrical engineers, managers/executives, doctors and pharmacists), median earnings
are above the censoring threshold, and hence, median wage is censored. Omitting these occupations does not
affect the results for overall dispersion and the upper regions, but slightly reduces the significance of the estimates
at the lower quantiles.

91The number of available responses to the general risk question differs by individual between one and four
and concurrently the precision with which we estimate the latent true risk preferences. While not theoretically
necessary, one may find it desirable to account for this by applying weights. Denote the available measurements

for true preferences αi by λi,j for i ∈ {1, . . . , N} and j ∈ {1, . . . , ki}, and assume that λi,j |αi
iid∼ (αi, σ

2
λ). Then,
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an increase of .0009 and .0018 standard deviations per point increase on the 11-point risk scale

for the single-year and average measure of risk tolerance, respectively (again, assuming normality

for purely expositional purposes). The R-squared statistic on the other hand is notably smaller;

it is conceivable that this is a statistical artefact caused by the fact that above, both stages of

the estimation were carried out on the same data (SOEP). Of the control variables, only marital

status, education, and median wage are significant. As above, married individuals work in less

risky occupations.

Surprisingly, median wage now enters negatively; it seems unlikely that this is entirely

due to wage compression in the top regions of occupations with high median wage. Instead,

observations in high-wage occupations are naturally more likely to be censored. If censoring

leads to an underestimation of dispersion, this will be picked up by the coefficient on median

wage. The effect of median wage is clearly the most pronounced at the 90th percentile (table

7), which is affected most by censoring; in fact, the unconditional 90th percentile is censored

(table 1). As long as there is sufficient within-occupation heterogeneity that each of them will

contain a number of individuals with uncensored conditional 90th percentile, this will not be a

problem given correct specification of the model. Since median wage has a standard deviation

of around .3, the magnitude of the distortion is not that large in principle; however, it is a lot

larger than the effect of risk attitudes. Reassuringly, these are very similar when considering

the 25-75 spread instead (table 6).

Turning our attention to individual median differences, the results in table 7 do not show

any difference between the lower and the upper part of the wage distribution; all quantiles are

similarly correlated with risk attitudes. Also here, we find a larger coefficient estimate on the

average measure of risk tolerance.

With respect to the three-step CQR method, the significance of the second-stage estimates

just presented is sensitive to the precision of our wage regressions. As discussed at the end of

section 4.3.2, substantial improvements are possible by going beyond the standard number of

steps; specifically, we allowed for an additional three iterations to reduce measurement error

in the left-hand side variable of our second-stage regressions. However, rather than decrease

the standard errors of our second-stage estimates, this mostly increased the magnitude of the

coefficient estimates; the prior measurement error may not have been exogenous due to covariate-∑ki
j=1 λi,j/ki ∼ (αi, σ

2
λ/ki), and one option is to use weights proportional to

√
ki. However, doing so has very

little effect on our estimates.
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dependent censoring probabilities. The results using additional iterations also turned out to be

more robust to alternative specifications, as discussed below.

6.2.2 Domain-specific risk attitudes

In addition to general risk attitudes, the SOEP waves of 2004 and 2009 contained similarly

phrased risk questions for specific domains, among them career.92 We find the general risk

question preferable for our analysis due to its somewhat closer links to established concepts in

economics and psychology on the one hand and the possibly greater danger of endogeneity and

more suggestive nature93 of the career risk question on the other hand. Still, we would like to

see how the career risk question performs in the context considered.

Results for the 10-90 spread and median differences are reported in tables 8 and 9, respec-

tively. In most cases, the significance of the 2004 career risk question is more pronounced than

that of the general risk question. In contrast to average general risk attitudes, average career

risk attitudes actually explain slightly less variation than the 2004 response. This is surprising

given the results for general risk, and since we would expect the second response to be the most

incrementally useful one. The reason may be a large drop in risk tolerance in 2009, likely due to

the financial and economic disruption at that time, which was mostly a rank-order preserving

location shift affecting the entire distribution.94 Due to panel attrition and other factors, the

2009 response is only available for around two thirds of the individuals; for the rest, average

risk tolerance is equal to 2004 risk tolerance. However, if we only use individuals with responses

to both the 2004 and 2009 question, the effect is still slightly lower than for the 2004 response

alone. At around .0011 standard deviations per point increase on the scale, the effect is roughly

that measured for average general risk tolerance. Constructing the latter average from 2004 and

2009 responses only, we find a much smaller effect than using all four available responses, but it

is nonetheless greater than that of the 2004 general risk response alone. Possibly, measurement

error in the career risk question is more persistent than in the general one.

92The exact wording (translated from German) is as follows: “People can behave differently in different
situations. How would you rate your willingness to take risks in the following areas?”

93When asked for their career risk preferences, individuals might use a sort of revealed preference approach
and think about the riskiness of their present occupation. This type of framing seems less relevant for the general
risk question.

94Therefore, the stability assumption is not invalidated, at least in the ordinal sense.



7 DISCUSSION 43

6.2.3 Specification of the education variable

There are two dimensions along which we may vary the education variable in our estimation,

one with respect to model specification, the other with respect to the data. Particularly in

the German context, schooling may have a nonlinear effect on earnings. To model this, we

substitute years of education by a set of dummy variables indicating the completion of different

schooling levels. However, this change has hardly any effect on the results presented just above.

Our main analysis uses a schooling variable constructed by an algorithm to correct for

misreporting. It turns out that this correction has an effect on the significance of our estimates,

as without it, coefficient estimates are noticeably smaller. However, it appears more plausible for

misreporting to result in artificial variation in the human capital model than for the correction

to induce any effect driving up the coefficient estimates on risk tolerance in an entirely separate

data set. In any event, the results for the 25-75 spread reported in table 10 suggest an effect

even in case the original education reports are (more) correct.

7 Discussion

7.1 Causality

Our analysis requires particular assumptions for a causal sorting interpretation, most promi-

nently, exogeneity of occupational risk and risk attitudes. Even then, it is still possible that

the driving force is not individuals sorting into occupations according to risk, but employers

catering to the risk preferences of their (potential) employees in wage bargaining. Section 7.3

provides some results on the temporal stability of occupational risk profiles, which suggest that

there has been relatively little adaptation.

We could extend our analysis by reviewing the evidence for different groups. High-ability

individuals, for instance, may have a richer menu of occupations to select from along with a

greater aptness at evaluating information on the riskiness of occupations and their own risk

preferences. East Germans may be less efficiently sorted due to the absence of earnings risk at

the time of sorting (Fuchs-Schündeln and Schündeln, 2005). Bonin et al. (2007) find a hump-

shaped age-correlation profile for risk preferences and occupational risk peaking at mid-career;

Gibbons and Murphy (1992) show that in a multiperiod model with risk aversion and imperfect

knowledge about workers’ productivity, firms will insure against bad realizations by offering

wages independent of ability at early career stages, later introducing performance-based pay to
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stimulate effort. Any analysis on subgroups is unfortunately troubled by small sample sizes.

Instead, it may be useful to consider the role of individuals’ information. In our second-stage

regression, we assume that individuals are aware of the existence of heterogeneity, in line with

the accounting identity model of Mincer (1974), but have no private information on their ability

aside from that revealed in their choice of education. Unlike the econometrician, however, to

whom heterogeneity is simply unobserved, individuals may hold private information on their

abilities, but also on softer factors such as their motivation. Focusing on schooling choice,

Cunha and Heckman (2007) survey a framework of recently developed methods to separate ex

ante and ex post returns to schooling, and find that roughly half of the earnings variation in

their NLSY sample is known to agents in advance. However, it appears daunting to extend their

approach, based on the Roy model (Roy, 1951), to occupational sorting, requiring counterfactual

estimation of a large number of earnings streams.

Nonetheless, we cannot yet rule out an effect driven by cognitive abilities rather than risk

preferences. As discussed in the literature section, there is evidence for a negative relationship

between risk aversion and cognitive abilities; at the same time, dispersion is particularly attrac-

tive for high-ability individuals. In our general framework, there are two distinct approaches to

account for private information on abilities, with different economic as well as econometric ram-

ifications. The first one is based on our models and estimation techniques hitherto and assumes

that for each individual, only a certain part of the conditional wage distribution is relevant; for

instance, high-ability types may only consider the 50th to 90th percentile when making their

decision, and therefore only consider the related risk.95 Alternatively, we may assume that

people have perfect knowledge of their individual effects within each occupation, and that all

risk borne arises from frictions or intertemporal variation. This is obviously suggestive of an

approach incorporating fixed or other individual-level effects, which is pursued in section 7.2.

7.2 (Un)observed heterogeneity

Honoré (1992) introduces QR-based estimation techniques for censored and truncated data

consistent for a finite longitudinal dimension T , but they are computationally intensive and do

not appear feasible for our application;96 furthermore, Honoré only discusses estimation of the

95The mindful reader will note that for a location-scale model, unless the range of relevant quantiles differs
by occupation — which is not implausible, but very hard to identify without measures of skills or ability and a
large number of observations relative to the number of occupations (the SOEP fulfills the former criterion, and
the IABS the latter; neither does both) — the analysis will not differ from that in section 5.2.

96A useful discussion of this and other methods is given in Honoré and Kyriazidou (2000) and Hsiao (2003, pp.
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median, but of none of the noncentral quantiles. Honoré (1993) and Honoré and Hu (2004)

consider dynamic panel data models; however, their methods are only applicable for censoring

arising from corner solutions, but not top-coding of wages.

One of the fundamental issues in our analysis is that censoring introduces nonlinearity.

However, if comonotonicity fails, quantiles may experience nonlinearity even if the data are not

censored. Hence, since conditional quantiles are not linear operators, conventional differencing

strategies will fail to eliminate individual effects. As Koenker and Hallock (2000, p. 19) put it:

“Quantiles of convolutions of random variables are rather intractable objects, and preliminary

differencing strategies familiar from Gaussian models have sometimes unanticipated effects.”

The literature on panel methods for uncensored data includes contributions by Koenker (2004)

and Ponomareva (2011); while the former restricts the individual effects to location shifts, the

latter allows for the fixed effects to vary over the quantiles. However, although Ponomareva

discusses estimation, we are not aware of an implementation of the approach, based on a se-

quence of moments estimators, in either her paper or elsewhere. The approach of Koenker

(2004), based on penalized fixed effects and a shrinkage parameter,97 appears computationally

problematic for large N and small T due to the nature of the objective function (Bache et al.,

2011; Dahl et al., 2009). Abrevaya and Dahl (2008) present a method consistent for fixed T and

allowing the individual effects to differ across quantiles. Due to its relation to the correlated

random-effects model of Chamberlain (1982, 1984), it imposes a particular structure on these

effects; while this need not be too restrictive, estimation might be troubled by identification

issues (Canay, forthcoming).

We therefore chose to implement a simple two-step estimator for uncensored panel data

devised by Canay, which views fixed effects as location shifts. In the first step, we fit a standard

fixed-effects model and estimate the individual effects as the individual-level averages of the

residuals from the linear projection based only on the covariates. After subtracting these, we

estimate a pooled model using QR.

The specification of the individual effects requires care. One option is to estimate both

individual and occupation effects; however, this would mean that individual effects are identical

across occupations, which seems to be at odds with our earlier analysis on uncertainty regarding

243-59). Attempts to estimate a wage model including fixed effects using the Stata command pantob (Honoré,
2009) based on Honoré (1992) were to no avail. See Chay and Honoré (1998) for a successful application.

97See also Koenker (2005, pp. 278-81) for a brief introduction.
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the wage distribution. We therefore select a specification including individual-occupation effects:

Yikt = X ′itβ + ck + ηik + dt + uikt (37)

= X ′itβ + vik + dt + uikt (38)

for individual i ∈ {1, . . . , N} in occupation k ∈ {1, . . . ,m} at time t ∈ {1, . . . , T}; furthermore,

ui ∼ Fk(· ;Xit) with E(uikt|Xit, ηik, ck) = 0.

We do not make any distributional assumptions on the term ηik except that it acts as a

location shift with identical effect across quantiles, but this is inherent in the linear specification.

In the first step, we cannot simultaneously identify both the occupation and the occupation-

individual effect. Rather, we estimate and difference out the term vik as described above. In

the second step, we can again include occupation dummies; differencing out their effect in the

preceding step only leads to a location shift which is constant across quantiles. Performing QR

at different quantiles will then provide us with statistics of the occupation-specific dispersion

after accounting for individual effects.

The SOEP waves from 1991 through 2009 are used to construct a sample of full-time em-

ployed men aged 25 to 55, as in the replication of Bonin et al. (2007) in section 6.1. We deflate

(uncensored) wages according to the German consumer price index (Statistisches Bundesamt

Deutschland, 2011) with base year 2004. Since consistent estimation of the individual effects

requires T →∞,98 we only use individuals with at least five observations. The Mincer specifi-

cation again includes a linear schooling term, a cubic and a quadratic polynomial for experience

and tenure, respectively, and dummies for public sector employment and East Germany as well

as occupations at the ISCO 2-digit level. Furthermore, average risk tolerance is included to

account for its effect as a productive trait.

After computing the by-now familiar dispersion statistics, we again perform OLS regressions

to estimate the relationship of occupational earnings risk and risk attitudes in the 2004 cross

section. The results for the 10-90 spread are reported in table 11. Surprisingly, the coefficient

estimate on risk preferences is negative and significant, though the size of the effect is much

smaller than before. Closer inspection reveals that this is driven by “switchers”, i.e., individuals

who were previously in a different occupation (in the sample period); for this group, there are

clear effects in all parts of the conditional wage distribution (table 12). The picture remains

98Canay proves that the parameters of interest are identified even for fixed T ≥ 2.
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similar if we only use the 2004 cross section for the Mincer estimation after eliminating individual

effects, suggesting that cyclical rather than longitudinal variation is not the main driver of this

effect.

The estimation results suggest that conditional on individual effects, more risk tolerant

agents actually take on lower risk. However, we are rather hesitant about such an interpretation.

The effect may rather be due to differences in occupation characteristics, specifically the capacity

of the employer to observe ability and performance. In occupations which allow precise screening

and evaluation, wage dispersion may be large, whereas other occupations offer only average

wages, which may have a closer tie to firm or industry rather than individual performance. The

enhanced information on workers’ productivity might actually lead to smoother and more stable

compensation paths.

7.3 Stationarity of labor markets

In section 3.1.2, we discussed the stability properties of risk attitudes. Failure of the stability

assumption may bias the coefficient estimates on risk tolerance in section 6 in two directions: 1)

If risk preferences are endogenous and adjust to the occupational risk experienced, the magni-

tude of the effect will likely be overstated, 2) if risk preferences are unstable, but respond mainly

to (random) shocks unrelated to occupational risk, the effect will likely be understated due to

a low correlation between measured risk tolerance and risk tolerance at the time of sorting.

Since there are two sides to risk in our analysis, risk attitudes of individuals and risk profiles

of occupations, it is useful to investigate the stability, or stationarity, of the latter as well; with

data spanning back to 1975, we can cover a lot of ground in this respect. A lack of stability

would imply that similar to point 2), the risk profile estimated in the cross section for 2004 may

not be the one relevant for the (sticky) sorting decision. The effect on our regression estimates,

however, would be slightly more subtle: In contrast to its effect on regressors, measurement

error in the left-hand side variable does not induce attenuation bias; rather, it tends to inflate

the standard errors of regression estimates.

As an admittedly crude measure of stationarity, we extend the estimation of risk profiles

in section 6.2 to the years 1979, 1984, 1989, 1994, and 1999, and compute Pearson correlation

coefficients with occupations as cross-sectional unit (table 13). Working with log wages, we

can ignore inflation and the introduction of the Euro in 2002; both only cause a location shift

constant across quantiles. The correlation coefficient is decreasing in the time span considered,
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but remains positive and high; it is larger than .65 for any pair of years. Results are similar for

the individual median differences and using Spearman rank correlation.

This suggests that the relative wage dispersion of occupations has been rather stable in

West Germany in the period from 1979 to 2004, and that the risk profiles we estimate from a

cross section for 2004 are quite close to those relevant at the point of job entry for most of the

individuals in the SOEP. Of course, the dispersion is to some extent a result of how occupations

are coded and therefore aggregated and grouped together. Since this is constant over time, it

will account for some of the correlation measured. However, the sheer number of occupations

in our classification (130) makes it less credible that this is a particularly great source of the

observed stability.

8 Conclusion

We present evidence for a relationship between individuals’ risk attitudes and the earnings risk

in their occupations, supporting earlier findings of, among others, Bonin et al. (2007). In con-

trast to the latter, our estimation draws on two different German data sets; while individual risk

attitudes and other characteristics are taken from the Socio-Economic Panel (SOEP), we use the

IAB Employment Sample (IABS), composed of administrative wage data, to estimate the risk

profiles of over one hundred different occupations. Along the way, we tackle several econometric

challenges: Since the IABS wage data are top-coded, we use the three-step estimation method

of Chernozhukov and Hong (2002) based on semiparametric methods; due to the high dimen-

sionality of our regressions, additional iterations are crucial for the precision of our analysis. To

estimate the dispersion of wages within occupations, we estimate quantile regressions including

dummies for all occupations, and compute differences of the occupation coefficient estimates at

different quantiles; this elegantly circumvents the problems of residual-based statistics in the

presence of censoring, while controlling for the dispersion effect of covariates. The value of the

latter feature proves considerable in a simulation study.

To estimate the relationship between these dispersion measures and individual risk attitudes,

simple OLS regressions are used. Consistent with regression dilution and attenuation bias, we

find greater effects of risk tolerance measures averaged over responses of several years. This

contributes applied evidence to the discussion surrounding the measurement of risk preferences,

specifically stability and measurement error.
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Our analysis yields the powerful result that a relationship of risk attitudes and employment

characteristics is not just manifested in the choice between entrepreneurship and dependent

employment or the public and private sector. Rather, even within the private sector, more risk

tolerant individuals work in occupations with greater earnings risk. Necessary conditions for a

causal sorting interpretation are briefly discussed; chiefly, we require exogeneity of risk attitudes

and occupational risk.

There are several lines along which our analysis may be fruitfully extended. We have so

far abstracted from unemployment risk; however, unemployment certainly represents a relevant

financial risk, and may even have a psychological dimension. Furthermore, while we have

exploited the panel dimension of the SOEP to eliminate individual effects, there is opportunity

for further research on the relationship of risk attitudes and wage paths, particularly in light

of our surprising results after accounting for unobserved heterogeneity. While the IABS data

are rich in both the longitudinal and cross-sectional dimension, censoring of wages creates

substantial challenges for such an analysis. Hu (2002) presents a GMM estimator and uses the

estimate of the autoregressive coefficient as a statistic for earnings stability for samples of blacks

and whites from the March Current Population Survey and Social Security Administration

(CPS-SSA) earnings record.

Finally, our paper remains silent about the decision on education, taking it as given. There

are divergent hypotheses on the influence of risk attitudes, derived from viewing education as

either insurance (e.g., against unemployment) or a risky investment. The joint decision on

education and occupation may offer fertile ground for future research.
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Honoré, B. E., Khan, S., and Powell, J. L. (2002). Quantile regression under random censoring.
Journal of Econometrics, 109(1):67–105.
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A Statistics and results

A.1 Degree of censoring

Table 1: Degree of censoring by groups of age and education

25-34 35-44 45-54 Total

No degree 0.4% 1.2% 1.0% 0.9%
Vocational training (VT) 0.9% 3.8% 6.2% 3.9%
High school (HS) 7.2% 18.4% 15.2% 12.4%
HS & VT 4.9% 16.9% 20.0% 13.5%
Technical college 11.0% 35.1% 43.4% 32.1%
University 20.0% 47.5% 55.5% 43.8%
Total 3.6% 12.5% 13.7% 10.5%

Fractions of censored wages in the IAB Employment Sample. West German men in full-time
employment — June 30, 2004. Education corrected as discussed in section 3.2.
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A.3 Replication of Bonin et al. (2007)
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A.4 IABS risk profiles
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A.5 Panel risk

Please turn page.
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A.6 Stationarity of risk profiles

Table 13: Temporal stability of risk profiles

1979 1984 1989 1994 1999 2004

1979 1.000
1984 0.818 1.000
1989 0.768 0.902 1.000
1994 0.781 0.854 0.874 1.000
1999 0.654 0.778 0.810 0.899 1.000
2004 0.655 0.694 0.753 0.896 0.922 1.000

Pearson correlation coefficients of 10-90 spread per occupation, estimated as in section 6.2,
across years.
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B Monte Carlo evidence on estimation of dispersion

In this section, we review the performance of the estimation method described in section 5.2

and compare it to a residual-based method. For the former, we use the difference between the

coefficient estimates of the group dummies at the 90th and 10th percentile; in the latter case,

we estimate a conventional OLS regression including group dummies and compute the standard

deviation of residuals per group. After each of 1,000 simulations, we compute the correlation

of an occupation-specific scale σk and the two statistics. The models investigated are stylized

versions of the wage distribution setting in our empirical analysis; specifically, we first consider a

model with only group-specific scale, and then turn to location-scale models in which a regressor

has a heteroskedastic effect.

B.1 Group-specific scale model

The DGP has the following linear representation:

Yik = βXi + ck + σkεi (39)

for i ∈ {1, . . . , N} and k ∈ {1, . . . ,m}, ck
iid∼ N (0, σ2), εi

iid∼ N (0, 1).

In our simulation, we set N = 1, 000, Xi
iid∼ U(0, 1), β = .5, σ = .2, and σk = .1 + .2Uk,

where Uk
iid∼ U(0, 1). Individuals are randomly assigned to one of m = 10 groups according to a

uniform distribution.

Table 14 shows a very similar performance for both statistics, with a correlation close to

unity in each case.

Table 14: Group-specific scale model

Mean Std. Dev. Min. Max.

10-90 spread 0.974 0.023 0.738 0.999
Resid. std. dev. 0.983 0.015 0.861 0.999

Correlation of risk measures with true dispersion
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Table 15: Linear location-scale model

Mean Std. Dev. Min. Max.

10-90 spread 0.900 0.068 0.263 0.993
Resid. std. dev. 0.856 0.104 -0.083 0.992

Correlation of risk measures with true dispersion

B.2 Linear location-scale model

Leaving all else the same,

Yik = βXi + ck + (γXi + σk)εi (40)

with γ = .5. Hence, the independent variable X now exerts a heteroskedastic effect.

Already, the 10-90 spread does slightly better (table 15).

B.3 Nonlinear location-scale model

We adapt the DGP such that the scale effect of the independent variable X is now negatively

related to the occupation variance:

Yik = βXi + ck + [(1− δσk)Xi + σk]εi (41)

For δ = 1,

Yik = βXi + ck + [Xi + (1−Xi)σk]εi (42)

As reported in table 16, the statistic based on QR is a lot more robust in this case, since

the scale effect of X at the different quantiles is explicitly controlled for. The discrepancy will

likely be even larger for more irregular distributions.

Table 16: Nonlinear location-scale model

Mean Std. Dev. Min. Max.

10-90 spread 0.824 0.115 0.295 0.991
Resid. std. dev. 0.676 0.208 -0.284 0.977

Correlation of risk measures with true dispersion
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C Imputation of years of schooling

C.1 SOEP

Like Bonin et al. (2007), we use the variable for years of education included in the SOEP

($BILZEIT ); see Projektgruppe SOEP (2009).

C.2 IABS

Based on the categorical education variable bild of the IABS, we attempt to match the SOEP

coding as closely as possible:

1. no degree at all: 10 years

2. vocational training degree: 11.5 years

3. high school degree: 13 years

4. high school and vocational training degree: 14.5 years

5. technical college degree: 16 years

6. university degree: 18 years
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