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1. INTRODUCTION

Cost-benefit analyses of environmental, workplacel product safety regulations
frequently require estimates of the monetary valutatality risk reductions. This value
typically comes in the form of the value of a sttial life (or, alternatively, the value of
a statistical death averted) and is often estimaigtl wage-hedonic methods Workers
are compensated for choosing to work in risky jobdowever, workers vary in their
idiosyncratic skills and the return to these skitlay vary greatly across occupations. In
this paper we show that worker sorting based oosidicratic returns can bias value of
statistical life (VSL) estimates derived with theage-hedonic technique, and we
demonstrate a pair of new empirical strategies dwect for this source of bias. In
particular, we employ methodology introduced by &ayhan, and Timmins (2011) to
control for polychotomous selection when individueare about more than just pecuniary
returns. This technique extends the idea originptisited in the Roy model (1951),
which explains occupational sorting as a functidnooly wages. The extension is
appropriate for wage-hedonics since, in those nspdebrkers sort across occupations
based on non-pecuniary job attributes like fataiii in addition to their wagés.

Correcting for this bias is both empirically impamt and has significant policy

implications. For example, we estimate the VSLrfan aged 18-60 to be roughly three

! The value of a statistical life (VSL) is constretfrom individuals’ revealed or stated willingnéss
trade-off other consumption for a marginal redutiio fatality risk (e.g., risk of on-the-job fatgliin the
context of wage-hedonics). Suppose, for exampég,dn individual is willing to pay $40 for a pafithat
results in a 1-in-100,000 reduction in the charfogying. If we were to take 100,000 individuals
confronted with this choice, the policy would legadne fewer death among them. Although none ageh
individuals know which of them will be saved by th&licy, their aggregate willingness to pay is 40 x
$100,000 = $4 million. This number is taken as\i&.. If asked for a willingness to pay to avoid br
her own particular death, any one individual wondd be able to give a credible answer to the vghiess-
to-pay question.

2 The estimation strategy described below also ppbcations in other empirical contexts — for exdenp
individuals migrating across cities, where utilisydetermined by both the wages and local amenities



to four times larger (and statistically significamthen we correct for “Roy sorting” than
the VSL based on the same data but estimated waitlitional techniques. We find this
bias, moreover, in age-specific VSLs that exhikatt@rns similar to those found by
previous researchers. Our estimates of VSLs fon&oare reasonable in magnitude and
statistically significant, unlike their counterpmrbased on traditional wage-hedonic
techniqgues. These larger estimates of the VSL qlwhare also less sensitive to
specification) suggest a greater willingness amangericans to pay for reductions in
fatality risk through environmental, workplace, apdoduct safety regulations than
previously believed.

This paper proceeds as follows. Section 2 desctitbe Roy model and explains
why we should expect sorting based on idiosyncraticrns to yield biased estimates of
the VSL calculated with traditional wage-hedonichi@iques. Section 3 discusses how
our estimators deal with (or fails to address) satier well-known problems with the
wage-hedonic approach. Section 4 describes tleveatuse to implement our modeling
strategies, including information about individwadrkers from the CPS, data describing
occupational fatalities from the Bureau of LabaatiStics, and data on other occupational
attributes from the Department of Labor’s Dictionaf Occupational Titles. Section 5
outlines our estimation strategies, which identyprkers’ risk preferences in the
presence of Roy sorting. The first is based ondsted Roy modeling assumptions —
linearity and independence; the second relaxesttbag distributional assumptions and
replaces independence with a weaker condition reed quantile independence. Section

6 reports the results of our estimation procedwaksgside results derived from a



traditional wage-hedonic procedure, and discudsesdsults of a number of alternative

model specifications. Section 7 discusses potigylications and concludes.

2. ROY SORTING BIAS IN THE WAGE-HEDONIC ESTIMATE ©BTHE VSL

Rosen (1986) refers to the theory of equalizindged#hces as the “fundamental
(long-run) market equilibrium construct in laboroaomics.” It explains how the
difference in wages between risky and safe jolggisrmined — if some jobs are less safe
than others, the market equalizing difference (@nipensating differential”’) is set so
that enough workers sort into the risky occupatmuelear the market. This was the idea
behind Thaler and Rosen’s (1975) seminal reseanchsmng labor market outcomes to
value life — i.e., wage-hedonics.

A second literature in labor economics has examitieel implications of
idiosyncratic differences in the returns to workeaitslities for their choice of occupation.
These implications were first demonstrated by RI85(), whose name has since been
associated with this class of sorting models. & behind the Roy model can be
illustrated in a simple example. In an economyhwiist two occupations, workers who
choose occupation #1 over occupation #2 receivatgrepecuniary returns from this
choice than those workers who chose occupationgtldahave received had they chosen
occupation #1c¢eteris paribus The difference between the wages received bkavsiin
occupation #1 and occupation #2 will not, therefosdlect the difference between the
wages that theverageworker would have received in each sector. In ghmeplest
possible case, this type of sorting does not cregimblem for measuring compensating

wage differentials. However, with only minor conegtions, it can have important



implications for the ability of wage-hedonics tacoger the value of any job attributes
(including fatality risk). In particular, the docton and size of the bias induced by Roy
sorting depends upon the relative sizes of theawmaas of the unconditional wage
distributions in combination with the correlatiori mdividuals’ wage draws across
occupations. Heckman and Honoré (1990), however, prove thasehunconditional
distributions cannot be recovered without firstumssg a value for the correlation in
individuals’ wage draws across occupations. Th&vés the researcher in a difficult
position with respect to the bias in the wage-héxestimate of the VSL induced by Roy
sorting — one needs to first assume a degree oélaton in wage draws in order to
recover the unconditional wage distributions, the tegree of correlation itself affects
the size of the bias induced by Roy sorting. loti®a 5, we demonstrate how one can
avoid this problem and correct the sorting biastha VSL (i) without knowing the
unconditional wage distributions and (ii) with onlkery weak assumptions about the
correlation in individuals’ wage draws across oatigns. Our proposed procedures
yield estimates of the VSL that are three timegdathan that derived from the traditional
wage-hedonic technique.

Before proceeding, we pause briefly to note that foaus is on identification
strategies that do not rely upon covariates. Itleation of the Roy model is difficult
(even without the introduction of non-pecuniarytéa$ under the sorts of arbitrary
correlation patterns that we allow for; it has gailg been shown to require some form
of “identification at infinity”. We rely on a sirtar argument. That said, the introduction

of covariates (if motivated by a valid exclusiostrection) could relax, to a certain extent,

% In particular, by making the variance in occupat® larger than that in occupation #1, we coulkha
made the bias in the VSL go in the opposite diogcti



the need for such an assumption. We do not, haywhage such a motivation for any of
the covariates available to us in this application.

While our preferred estimator is straightforward itoplement and does not
depend upon covariates, it does require a lot tteerdata — in particular, estimates of the
minimum order statistics associated with each ohuanber of conditional wage
distributions. While the quality of the wage data use in our empirical application is
quite high, we concede that in many application@sueement error and outliers can
make it difficult to accurately estimate the minmmuorder statistic, which would

complicate the implementation of our extreme queamstimator.

3. OTHER PROBLEMS WITH THE WAGE-HEDONIC ESTIMATEFROTHE VSL

The wage-hedonic technique has been both extepsiv&d and rigorously
scrutinized for decades. Even with all its problemswever, it remains prevalent in
policy making. In this section, we present a baeérview of the large literature on the
VSL. Viscusi and Aldy (2003) provide a comprehgasdiscussion, paying particular
attention to the wage-hedonic technique and theblpmes that can arise in its
implementation. Consider, for example, the role whobservable individual
heterogeneity. One particular form of such hetenegty is worker productivity. Hwang
et al. (1992) demonstrate that if workers can bsstfied as high or low productivity (i.e.,
if there is positive correlation in wage draws asroccupations) and if high productivity
workers choose to take some of their compensatiothe form of lower fatality risk,
wages in low-risk occupations will look too highdatihe estimated fatality risk premium

will be too low. This problem has been addresseeailier work with longitudinal data,



identifying individual fixed effects with either)(workers who switch jobs or (ii) time-
varying fatality rates within a job. [See, for exaley Brown (1980), Black and Kneisner
(2003), and Kniesner et al. (2006)] Our prefemstimation approach will, conveniently,
account for this source of bias in that (i) it ases workers take account of both wages
and job attributes (including fatality risk) whehaosing an occupation, and (ii) it is
robust to any form of correlation in workers’ wadraws (i.e., workers can have differing
productivities).

A separate problem arises if there is unobservabterogeneity in individuals’
ability to avoid risk. Shogren and Stamland (200&e that estimates of the VSL will be
biased upward if there is heterogeneity in unolsdes safety-related skills. The
presence of safety-related skills means that het@kers face the same risk on the same
job — alternatively, some workers may simply badreat avoiding accidents than others.
The compensating differential is determined by nirerginal worker, who will have the
least amount of safety-related skill among workerthe risky job and thus will face the
highest risk. If the average risk faced by workerghe risky job is instead used to
calculate the estimate of the VSL, that estimatélvei biased upward. Our estimator, in
its current form, is unable to allow for idiosynticaexposure to risk.

A third problem arises when individuals have hagereous preferences for risk.
In particular, workers who put less value on saBey more likely to sort into risky jobs,
biasing downward wage-hedonic estimates of the emsgting risk premium. While
panel data and individual fixed effects provide @wmdution to this sort of preference-
based sorting, researchers have also used infammatout seatbelt use [Hersch and

Viscusi (1990), Hersch and Pickton (1995)] or smgkbehavior [Viscusi and Hersch



(2001)] to control for risk preferences. While we not employ data of this sort, our
estimation approach does permit distaste for tgtaikk to be modeled as a function of
these sorts of observable characteristics.

There are a number of other problems that may ai® using wage-hedonics to
measure the VSL. For example, wage-hedonic tedesigften ignore quality of life
impacts, as well as the effects of life expectahchhey usually measure the disutility of
facing a particular kind of death that is neithemsnor protracted, and which does not
involve a significant latency peridd.These techniques may not, therefore, be good for
valuing avoided deaths from cancer. [Savage (19&Yesz (1999)] Scotten and Taylor
(2007) demonstrate that one should not even tifateht sources of on-the-job fatality
risk (e.g., accidental, transportation related, dealth from violent assault) homogenously
in a wage-hedonic equation. Because they focudabar market outcomes, wage-
hedonic techniques are not useful for valuing tiesl of children and the elderly. For
these and other problems, there are a variety tefnative techniques for calculating
VSLs including stated preference, human capitalr@gghes, and quantifying the risk

tradeoffs agents make in non-labor market settingmally, it is unclear how well actual

* DeLeire and Levy (2004) provide empirical supgortthe notion that workers who, based on their
observable characteristics such as sex, maritaisstand whether they have children, likely hageater
distaste for dangerous work tend to choose safarpgations.

® Notable exceptions include Viscusi and Aldy (20a@)o find that VSLs follow an inverted-U pattem i
age, and Alberini et al (2004), who find lower VSbs those over the age of 70 using stated preferen
techniques. Other researchers have also foundhthatSL declines at higher ages — see Table 10 in
Viscusi and Aldy (2003) for a summary. In conty&ith et al (2004) find no evidence of lower VSbs
older individuals.

® Lott and Manning (2000) use a hedonic wage metbastimate compensating differentials for exposure
to environmental concinogens in the workplace.

" Ashenfelter and Greenstone (2004), for example stetes’ decisions to raise speed limits as evigen
that the median voter was willing to incur an irased risk of driver death in exchange for lowevdta
times. Atkinson and Halvorsen (1990), Dreyfus ¥itusi (1995), and Li (2006) look at the willinggse
of automobile buyers to trade-off risk of deathhadperating expenditures and purchase price. Blishq
(1979) and Hakes and Viscusi (2007) use driversisiens to employ seatbelts in order to recover
estimates of the VSL, and Carlin and Sandy (19913awith data on individuals’ decisions to usddhi



on-the-job fatality risks proxy for the risks a Wwer perceives when he decides to accept

or reject a wage offer.

4. DATA

We use data from three different sources for otimege strategy. First, we use
data on hourly wage rates and occupations fromQhgoing Rotation Groups of the
Current Population Surveys (CPS). Second, we asa dn fatal and non-fatal risks
associated with each occupation that we constychérging Bureau of Labor Statistics
data on injuries and deaths with CPS data in agolwre described below. Third, we use
data on the occupational characteristics (besidpgsyi risks) from the Dictionary of
Occupational Titles (DOT).

We record wages and occupations from the CPS hggRotation Groups
Surveys from 1983 through 2002. We restrict thea datthese years because 1983 and
2002 are the first and last years that the 198@matconal classification was used in the
CPS. In particular, to determine occupation wernesponses to the question “What kind
of work was ... doing [last week]?” Our sample in&sdall individuals who were
employed during the survey week. This yields @et&,434,820 workers.

We assign fatal and non-fatal injury risks to eachupation using data from the
BLS Survey of Occupational Injuries and lllnessed the Census of Fatal Occupational
Injuries. These data provide counts of injuried &malities at the 3-digit occupation

level from 1992 to 1999; there is also informatimm the severity of non-fatal injuries,

safety seats. Portney (1981) and Gayer, Hami#tnd,Viscusi (2000) use tradeoffs between housing
expenditures and mortality from air pollution arahcer (caused by proximity to Superfund sites),
respectively.



including the median number of days missed fromkwamr injury within an occupatioh.

In some cases the data are aggregated across ®atigpations; we aggregate all data to
correspond to the 2-digit detailed occupation resoid the CP8. We use monthly CPS
data to calculate hours worked over this perioéanh category to transform the counts
into risks (the number of injuries per 100 full-enworkers):® We also calculate
“anticipated” days of work lost due to nonfatalunj by multiplying the risk of nonfatal
injury by the median days lost per injury within eccupation. We then average over the
period 1992-1999 in order to minimize the effedtyear-to-year noise. Average annual
risk of death on the job is 0.005 for all men (aedor every 25,000 men) and 0.002 for
all women (or one for every 50,000 women).

We also use data on other job attributes from tingidnary of Occupational
Titles. The DOT is a reference manual compiledh®yU.S. Department of Labor that
provides information about occupations. It attesnpoth to define occupations in a
uniform way across industries and to assess theacteaistics of occupations. The
analysis of occupational characteristics was coteduthrough on-site observation and
interviews with employees. The DOT data were aqoiestd by analysts assigning
numerical codes to 43 job traits. We create sixeggte variables from the underlying
DOT variables to describe occupational charactesissubstantive complexity, motor
skills, physical demands, working conditions, areaskills, and interactions with people.

A detailed list of the variables used to constthese data is provided in Table 1. Table 2

& Note that simply being able to miss days from waifter a non-fatal injury may be a positive amenity
associated with many jobs.

° The categories do not correspond perfectly taCtaesus detailed occupation recodes; we collapsescod
40, 41, and 42 into a single category since thaifatdata are not available for these categoriesway
that can be disaggregated.

10 A full-time worker is assumed to work 2,000 hoveslr, so that the risks we calculate are per 200,00
hours worked.

10



summarizes the attributes of each occupation. hidigest risk occupations (in order) are
(1) forestry and fishing, (2) motor vehicle opevas, (3) other transportation
occupations, (4) farm workers, and (5) construcgtfogight, labor. All other occupations
average less than one death per 10,000 workersyeach

The data used to construct hourly wage rates foramalyses come from the
Bureau of the Census, Current Population Surveyg@hg Rotation Groups files from
1983 through 2002. Wages are inflated to 2005adolising the CPI-U-RS. Workers’
hourly wage rates are either (i) the reported howdge (for the 60 percent of workers
paid on that basis) or (ii) weekly earnings dividegl weekly hours (for the other 40
percent of workers): To avoid measurement error from using wages dértom salary
and “usual” hours data, we drop the latter groupvofkers for our primary analyst8.
The focus of our investigation is therefore on “tiguworkers. This group has received
much of the attention in previous VSL studies. pusi and Aldy (2003)]

Table 3 summarizes the data describing hourly wsrkdn particular, the table
reports means for attributes of men and women, dwralown according to whether the
individual works in a high or low risk occupatibh. There are a few interesting points
that can be made simply by looking at these rawa.d8en in high risk occupations earn
more on average than those in low risk occupatievsn though the latter are more likely
to be college educated. This suggests the soraridtion in the data that would yield a

positive VSL. Men in high risk occupations arewewer, also more likely to be older,

" Imputed data on wage rates were used to descrine Bourly workers. In cases where individuals do
not provide complete responses to the Census Bumeariewers, the Census Bureau imputes the ngssin
data using the information provided by a differezgpondent with some of the same characteristibenw
those characteristics were likely to be associaiiuthe missing data.

!21n Section 6.3, we do report a separate set afteefor salaried workers.

13 The individual is considered to be in a high skcupation if that occupation has fatality risk e@the
median risk across all 43 occupations (i.e., 1.&&dths per 100,000 workers each year).

11



married, union members, fulltime workers, and whit@l of which are factors that would
likely contribute to their being paid a higher wag&his highlights the importance of
controlling for individual heterogeneity when apply our estimator. We describe how
this is done in the following section.

Unlike their male counterparts, women in high mskupations tend to earn lower
wages. Like men, women with any college training lass likely to work in those jobs.
Across most other attributes, women are similaspective of whether they work in a
high or low risk occupation. Finally, note that8®f men work in occupations classified

as high risk, while only 35% of women do so.

5. IDENTIFICATION
5.1 Estimation Strategy #1: Normality and Indeparze

We begin by describing a simple estimation stratdtat corresponds to the
traditional normal Roy model, but incorporating fmecuniary returns; for a detailed
description, see Bayer, Khan and Timmins (2011ilikg the estimator described in the
following subsection, this model relies on an inglegence assumption, but requires no
assumptions about wage distributions’ supportsstelrd, it relies upon two alternative

identifying assumptions: (i) the unconditional distition of log-wage in occupatignis
normal with meanz; and varianceaf, and (ii) wage draws for individual are
independent across occupatidfs.

To explain this estimator, we consider a simple ehad individuals sorting over

two occupations, indexed by #1 and #2. Withous lof generality, we normalize the

14 This latter assumption also underlies the traditiavage-hedonic model estimated with cross-seation
data (with panel data, individual fixed effects &deen used to control for unobserved worker
productivity).

12



taste for occupation #1 to zerg € 0). We also assume that there is no idiosyrcrat
component to the taste parameter (i.e., we assoateutility is a function ot; instead of
7ij). There are two important points to make aboig #ssumption. First, a similar
assumption underlies the derivation of the tradéichedonic modef As is the case for
that model, we can run our estimator separately different observable types of
individuals, subsequently allowing taste parametstimates to vary with observable
individual attributes. Allowing tastes to vary Wwitdiosyncratic individual unobservables
is more difficult. If utility is a function of idisyncratically unobservable tastes, our
model (and likewise the traditional wage-hedonicdelp may yield biased estimates of
average tastes;, In our model, there is no reasarpriori to expect that bias to go in a
particular direction wheng is decomposed into its constituent job attribjeese of which
is fatality risk). We describe this decompositiprocedure below, along with the
circumstances under which we would expect the iniasto be upward or downward in a
simple two-sector model.

We define a variable;, which functions as an indicator that individuathose

occupation #1:

(1) d; = l{w; >w,; +7,]

Using this indicator, we can write down an exprasdor individuali’s observed wage:

(2 w =da; +(1-d)w,;

15 One exception to this is the model described jBand Benkard (2005).

13



i.e., the individual receives his draw from occumat#1 if it was utility maximizing to
choose that occupation. Next, we define the falhgwoint probability distributions, both

of which are easily observed in the data:
) W(t)=P(d =1Lw <t) W, (1) = P(d, =0, w, <1)

We will also work with the derivatives of these exgsions, denoted by:
0 0
4) lﬂl(t)=EP(di =l w <t) lﬂz(t)=EP(di =0,w <t)

Focusing on the expression fdf,(t), we exploit the assumption that wage draws
(conditional on observable individual attributesg @ssumed to be independent across

sectors to re-write it as follows:

W, () =P(d =L w <t)

(5) =P(w; >w,; +1,,4,; <t) = Plw,; -7, >w,;,w; <t)

w1,

- [h@de [L@)do, = [ L@ F@-1,)da

This means thaj;(t) can be defined as:

14



©) v = 2 [ (@) Fy(@-1,) day = £,(t) Fy(t-1,)
ot )

An analogous argument defings(t):

CIACESA [ £,(@) Fi@, +1,) da, = 1,0) F(t+7,)

Going back to the final integral in equation (5)dacarrying out integration-by-parts

yields:
8) W)= [f(@F(w-1)da = FOF,{t-1,)~ [F(9)f,(s-7,)ds

Performing a change of variablas= s—r1,, equation (8) becomes:

t-r,

9 LIJ1(t) = Fl(t)Fz(t - Tz) - IFl(U + Tz) fz(u)du

Next, we use the expressions a(t) andy»(t) defined in (6) and (7) to re-write equation

(9) as follows:

FOw.t)

10) ()= [v(udu

15



Noting that the integral term in (10) is simply,(t-7,), we can solve for the

distribution ofw; as a function ofy:

1) An=nl - 4l
RO T WO W, t-Ty)

where),(t) is a function of the unconditional wage distribatin location #1. (11) is a
single equation in two unknown;(t) andz,;) when evaluated at a particular valuet,of
and therefore wesannot identify both of these values without making ardiadnal
assumption. Thus we first attain identification Bgsuming normality of the wage
distributions. Assuming ift) is the cumulative normal distribution with meapn and
variances;” would, however, reduce equation (11) to threempatars. That number of
parameters does not increase, moreover, as wedeonie expression evaluated at
different values of. By forcing the equation to hold for many valwég, we therefore
have more equations than unknowns and can easiifg the model’'s parameters. In
fact, the overidentification immediately allows fdhe possibility dropping the
independence assumption, and assuming a bivariatmah distribution in the two
location model. However, as the number of locatiooseases, estimating all the pairwise
correlation parameters in a multivariate normalrttistion becomes intractable for a
large number of locations as in our empirical agtti

The preceding derivations scale-up naturally to mamber of occupations. We
can, therefore, estimate the model in our occupati®orting context by forming a

minimum-distance criterion function based on equat{11l). In our application,

16



minimizing this objective function would require s search over a high-dimensional
parameter space (i.e., forty-three means, fortgehwariances, and forty-two taste
parameters, which could then be regressed on arvetjob attributesj® As mentioned,
the dimension grows even larger if we were to dtbptindependence assumption. We
therefore maintain independence and make one fusthmplifying assumption in order to
facilitate estimation; in particular, we write tteeste parameter as a function of observable

occupation attributess, = X' £, normalizing the intercept in the taste decompmsito
p J J

zero. We therefore need to only estimate efyparameters instead of a separqat®r

each occupation.

5.2 Estimation Strategy #2: Extreme Quantile Eston

Our second approach to identification relaxes theong assumption of
independence across wage draws (which recall waeegaired theoretically but needed
for implementation with a large number of locatipas well as the normality assumption
on the marginal distributions of wages. As will described below, we replace these two
assumptions with a support condition as well asuantjle independence condition.
Relaxing the complete independence assumption ef pitevious section can prove
important in properly controlling for the bias ihet estimated value of fatality risk
reduction. As in the previous sub-section, we desoour identification strategy with a
simple model of sorting by individuals into onetafo occupationsj(= 1, 2). We begin
by modeling individual’s utility from choosing occupatiopas the sum of wages:()

and tastesz{):

18 |n this unrestricted specification, one of theggsarameters must still be normalized to zero.

17



(12) U, =w, +T1,

1]

As in the previous subsection, we assume that teeme idiosyncratic component to the
taste parameter. Without loss of generality, waragormalizer; = 0. At this point, the

goal of our exercise is to recover an estimate.ofThe difficulty in doing so arises from
the fact that we only see (i) wage distributionaditonal upon optimal sorting behavior,
and (ii) an indicator of which occupation an indival chooses. In particular, for an

individuali, we only observe; ; if:

(13) w,+r,2w,

Alternatively, we only observe; ; if:

(14) w,+r1,<w,

Denote the smallest wage (i.e., the minimum ordatistic) that we observe from

someone choosing occupation #1 or #2\gyand w,, respectively.
Next, we assume that the unconditional distrimgi@f w; and w, have finite
lower points of supports (or extreme quantiles)aded by «j and «,. Our main

assumption used for identification is that the lstygossible wage draw an individual can
receive in one occupation is independent of theigclvage draws received in other

occupations. We refer to this condition as “exiegouantile independence”. That is, one

18



particular conditional quantile of the first randmariable (in our case, the extreme lower
support point), does not vary with the value of titeer random variable. Note this

assumption is weaker than the full independencenagson, which would impose that

every conditinal quantile of the first random vat&is invariant to the value taken by the
second random variable. Under this assumptionknesv the smallest value @f; that

we could ever see, given that individuals maxinutikty, is:

W, =) it w>wtr,
W, =@, +7, if WS+,

(15)

Similarly, the smallest value of, that we could ever observe would be:

(16) W, =, if WS+,
_2:a)1*—l'2 if a);>a);+r2

In order to make sense of (15) and (16), definddHewing two cases:

Al w>w +T
(17) @
B: w<sw+r,
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We are not able to tell whether case A or B prevailthe data without first recovering an
estimate of,, which is the object of the estimation proceduB@anveniently, we are able
to recover an estimate efin either casé’ In particular:
(18) r,=w,-w,
Equation (18) therefore describes our minimum orstatistic estimator fot, in the
simplest two-occupation case. Figures 1 and Ztite the intuition underlying this
estimator for cases A and B, respectively. Thevhedashed lines in each figure
correspond to the minimum order statistics that ldvdoe observed in the data (i.e.,
w, =w andw, =« -7, incase A, andv, = w, +7, andw, =, in case B). In each
case, the difference between the heavy dasheditieasfiesz,.

We return briefly to the question of bias if theet data generating process is
characterized by idiosyncratic tastes)( whereas the model assumes common tagjes (
If case A prevailed, there could be some individuigh both a very low wage draw and a

very high draw forg,. If this individual’'s draw fors;, was large enough, she could be
compelled to accept a wage draw as lowasi.e., w, = @,). In this case, our estimator
would reportz, =w, —w, =& —&,, which would be the largest possible case of ugwar
bias in the average, .

Alternatively, in case B, there may be some irdiral who gets a very small wage

draw in both sectors (i.eq) and w,), but who also has a very small valuezgf (in

17 By exploiting information contained in the extretads of the wage distribution, this approach tagh
in common with the “identification at infinity” sitegy for estimating treatment effects under siglect
described in Heckman (1990).
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particular, 7, , <@ —a,). This individual would be compelled to acceptage draw in

sector #1 equal tay , so thatw, =« . Presuming there are other individuals with large

7,,’Ss, W,=a,. Our model would therefore yield an estimate loé tmean taste

I, =W, -W, =& —a,, which is downwardly biased.
While it is simple to explain the direction of th&as in each case for the simple
two-sector model, things become far more complata@teour application with forty-three

occupations. The estimation remains straightfodwhut the number of potential “cases”

becomes very large. Moreover, there is no reas@xpect that any particular, (or the
subsequent estimates of the marginal disutility fathlity risk based on those,

estimates) should be biased in one direction orother because of idiosyncratic tastes.
We therefore proceed assuming that utility is acfiom of common tastes.

We reiterate at this point that, at no point ie @receding discussion were we
required to say anything about the relative siZethe variances of wage draws across
occupations or the correlation in an individual’agedraws across occupations (except
at the extreme quantile). Correlations at all ptiigantiles that are positive, negative, or
zero are all consistent with this model. Idenéfion relies only on differences in the
supports of different conditional wage distribusonThis requires that the wage draw in
one sector does not affect the lower support ofvthge distribution in the other sector.
The strength of this approach is, however, thatldés not require us to make any
assumptions about the dependence of any other iguafitone wage distribution on

draws from another.
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The theory used to describe the simple two-occapatase scales-up naturally to
any number of potential occupations. With morenthao potential occupations,
however, we require some additional notation. @msthe following three-occupation

system with wages for individualdenoted byw,;, w2, andws;. We denote the lower
supports of each occupation’s wage distribution &y, «,, and w,. We therefore
normalizer; = 0. For individual, we observev;, where:

W= gl >max(e,; +7,,6, +75)]+

(19) W, | [wz,i T, > max(a)l,i 0t )]+
W, | [w3,i T, > max(wn Wy 7,)]

We also observe an indicator corresponding to whaxtupation individual has selected

—i.e.,dq, d2j, andds;i. We note that, under convex supports for all cemd/ariables and
assuming finite lower support pointsd(, «,, «,), we have the following conditional

minimum order statistics:

w, =min(w, [dy; =1) = max(w;, @, +7,, & +7;)
(20)  w, =min(w; |d,; =1) =max(w;, @, +7,, @, +T;) — 7,

Wy =min(w; [dy; =1) =max(a, @, +7,, @ +7,) — T,

Notice thatrs is equal to(w; —w,), while z; is equal to(w, —w,) .

With estimates ot for multiple occupationg = 1, 2, ..., it becomes possible to

decompose the taste parameter into the utility ceffeof multiple non-pecuniary
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occupation characteristicsX (including fatality risk), along with an unobserved

occupation attributey, by way of regression analysis.

(21) 71,=X|B+¢,

6. RESULTS
6.1 Traditional Wage-Hedonic Model

In this section, we describe the results of tlaets of estimation procedures. The
first is based on the traditional wage-hedonic nhdolerecovering marginal willingness-

to-pay for reductions in fatality risk. In partlen, we estimate a regression of the form:

(22) w,=a,+Za, +a,FATAL + X a, +¢

wherei indexes workers andindexes forty-three occupation categofiesZ is a vector

of variables describing workeincluding:

HSDROP worker is a high-school dropout
HSGRAD worker is a high-school graduate
SOMECOLL worker has completed < 4 years of caleg
COLLGRAD worker has a four year college degree
AGE age measured in years

18 This assumes, of course, that¥[= 0, which may be violated if there are impottamitted job
characteristics. In our application, we deal wftis concern directly by employing the best avddatata
describing occupation attributes. Alternativefygrie believed that correlated unobservable jatibates
were time invariant, and if one could exploit tingiation in fatality risk, it would be possible ¢éstimate
multiple taste parameters (i.e., a different veftoreach time period), pool them over time, arclude
occupation fixed effects in equation (16) to dethwhe endogeneity. See, for example, the datd by
Costa and Kahn (2004) in their analysis of chargéise VSL from 1940-1980.

¥ We also estimated a set of traditional wage-hexspécifications using the natural log of hourlyges
as the dependent variable. These specificatiaid i statistically significant and positive redaiship
between fatal risk and male wages and a statiltis@nificant, but negative relationship betweataf risk
and female wages.
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AGE2 age-squared

MARRIED worker is married and lives with spouse
UNION worker is a union member

MSA worker lives in a metropolitan area
FULLTIME fulltime worker (i.e., hours > 35 per wk)
PUBLIC worker is in the public sector

BLACK worker is African-American

OTHER worker is other race (non-white)
HISPANIC worker is of Hispanic decent

NEW ENGLAND worker lives in New England censusiogg
MID-ATLANTIC worker lives in Mid-Atlantic censusegion

EAST NORTH CENTRAL worker lives in East North Ceadtcensus region
WEST NORTH CENTRAL worker lives in West North Caadtcensus region
SOUTH ATLANTIC worker lives in South Atlantic cens region
EAST SOUTH CENTRAL worker lives in East South Cahttensus region
WEST SOUTH CENTRAL worker lives in West South Cahtrensus region
MOUNTAIN worker lives in Mountain census region
PACIFIC worker lives in Pacific census region

Xis a vector of non-pecuniary occupation attributibeer than fatality risk. These

include:

NONFATAL “Anticipated” days of work lost due to ntatal injury.

SCMPLX Substantive complexity, including complexdtf/function in
relation to data, general educational developmetlligence,
numerical aptitude, adaptability to performing rgpee work,
sensor or judgmental criteria, specific vocatigma&paration, and
verbal aptitude.

MSKILL Motor skills, including color discriminatiorfinger dexterity,
manual dexterity, motor coordination, and complekxitrelation to
things.

PHYDDS Physical demands, including climbing andcabaing, eye-hand-
foot coordination, dealing with hazardous condisi@an outside
working conditions, stooping, kneeling, crouchinggcrawling.

WORCON  Working conditions, including extreme caddfreme heat,
wetness, or humidity.

CSKILL Creative skills, including abstract and drea activities, feelings,
ideas, or facts.
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INTPEOPLE Worker interactions with people.

The main variable of interest is the fatality ressociated with occupatignrepresented
by FATAL (the number of deaths per 100 full-timenkers) which we defined above.
Recognizing that the value placed on certainghbbutes may differ with worker

attributes, we also estimate a regression of tha:fo

(23) W, =a,+Zia, +a, FATAL + X[a, + (X ,dy)'a, + (XA ces0) 05 + &
whered.q is a dummy variable indicating that SOMECOLL =rilGDLLGRAD= 1, and
dace>401S @ dummy variable indicating that the individisabver 40 years of age. At this
stage of the analysis, we restrict our estimatéhefcompensating differential in wages
(and, hence, the VSL) to be constant across wodtaibutes, but we relax this
assumption below.

We then take the estimate of the marginal willeggito-pay to avoid fatality risk,
oz, and scale this up by a typical number of hourskew in a year (2,000) and by the
number of workers over whom the annual fataliti isas measured (100). This provides
us with our estimated VSL.

Table 4a describes the results of regression emsaf22) and (23) for both men
and women where the dependent variable is the )wouaige. Table 4b describes the
corresponding results where the dependent varialilee log hourly wage. In each case,
we estimate two specifications — one in which we wgrker-occupation attribute

interactions, and another in which we do not. r&Bults reported in this section of the
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paper are based on a trimmed sample that dropadaiduals reporting wages lower
than the federally mandated minimum wage in ther yafa observatiorf>®* 95%
confidence intervals, which were calculated allayvifor clustering at the occupation

level, were computed using an(n) /n bootstrap method.

6.2 Results: Normality and Independence

The practical difficulty in applying each of thetiesators discussed in section 5
arises in controlling for the rich set of worketridutes provided by the CPS. One
alternative is to divide the data up into very dngabups and apply the estimator non-
parametrically to each group (we provide some tesalbng these lines in subsection
6.4). An advantage of such an approach would aewk would be able to estimate taste
parameters that vary with observable individuaftitaites. The problem that arises,
however, is that for a particular group (e.g., klawn-Hispanic, married men aged 18-30
with a high-school education, living in an MSA ineN England, who are fulltime
workers but not in the public sector), we may békety to see many individuals in a
particular occupation (e.g., machine operatord)e @stimator becomes very sensitive to
the wages of the few individuals we do see, and thwe see no workers in a group. At
the other extreme, we could choose not to contmolrfdividual attributes at all, but then
we would derive our measure of the VSL from the @gmgnd occupation choices of a

potentially unrepresentative group. In this and tbllowing subsection, we therefore

2|n many years, CPS wages are top-coded at a nbwaihee of $99.99. We drop all observations
nominally at or above this top-coded value in ewegr. Dropping observations with wages below the
federally mandated minimum wage reduces the inflaesf mismeasured wages, particularly in the lower
tail of the wage distribution. Results without kemtrimming are reported in the sub-section 6.2.

2L Keep in mind that, in the traditional wage-hedamiadel, a disamenity enters the wage equation
positively, indicating a positive wage differentiid to compensate for the unattractive job atteb
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adopt a two-stage estimation procedure that inteslisome parametric modeliffg We

first estimate a regression of the form:

(24) W, =B, +Z/B + U

1]

where W . is individuali’s observed wage in occupatipnhaving differenced out the

g

mean of all wages earned by workers in occupgtiofi; measures workefs wage in

occupatiorj, purged of the effects of observable individuafilaatesz;:?3

(25) 4(” =W =By —ZiB

We then use&;; as our “wage” in implementing the lower bound restior. This allows
us to compare different individuals without haviogdivide them into unreasonably small
sub-group$?

Table 5 describes the outcome of the normal Royingprmodel with non-
pecuniary returns applied to the sample of malerliionorkers earning more than the

federal minimum wag& We evaluate a minimum distance criterion functimsed on

% This two-step approach is similar to that emploggdBajari and Kahn (2005), who face a similar
problem of needing to perform non-parametric edimnawith an abundance of covariates.
2 Note that we uswj, not \/‘\/i'j , in derivingd;. &; should be purged of the effects of observableviddal

attributes, but not of the level-effects attribuéato being in different occupations.

%4 This assumption does impose the constraint theajibutes and worker characteristics enter adujt
in determining a worker’'s wage. This is restrietibut not significantly different from the assuiopt
usually maintained in the VSL literature. We halso estimated specifications that relax this agsiom
as well as specifications that allow the effectvofker characteristics to vary by occupation. Ehes
specifications, available upon request, yield munimorder statistics that are very similar to thos&ined
from the specification presented in this paper.

% gpecifically, we apply the procedure to the “puteage data that were created by removing the
variation in wages explained by observable workeibates (i.e.&; from equation (25)).
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equation (11) at 200 values of log-wages evenlycaspabetween 0.25 and 4.75.

Standard errors are bootstrapped from 800 re-sampBecause we are modeling log-
wages, the coefficient on fatality risk needs taradtiplied by the wage rate before being
converted into a VSL. We use the average wageniem rate in the sample ($13.16).
The result is a statistically significant VSL estite of $8.05 million; we compare this
result to the results of our extreme quantile aradlitional wage-hedonic procedures

below.

6.3 Results: Extreme Quantile Estimator

We carry-out a comparable set of specificationswfextreme quantile estimator.
In particular, normalizing the taste parameterddarge occupation (i.e., occupation #34
— construction trades) to be zero, we recover @s@sof the taste parameters for the
remaining sectors according to the formula:

-<

34 2

(26) 7,=¢

and carry out the second-stage regression to redbreevalue of non-pecuniary job

attributes:

(27) 1,=6+B,FATAL + X B, +U,

% Bayer, Khan, and Timmins (2011) describe the tetdithis procedure. For example, we use normal
density kernels and a Silverman’s rule of thumbgproximatey; (t) . W, (t) is measured non-

parametrically as a step-function.
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where@ accounts for the arbitrary choice of normalizatiorderiving ther’s. In a final
specification, we also include interactions betw¥eandd.oi and betweeiX; anddages4o
in the estimation of equation (27).

Bayer, Khan, and Timmins (2011) describes the asgtic distribution of these
estimates, which proves to be quite complicatechatural alternative for inference is the
bootstrap. We cannot, however, employ the naivetdb@p, as it has been well
established that the bootstrap distribution of akreene order statistic converges in
distribution to a random probability measure. PRFapthat have established the
inconsistency of the bootstrap in the extreme dleargetting include Bickel and
Friedman (1981), Angus (1993), Knight (1989), anddéews (2000). It is also well
known, however, that a modified bootstrap procedwamsed on choosing a bootstrap
sample of sizen(n), wherem(n) converges to infinity anéh(n)/n converges to 0, will
work; see Swanepoel (1986) as well as Bretagn@®83) and Datta and Mc Cormick
(1995). Recently, Deheuvels et al. (1993) havévddra natural range of rates fan(n).

In particular, we conduct 1000 of these bootstiapukations for each specification, from
which we derive symmetric 95% confidence intenfilsResults are consistent with
expectations — workers exhibit a strong and siediby significant disutility from

increased fatality risk®

27 Specifically, a bootstrap simulation consistsaking a random ¥ sub-sample (drawn with replacement
from the population of;;’s. We then determine the valuespf = 1, 2,..., 43, and regress these values on
the vector of occupation attributes. We recordrédseilting estimates and repeat the entire prdbgds

times. The bootstrapped confidence intervalémtfound by taking the 2"5and 97.8 percentiles of the
distribution of bootstrapped parameter estimates.

% |n contrast to the traditional wage-hedonic mouel,are here estimating structural utility function
parameters. Disultility is therefore indicated hyemative parameter value. Recall, moreover these
parameter estimates are already normalized by #rginal utility of wages, so that they can be ipteted

as marginal willingnesses-to-pay, and are comparatfloss sub-populations.
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One might reasonably be concerned with the efééamneasurement error and
outliers on the performance of this estimator. Buatply, if the differences between
minimum order statistics are driven by outliers mis-measured data, this will filter
through the model and drive our point estimatehaf tmarginal utility associated with
each job attribute. We take comfort, however, fritva fact that our estimates are nearly
always statistically significant. If our estimatesre, in fact, being driven by outliers or
many forms of measurement error, we would expesttthbe reflected in large standard
errors calculated by our bootstrap procedtre.

Tables 6 and 7 report the results of our extremantile estimator, for both men
and women. The first and third columns refer te $ipecification that does not include
worker-occupation attribute interactions; the secamd fourth columns include these
interactions. Tables 6a and 6b report results vilee dependent variable is the hourly
wage, while Tables 7a and 7b report results whieeedependent variable is the log
hourly wage. Tables 6a and 7a report results doiagon (24), while Tables 6b and 7b
report the results of equation (27). Also repordee 95% confidence intervals derived
from them(n) bootstrap.

Table 8a summarizes the VSL estimates from bothtrtdditional wage hedonic
and extreme quantile estimators for each of theiBpations described above when the
dependent variable is the hourly wage. Lookingycatl point estimates for men, the
extreme quantile estimator produces VSL estima&#&8.43 and $12 million) that are 2.7
and 4.3 times greater than those produced by #ubtibnal wage hedonic procedure.

These estimates are, moreover, statistically sggmt with a 95% confidence interval

2 That is, any particular m(n) sample would be wiijito contain the problematic observation, prodga
very different point estimate.
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ranging from approximately $5 million to almost $#6llion. The log-wage hedonic
specification (see Table 7b) yields estimates efBL for men that are even lower than
those based on the wage level ($1.76 and $1.0®njill The extreme quantile estimates
of the VSL are, however, still much larger ($10a8 $9.28 million), allowing us to
reject the hypothesis that the VSLs estimated hglitional wage-hedonic methods are
equal to those estimated from extreme quantiles.

Comparing these results with the results of themedor based on normality and
independence, it is clear that controlling for Rayting (even with strong distributional
and independence assumptions) has important intiplsa for measuring the VSL.
Assuming independence and normality, and usingnlages as the dependent variable,
our estimated VSL for the sample of males ($8.08ian) is significantly larger than
either of the wage-hedonic estimates ($1.76 an@2tillion). This result is, however,
similar to that derived from the extreme quantigireator ($10.48 and $9.28 million),
even though the assumptions and methodology usedit@ at the two sets of estimates
differ dramatically. Taken together, the resultshese two methodological approaches
support one another, leading us to conclude thatMBL based on traditional wage-
hedonic techniques is indeed biased downward bysRding.

Up to this point in the discussion, we have fodusar attention on results for
males (as does most of the literature on the V$Hor women, however, the difference in
results between the modeling strategies is evakesta The extreme quantile estimator
yields results that are similar to those for me$i7-95 or $11.76 million, depending upon
whether worker-occupation attribute interactioresiacluded in the first-stage estimation.

Moreover, these results are statistically significa By contrast, the wage-hedonic
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procedure yieldsegativeVSL point estimates for women. In all cases, ae eject the
hypothesis that the VSLs estimated by traditionag@+hedonic methods are equal to

those estimated from minimum order statistics.

6.4 Alternative Specifications

Because our estimator is based on the minimunr atdéistic, it is possible that
our results may be sensitive to the particular @aaf model specification (including the
criteria used to draw a data sample). In thissediton, we explore that sensitivity with a
variety of alternative specifications. Tables @& &b report the VSL estimates arising
from twelve alternatives. We note at the outsat th these subsamples, the traditional
wage-hedonic procedure typically does not producasistically significant estimate,
and for women, most of the point-estimates havewtang sign. Table 9a reports the
results from the hourly wage specifications whibble 9b reports the results from the log
hourly wage specifications. The first row of Talfla reports estimates based on the
sample of salaried workers. Minimum order statistimates remain significant, but fall
relative to their values for wage workers (morefeomen than for women). Wage-
hedonic estimates, on the other hand, rise draaligtibut have large confidence
intervals. The second row reports results based sample of hourly workers that does
not drop those reporting wages below the fedemlpndated minimum. These low
wages may be real observations, but might also Igimgflect measurement error.
Including these low wages has the effect of collapscross-occupation variation at the
bottom of the wage distribution, with the effectretlucing the VSL estimate based on

the minimum order statistic. Even with this redoict however, the estimate is still
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statistically significant and larger than that lwhsen the traditional wage hedonic
technique.

The next four rows describe results based on sssngiawn to include only
individuals in a certain age ran{f&’* In particular, we perform the exact same estiomati
procedure described in the previous sub-sectianu@ng estimating parameters on AGE
and AGE2), but do so only on a sub-set of workerg.{aged 20 to 29). It is reassuring
that the same inverted-U pattern found in previeosk is apparent in our results. The
inverted-U is, moreover, shifted upward for the mmam order statistic estimates relative
to the wage-hedonic estimates.

The next two rows describe how the VSL varies withrital status. Using the
minimum order statistic estimator, we find that rmed men have a higher VSL. This
difference goes away when considering women, antbispresent for men or women
when using the traditional wage-hedonic estimator.

The next two rows describe how the VSL estima@y with the time period of
analysis. If we restrict our data to the 1983382 period, we obtain larger estimates for
men of the VSL based on minimum order statisticslenti we restrict the data to the
1993 to 2002 period, we get smaller estimates femih For women, the estimates of the
VSL based on minimum order statistics are, by @stfdarger in the latter period.

The final two rows of Tables 9a and 9b illustrat® tcases in which our method

may not perform well. In the first, we restrictreelves to using a limited set of worker

39In these results (and in the remainder of thelt®authis section), we use the trimmed sampleafrly
workers as a starting point.

%1 Besides age, researchers have also calculated t&tdiffer with respect to race [Viscusi (2003)],
income, and union status [summarized in Viscusi/ldg (2003)].

32 The occupational risk measure we use is baseHeoaverage occupation mortality rate from 1992-1999
(the data are not available prior to 1992). Todkient that occupational mortality rates were wuiiglly
higher in the 1983-1992 period than in the 199320€riod, the use of occupational mortality ratesnf

the late period may lead to an overestimate oM8E in the early period.

33



attributes (AGE, AGE2, HSDROP, SOMECOLL, COLLGRADThis has the effect of
reducing the variability across occupations inltveer bound of our wage distributiofs.
The result is to provide a sort of lower bound loa VSL estimate. While the minimum
order statistic estimate falls below that foundhwihe wage-hedonic model, it does
remain statistically significant. This result hiigihts the importance of explaining as
much of the variation in wages as possible witheolsble worker attributes.

The final row illustrates the effects of havinglé cross-occupation variation in
fatality risk. In particular, we eliminate the aélely risky occupation categories #41 -
#43 (i.e., farm managers, farm workers, and foye&tfishing). The result is to increase
the confidence intervals for the estimates derifrech both techniques (particularly for
the minimum order statistic estimator). The chahage little effect on the point estimate
for men based on the wage-hedonic technique, batpthint estimate based on the

minimum order statistic jumps dramatically.

7. CONCLUSIONS

The effect of individual unobservable heterogenefty., productivity) on
estimates of the value of a statistical life hagrb@addressed in previous work, but
occupational (Roy) sorting based on idiosyncragtciims is absent from the literature on
VSL. We demonstrate that this type of sorting ties potential to bias wage-hedonic

estimates of the VSL. Recovering the size andctoe of that bias is a difficult

33 Consider an extreme example. When we trim alépkztions below the federally mandated minimum
wage and use no covariates, it will likely be thsecthat there is no variation at all across seahathe
lower point of support. The VSL recovered with otinimum order statistic estimator would therefbee
$0.
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empirical problem that depends partly upon thetiredavariances of the unconditional
sector-specific wage distributions.

We demonstrate a way to deal with Roy sorting bigihout recovering the
unconditional wage distributions and without retyinpon distributional assumptions.
Doing so requires the relatively innocuous assuomgtihat wage distributions have finite
lower support points, and that those lower suppoihts are independent of draws in
other sectors (i.e., extreme quantile independendéte, however, that our approach
does not assume anything about the correlationdstwage draws in different sectors
for any other quantiles. As such, in addition ¢mtrolling for the biases induced by Roy
sorting, this estimator also corrects for biasesilteng from unobserved productivity, of
the sort described by Hwang et al. (1992). Itnmreover, easy to use — everything
(except standard errors) can be calculated withreaslsheet. Finally, it can be expanded
to use better data sets (e.g., a finer gradationcotipation/sector, like those used by
Kniesner et al (2006) or Scotten and Taylor (200lf).so doing, however, it does also
require the strong practical assumption that we @ecurately measure the minimum
order statistic associated with conditional waggrthution. For some (small, noisy) data
sets, this will clearly not be the case.

The conclusions of our empirical application aratthraditional wage-hedonic
techniques yield significantly downwardly biasediraates of the VSL. That bias is big
enough, moreover, to matter for policy. Estimdt@smen rise by more than a factor of
three while estimates for women become positive @nsimilar magnitude as those for

men.
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The EPA has recently reduced the VSL it uses fticpanalysis to $7.22 million
from $8.04 million. This reduction will have imgant implications for which policies
pass EPA cost-benefit analysis. Both numbers ased on meta-analyses of VSL
studies, which focus almost exclusively on hedamége techniques. Our estimates
suggest that substantially larger valuations shdaddused in cost-benefit analyses of

environmental, workplace, and job safety regulaitivan is current practice.
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Table 1
Determinants of Job Characteristics Based on DOf& Da

Factor 1

Factor 2

Factor 3

Factor 4

Factor 5

Factor 6

SUBSTANTIVECOMPLEXITY

DATAL (complexity of function in relation to dat
GED (general educational developm

INTELL (intelligence)

NUMERCL (numerical aptitud

REPCON (Adaptability to performing repetitive work)
SJC (sensor or judgmental criteria)

SVP (specific vocational preparation)

VERBAL (verbal aptitude

MOTOR SKILLS
CLRDISC (color discrimination)
FNGRDXT (finger dexterity

MNLDXTY (manual dexterity
MTRCRD (motor coordination)

THINGS (complexity in relation to things)

PHYSICAL DEMANDS

CLIMB (climbina, balancinc

EYHNFTC (evehanc-foot coordination

HAZARDS (hazardous conditior

OUT (outside workina condition

STOOP (stooping, kneeling, crouching, crawling)

WORKING CONDITION
COLD (extreme colc
HEAT (extreme hea
WET (wet, humid)

CREATIVE SKILLS

ABSCREAT (abstract & creative activitie
FIF (feelings, ideas or facts)

INTPEOPLE
PEOPLE (interaction with people)
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Table 2 (a)

Occupation Attributes

Occupation FATAL NONFATAL SCMPLX MSKILL PHYDDS WORON CSKILL  INTPEOPLE
3-6: Pub. Admin. 0.0018 0.0000 0.6879 1.1353 -06242  0.6505 -0.1907 -0.2694
7-22: Other Exec. 0.0020 1.4982 0.6143 1.1082 8848 -0.3941 -0.1763 -0.3935
23-37: Management 0.0009 1.3879 0.9138 1.1947 76.72  -0.4849 -0.1829 -0.2586
44-59: Engineers 0.0023 1.0150 1.3207 -0.9070 @48  -0.4232 0.4608 -1.3702
64-68: Mathematical and Comp Sci 0.0004 0.6365 .17 1.3192 -0.6439 -0.5881 -0.0977  -0.2871
69-83: Natural scientists 0.0023 0.8725 1.3793 3049 -0.3347 0.3333 0.0038 -1.3461
84-89: Health diagnosers 0.0011 1.8691 1.8017 2216  -0.5097 -0.5521 -0.4203 -3.1264
95-106: Health assess & treat 0.0007 5.1230 0.6012 -0.9513 -0.4469 -0.5923 -0.3494  _0.4050
113-154: Professors 0.0005 0.2670 1.6046 1.4303 8376. -0.5982 -0.1342 -0.8641
155-159: Teachers (exc. coll.) 0.0005 1.2979 0.9016 0.3525 -0.3597 -0.5881 0.9809 -1.0559
178-179: Lawyers & judges 0.0012 0.3306 2.0665 ai7i -0.9118 -0.6018 4.1324 -1.6702
43,63,163-177,183-199: Oth. prof. spec. 0.0011 622 1.1812 0.1353 -0.5487 -0.0945 4.1225 .1.2298
203-208: Health tech. 0.0009 8.6382 0.0277 -1.0334 -0.3174 -0.4868 -0.3592 -0.1885
213-225: Eng/sci tech. 0.0020 4.2027 0.5435 -1.4970 -0.4499 -0.4413 -0.0645 -0.7843
226-235: Tech, not eng/sci 0.0096 5.5567 0.7081 037.4 -0.5408 -0.5718 -0.0134 -0.5043
243: Sales supervisors 0.0033 3.5027 0.4089 1.0263 -0.2950 -0.3658 -0.0998 -0.2668
253-257: Sales reps and business 0.0012 1.5427 99.68 1.2582 -0.8207 -0.5888 -0.3644  0.2252
258-259: Sales reps, non-retail comm. 0.0016 2.0476 0.2529 1.0859 -0.8616 -0.5615 -0.3929 0.3773
263-278: Sales work, retail & svc. 0.0020 5.3078 4782 -0.2793 -0.7061 -0.5062 -0.3788  0.4036
283-285: Sales-related occupations 0.0000 5.8560 .02807 -0.0613 -0.8066 -0.5784 0.7758 0.2225
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Table 2 (b)
Occupation Attributes

Occupation FATAL NONFATAL  SCMPLX MSKILL PHYDDS WORON CSKILL INTPEOPLE
303-307: Admin. Supervisors 0.0004 2.6672 0.1349 318p -0.6802 -0.4804 -0.3788 -0.1069
308-309: Computer operators 0.0000 1.7641 -0.0650 0.4041 -0.5568 -0.6022 -0.4023 -0.4457
313-315: Secretaries 0.0003 2.0029 0.3957 -1.9561 0.9030 -0.5939 -0.4176 -0.4713
337-344: Fin. record process 0.0002 2.1631 -0.1916 -0.4688 -0.8965 -0.5598 -0.4209 0.1085
354-357: Mail/msg dist. 0.0025 11.5449 -1.1516 0%6 -0.6374 -0.4628 -0.4289 1.1268
316-336,345-353,359-389: other admin. 0.0005 6.3292 -0.3962 0.5455 -0.7559 -0.4331 -0.3810  0.3642
403-407: Pvt. hh service 0.0007 0.0000 -1.3641 70 0.2214 -0.5826 -0.4251 1.4478
413-427: Protective svc. 0.0086 7.7154 -0.6374 @&B65 0.7423 1.0386 -0.4224 0.7100
433-444: Food service 0.0009 8.8127 -0.8628 0.4484 -0.3909 2.1472 -0.1096 0.6795
445-447: Health service 0.0008 24,1017 -0.8532 8112 0.6658 -0.3933 -0.3731 0.9321
448-455: Cleaning/bldg svc. 0.0020 13.8845 -1.5140 0.3170 1.1338 -0.2767 -0.4196 1.4232
456-469: Personal svc. 0.0014 9.1429 -0.4508 -6.589 -0.2467 -0.4406 1.3130 0.3487
503-549: Mechanics & repairers 0.0053 15.2240 04  -1.3110 0.7587 0.3971 -0.4063  -0.6087
553-599: Construction trades 0.0068 22.5577 -0.0188 -0.9502 2.2933 -0.1960 -0.3797 -0.2826
613-699: Other precision production 0.0029 13.6475 -0.5258 -1.0338 0.0501 1.6055 -0.3601  0.2105
703-779: Machine operators 0.0024 22.6953 -1.2204 0.3437 -0.1057 0.8997 -0.3738 0.9643
783-799: Fabricators, inspectors 0.0028 17.8286 29914 -0.4417 -0.0571 0.6781 -0.3785 1.2154
803-814: Motor vehicle operators 0.0176 35.6393 3383 -0.3606 0.7426 -0.4457 -0.4160 0.7532
823-859: Other transportation 0.0166 29.2157 -16187 -0.0819 1.1613 0.4532 -0.4187 1.1319
864-889: Construction, freight, labor 0.0110 34396  -1.6291 0.4910 1.0768 3.8833 -0.4244  1.7816
473-476: Farm managers 0.0094 0.3968 0.4685 0.2723 2.3756 -0.4168 -0.4280 -1.0789
477-489: Farm workers 0.0117 11.4986 -1.3619 0.3021 2.6532 -0.1571 -0.3915 1.5059
494-499: Forestry & fishing 0.0872 35.0779 -1.2595 0.2617 2.6898 2.9723 -0.4088 1.0820
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Table 3: Worker Attribute

Men Women
Low Risk High Risk Low Risk High Risk

Sample Size 107,140 519,970 412,307 281,131
Wage 13.12 13.17 12.14 9.81
AGE 31.82 34.03 35.77 35.38
MARRIED 0.39 0.54 0.56 0.51
UNION 1.97 1.96 1.97 1.98
MSA 0.81 0.70 0.74 0.70
FULLTIME 0.71 0.85 0.63 0.66
WHITE 0.82 0.86 0.85 0.82
HSDROP 0.13 0.22 0.08 0.20
HSGRAD 0.27 0.45 0.38 0.46
SOMECOLL 0.36 0.26 0.38 0.25
COLLGRAD 0.24 0.07 0.17 0.08
NEW ENGLAND 0.08 0.08 0.09 0.09
MID ATLANTIC 0.12 0.11 0.13 0.11
E. N. CENTRAL 0.14 0.14 0.16 0.15
W. N. CENTRAL 0.10 0.10 0.12 0.10
SOUTH ATLANTIC 0.16 0.19 0.16 0.19
E. S. CENTRAL 0.04 0.06 0.05 0.07
W. S. CENTRAL 0.08 0.10 0.08 0.09
MOUNTAIN 0.12 0.10 0.09 0.09
PACIFIC 0.16 0.12 0.12 0.11

3 This table describes the sample of hourly wagekarst excluding all those who earn less than tHertd minimum wage.
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Table 4a

Wage-Hedonic Model Estimates
Dependent variable: wage

1) 2 3 (4)
Sample Men Men Women Women
Age 18-60 Age 18-60 Age 18-60 Age 18-60
Worker Attributes
HSDROP -1.450 -1.492 -0.794 -1.017
(-1.521, -1.378) (-1.562,-1.419) (-0.860, -0.723) (-1.081, -0.947)
SOMECOLL 0.320 0.692 1.076 1.199
(0.240,0.392) (0.548,0.830) (1.016, 1.145) (1.040, 1.342)
COLLGRAD 3.013 2.856 4.423 4.156
(2.828, 3.218) (2.648,3.079) (4.292,4.558) (3.963, 4.344)
AGE 0.574 0.644 0.433 0.452
(0.553,0.595) (0.622,0.644) (0.417,0.450) (0.435,0.470)
AGE2 -0.006 -0.006 -0.005 -0.005
(-0.006, -0.005) (-0.006, -0.005) (-0.005, -0.004) (-0.005, -0.004)
BLACK -1.335 -1.303 -0.503 -0.516
(-1.444,-1.231) (-1.417,-1.199) (-0.577,-0.415) (-0.593, -0.433)
OTHER -0.990 -0.896 -0.204 -0.199
(-1.190, -0.782) (-1.084, -0.691) (-0.378,-0.048) (-0.362, -0.048)
HISPANIC -1.367 -1.416 -0.548 -0.584
(-1.464, -1.272) (-1.509, -1.322) (-0.638, -0.459) (-0.673, -0.497)
MARRIED 1.242 1.183 0.206 0.187
(1.164, 1.323) (1.106, 1.262) (0.145,0.267) (0.130, 0.245)
PUBLIC 1.157 1.040 0.499 0.448
(1.011,1.304) (0.897,1.190) (0.392,0.607) (0.344, 0.553)
UNION -2.489 -2.486 -1.877 -1.834
(-2.689, -2.300) (-2.684, -2.296) (-2.096, -1.658) (-2.050, -1.625)
MSA 0.966 0.974 1.022 1.049
(0.894,1.036) (0.902, 1.045) (0.964,1.085) (0.993, 1.111)
FULLTIME 1.112 1.084 0.651 0.715

(1.010, 1.206)  (0.980, 1.172)
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Table 4a (continued)
Wage-Hedonic Model Estimat&s
Dependent variable: wage

Occupation Attributes (1) (2) (3) 4)
FATAL 24.531 14.128 -46.452 -24.612
(16.930, 32.667) (6.495 , 22.219) (-58.770, -33.982(+-37.084 , -12.707)
NONFATAL 0.098 -0.009 0.100 0.022
(0.093,0.104) (-0.025, 0.006) (0.094,0.106) .0@6 , 0.039)
SCMPLX 5.679 -1.362 4.274 -1.200
(5.443,5.908) (-2.098, -0.642) (4.088, 4.457) (-1.824 , -0.593)
MSKILL -1.447 -1.080 -0.388 -0.111
(-1.541,-1.354) (-1.372,-0.784)(-0.435,-0.340)  (-0.270, 0.048)
PHYDDS -0.413 0.655 0.734 -0.744
(-0.456 ,-0.373) (0.535, 0.767) (0.668, 0.814) -0.988, -0.534)
WORCON 0.125 0.011 0.153 -0.087
(0.096, 0.153) (-0.075, 0.098) (0.124,0.182) 0.1(f7,-0.002)
CSKILL -0.346 -0.328 -0.805 -0.248
(-0.437,-0.248) (-0.650, -0.007) (-0.864 , -0.744) (-0.441, -0.034)
INTPEOPLE 2.738 0.228 0.852 -0.228
(2.497 ,2.962) (-0.465, 0.919) (0.610,1.069) 1.046, 0.529)
Constant 4.728 2.524 4.934 3.803
(4.192 ,5.328)  (1.997,3.148)  (4.391,5.477) 228.,4.375)
Worker-Occupation Attribute Interactions No Yes No Yes
Regional Yes Yes Yes Yes
Indicators
R° 0.3283 0.3502 0.3293 0.3513
N 627110 627110 693438 693438

% Bootstrapped 95% confidence intervals (in bragkats clustered to reflect the fact that occupatitiributes are the same for all workers in a pabdir
occupation.
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Table 4b

Wage-Hedonic Model Estimates
Dependent variable: log wage

1) (2) 3) (4)
Sample Men Men Women Women
Age 18-60 Age 18-60 Age 18-60 Age 18-60
Worker Attributes
HSDROP -0.118 -0.119 -0.089 -0.102
(-0.124, -0.113) (-0.124,-0.114) (-0.094, -0.083)-0.108, -0.097)
SOMECOLL 0.019 0.048 0.083 0.089
(0.014, 0.024) (0.038, 0.057) (0.079, 0.087) (0,@r100)
COLLGRAD 0.128 0.134 0.274 0.257
(0.120, 0.138) (0.123, 0.146) (0.267, 0.281) (6,21269)
AGE 0.048 0.051 0.037 0.038
(0.047, 0.049) (0.049, 0.052) (0.036, 0.038) (0,@B039)
AGE2 -0.001 -0.001 0.000 0.000
(-0.001, 0.000) (-0.001,-0.001) (0.000, 0.000) .000, 0.000)
BLACK -0.103 -0.100 -0.043 -0.044
(-0.110, -0.096) (-0.108, -0.093) (-0.049, -0.038)-0.049, -0.038)
OTHER -0.071 -0.067 -0.021 -0.021
(-0.083, -0.060) (-0.078, -0.056) (-0.032, -0.012)-0.031, -0.012)
HISPANIC -0.105 -0.106 -0.046 -0.047
(-0.111, -0.098) (-0.112,-0.099) (-0.052, -0.040)-0.054, -0.042)
MARRIED 0.096 0.093 0.021 0.019
(0.091, 0.101) (0.088, 0.098) (0.017, 0.025) (6,@023)
PUBLIC 0.084 0.079 0.047 0.044
(0.077, 0.092) (0.071, 0.087) (0.040, 0.054) (8,@B051)
UNION -0.173 -0.172 -0.145 -0.142
(-0.184, -0.162) (-0.184,-0.161) (-0.158, -0.131)-0.155, -0.129)
MSA 0.068 0.069 0.090 0.091
(0.064, 0.073) (0.064, 0.073) (0.085, 0.094) (0,@B095)
FULLTIME 0.114 0.112 0.087 0.089
(0.109, 0.120) (0.106, 0.118) (0.083, 0.090) (6,@B093)
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Table 4b (continued)
Wage-Hedonic Model Estimat&s
Dependent variable: log wage

Occupation Attributes (1) (2) 3) 4)
FATAL 0.667 0.388 -2.280 -1.123
(0.190, 1.194) (-0.098,0.893) (-3.103,-1.486)L.984 , -0.345)
NONFATAL 0.008 0.004 0.009 0.006
(0.008,0.009) (0.003,0.005) (0.008,0.009) 0O@a., 0.007)
SCMPLX 0.372 0.166 0.312 0.064
(0.359,0.383) (0.129,0.205) (0.302,0.323) 030.,0.098)
MSKILL -0.110 -0.110 -0.029 -0.012
(-0.115, -0.104) (-0.127 , -0.093) (-0.032, -0.026) (-0.022 , -0.001)
PHYDDS -0.027 0.030 0.041 -0.025
(-0.029, -0.024) (0.022,0.038) (0.036,0.045) (-0.040,-0.010)
WORCON 0.003 -0.007 0.004 -0.007
(0.001,0.005) (-0.013,-0.001)0.002,0.006) (-0.014, 0.000)
CSKILL -0.027 -0.038 -0.066 -0.047
(-0.031, -0.022) (-0.055 , -0.022) (-0.070, -0.063) (-0.059, -0.035)
INTPEOPLE 0.176 0.148 0.049 0.005
(0.163,0.189) (0.112,0.186) (0.036,0.061) .040,0.049)
Constant 1.724 1.630 1.743 1.688
(1.692,1.760) (1.595,1.669) (1.709,1.776) 6%2., 1.725)
Worker-Occupation Attribute Interactions No Yes No Yes
Regional Yes Yes Yes Yes
Indicators
R° 0.3944 0.4046 0.3977 0.4106
N 627110 627110 693438 693438

% Bootstrapped 95% confidence intervals (in bradkats clustered to reflect the fact that occupatitiributes are the same for all workers in a paldi
occupation.
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Table 5: Parameter Estimates Based on Normaldylrreslependence Assumptions

Param Est S.E. Param Est S.H. Param Est S.E.
H1 0.04 0.01 o1 3.52 1.12 FATAL -3.06 0.85
U2 2.14 0.61 o2 3.17 1.02 NONFATAL -0.31 0.02
U3 -2.78 0.81 03 2.92 0.81 SCMPLX -3.05 0.30
[ -2.34 0.62 04 2.97 0.83 MSKILL -0.73 0.08
Us 1.22 0.35 o5 2.72 0.80 PHYDDS 2.94 0.21
Ue 0.43 0.14 06 2.39 0.64 | WORCON 0.18 0.05
H7 1.29 0.60 67 3.29 0.91 CSKILL 0.61 0.04

s -0.57 0.16 o8 2.19 0.54 | INTPEOPLE 2.05 0.22
Ko 3.37 1.19 O9 3.93 0.91
Wic -2.24 0.67 o1c 1.93 0.50
K11 0.49 0.14 C11 2.38 0.61
W12 1.62 0.44 012 3.20 1.01
H13 0.99 0.30 013 2.88 0.77
[T -2.91 0.81 014 3.51 0.99
W15 286 077 O15 276 093
W16 -2.07 0.55 O1¢ 2.75 0.70
W17 -1.35 0.44 017 1.35 0.43
Wig -2.60 0.68 O1g 2.88 0.89
Hig -1.94 0.53 O1¢ 1.72 0.50
TP -0.64 0.18 O2c 1.23 0.36
H21 0.99 0.29 021 3.62 1.02
o2 1.21 0.34 022 3.37 0.94
23 0.58 0.15 023 2.34 0.66
W24 -1.60 0.45 024 2.05 0.62
Los 0.43 0.12 025 2.17 0.71
26 -289 074 O2¢ 254 080
o7 -0.80 0.24 027 3.21 0.84
e <032 0.08 | o 2.11 0.62
Log 2.20 0.58 O2¢ 2.18 0.60
[Skelol 1.09 0.37 O03C 3.43 1.03
Wa1 -0.26 0.08 031 2.84 0.74
K32 0.83 0.24 032 1.47 0.35
W33 1.89 0.53 032 2.55 0.58
134 -0.07 0.02 034 1.56 0.41
W35 0.44 0.14 O3t 4.10 1.18
36 -0.23 0.07 03¢ 0.81 0.26
W37 0.80 0.21 037 1.52 0.35
U3sg 3.42 0.96 O3g 3.58 0.87
W3g -1.05 0.33 03¢ 1.97 0.61
Wag -1.01 0.30 oac 2.58 0.66
a1 -1.59 0.42 041 2.18 0.49
a2 -3.43 1.05 G432 3.69 1.12

Waz -0.03 0.01 G4z 1.83 0.51
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Table 6a
Extreme Quantile Estimator, First Stage (WorkeriBtites)
Dependent variable: wage

1) (2) 3) (4)
Sample Men Men Women Women
Age 18-60 Age 18-60 Age 18-60 Age 18-60
Worker-Occupation No Yes No Yes
Attribute Interactions
Constant -5.624 -6.006 -3.708 -4.144
(-5.737,-5.508) (-6.121, -5.887) (-3.802, -3.61Q}4.240, -4.050)
HSDROP -1.203 -1.254 -0.553 -0.706
(-1.268, -1.140) (-1.321,-1.191) (-0.605, -0.496)0.760, -0.649)
SOMECOLL 0.058 0.203 0.181 0.388
(-0.004, 0.117) (0.090, 0.309) (0.131, 0.231) 2786, 0.486)
COLLGRAD 1.312 1.873 2.075 2.529
(1.202, 1.437) (1.724, 2.037) (1.993, 2.160) (3,40651)
AGE 0.449 0.458 0.299 0.308
(0.430, 0.468) (0.439, 0.478) (0.289, 0.312) (6,28321)
AGE2 -0.004 -0.005 -0.003 -0.003
(-0.005, -0.004) (-0.005, -0.004) (-0.003, -0.003)0.003, -0.003)
BLACK -1.007 -1.129 -0.194 -0.278
(-1.100, -0.921) (-1.220, -1.041) (-0.255, -0.127)0.341, -0.207)
OTHER -0.760 -0.814 -0.088 -0.189
(-0.899, -0.603) (-0.955, -0.659) (-0.212, 0.024{-0.317, -0.074)
HISPANIC -1.184 -1.275 -0.456 -0.532
(-1.268, -1.100) (-1.357,-1.190) (-0.526, -0.381(}0.603, -0.457)
MARRIED 0.884 0.958 0.039 0.097
(0.821, 0.949) (0.892,1.021) (-0.006, 0.088) §Q,d.145)
PUBLIC 0.344 0.395 0.162 0.290
(0.231, 0.445) (0.282, 0.505) (0.086, 0.233) (8,71362)
UNION -2.483 -2.461 -1.564 -1.549
(-2.651, -2.307) (-2.628, -2.288) (-1.741, -1.39Q}1.731, -1.375)
MSA 0.762 0.826 0.869 0.928
(0.698, 0.823) (0.762, 0.887) (0.824, 0.915) (0,88974)
FULLTIME 0.847 0.904 0.492 0.562
(0.766, 0.925) (0.820, 0.984) (0.448, 0.537) (0,51607)
Regional Yes Yes Yes Yes
Indicators
R° 0.1463 0.1530 0.0964 0.1037
N 627110 627110 693438 693438
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Table 6b
Extreme Quantile Estimator, Second Stage (Occupatitibutes}’
Dependent variable: wage

1) (2) 3) (4)
Sample Men Men Women Women
Age 18-60 Age 18-60 Age 18-60 Age 18-60
Constant -2.203 -1.628 2.225 2.218
(-3.500, 0.374) (-3.042, 0.740) (1.187, 2.764) 218, 3.219)
FATAL -67.145 -59.978 -39.747 -58.782
(-82.070, -27.816) (-81.406, -22.040) (-65.413,.184) (-71.257, -36.302)
NONFATAL 0.073 0.033 0.008 0.002
(0.006, 0.093) (-0.029, 0.063) (-0.048, 0.034) .04, 0.026)
SCMPLX -0.794 -1.986 -0.839 -2.149
(-1.280, 0.860) (-2.281, 0.041) (-1.214, 0.561) -2.448, -0.593)
MSKILL 0.395 0.636 0.243 0.408
(-0.199, 0.602) (-0.143, 0.763) (-0.438, 0.344) -0.304, 0.477)
PHYDDS 0.109 0.336 -0.446 -0.408
(-0.298, 0.469) (-0.144, 0.725) (-0.650, -0.059) (-0.639, -0.036)
WORCON 0.285 0.556 0.107 0.105
(-0.121, 0.614) (0.175, 0.896) (-0.157, 0.368) 0.203, 0.353)
CSKILL -0.059 0.243 0.174 0.219
(-0.322, 0.294) (-0.005, 0.670) (-0.002, 0.536) .0%0, 0.583)
INTPEOPLE -0.617 -1.247 -0.322 -0.942
(-0.918, 1.376) (-1.366, 1.145) (-0.468, 1.327) -0.952, 0.920)

37 Confidence intervals (in brackets) are based er2tf' and 97.8 percentiles of the distribution of bootstrappecapaeter estimates.
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Table 7a
Extreme Quantile Estimator, First Stage (Workeribtites)
Dependent variable: log wage

1) (2) 3) (4)
Sample Men Men Women Women
Age 18-60 Age 18-60 Age 18-60 Age 18-60
Worker-Occupation No Yes No Yes
Attribute Interactions
Constant -0.530 -0.564 -0.344 -0.382
(-0.540, -0.521) (-0.571, -0.556) (-0.351, -0.337)3.899, -3.874)
HSDROP -0.097 -0.103 -0.061 -0.075
(-0.101, -0.092) (-0.107,-0.098) (-0.065, -0.057)0.080, -0.071)
SOMECOLL 0.003 0.026 0.017 0.035
(-0.001, 0.007) (0.018, 0.033) (0.013, 0.020) 0Z6, 0.042)
COLLGRAD 0.048 0.100 0.121 0.160
(0.042, 0.054) (0.091, 0.109) (0.116, 0.126) (0,15168)
AGE 0.038 0.039 0.026 0.027
(0.037, 0.040) (0.038, 0.040) (0.026, 0.027) (6,@r028)
AGE2 -0.000 -0.000 -0.000 -0.000
(-0.000, -0.000) (-0.000, -0.000) (-0.000, -0.00Q}0.000, -0.000)
BLACK -0.076 -0.088 -0.019 -0.027
(-0.082, -0.070) (-0.094, -0.081) (-0.024, -0.014)0.031, -0.022)
OTHER -0.049 -0.054 -0.007 -0.016
(-0.057, -0.040) (-0.063, -0.046) (-0.015, 0.000{-0.024, -0.009)
HISPANIC -0.087 -0.095 -0.040 -0.047
(-0.092, -0.081) (-0.100, -0.090) (-0.046, -0.035)0.053, -0.042)
MARRIED 0.068 0.075 0.008 0.013
(0.064, 0.072) (0.071, 0.079) (0.005, 0.011) (0,@016)
PUBLIC 0.030 0.032 0.020 0.031
(0.024, 0.036) (0.026, 0.039) (0.015, 0.025) (6,@r035)
UNION -0.168 -0.167 -0.126 -0.125
(-0.177,-0.158) (-0.176, -0.157) (-0.137,-0.114)0.135, -0.113)
MSA 0.060 0.065 0.077 0.082
(0.056, 0.064) (0.061, 0.069) (0.074, 0.080) (9,@r085)
FULLTIME 0.096 0.101 0.065 0.072
(0.091, 0.101) (0.096, 0.106) (0.062, 0.068) (9,@075)
Regional Yes Yes Yes Yes
Indicators
R° 0.2018 0.2126 0.1385 0.1507
N 627110 627110 693438 693438

51



Table 7b

Extreme Quantile Estimator, Second Stage (Occupétitiibutes§®

€)) 2 3) (4)
Sample Men Men Women Women
Age 18-60 Age 18-60 Age 18-60 Age 18-60
Worker-Occupation No Yes No Yes
Attribute Interactions
Constant -0.170 -0.130 0.166 0.162
(-0.277, 0.006) (-0.237, 0.050) (0.072, 0.236) .068, 0.290)
FATAL -3.980 -3.526 -1.649 -3.343
(-6.649, -1.637) (-6.858, -1.117) (-6.751, -0)01 (-6.964, -1.627)
NONFATAL 0.004 0.002 3.434E-04 -2.099E-04
(0.001, 0.008) (-0.002, 0.005) (-0.004, 0.004) 0.0@5, 0.002)
SCMPLX -0.047 -0.129 -0.082 -0.183
(-0.124, 0.063) (-0.192, -0.003) (-0.127, 0.032) (-0.225, -0.050)
MSKILL 0.006 0.023 0.012 0.026
(-0.020, 0.049) (-0.013, 0.062) (-.035, 0.035) -0.028, 0.045)
PHYDDS 0.016 0.026 -0.037 -0.029
(-.0178, 0.045) (-0.006, 0.058) (-0.056, -0.010) -0.062, -0.004)
WORCON 0.017 0.036 -0.005 -0.008
(-0.010, 0.041) (0.011, 0.062) (-0.019, 0.026) 0.025, 0.026)
CSKILL -0.015 0.021 0.027 0.033
(-0.022, 0.014) (-0.002, 0.048) (-0.003, 0.054) 0.00Q7, 0.064)
INTPEOPLE -0.008 -0.037 -0.024 -0.065
(-0.081, 0.119) (-0.098, 0.105) (-0.055, 0.111) -0.082, 0.095)

38 Confidence intervals (in brackets) are based er2tf' and 97.8 percentiles of the distribution of bootstrappecapseter estimates.
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Table 8a: Value of a Statistical Life ($ millions)

95% Confidence Interval
Dependent variable: wage

Sample Men Men Women Women
Age 18-60 Age 18-60 Age 18-60 Age 18-60
Worker-Occupation Attribute Interactions No Yes No Yes
Wage-Hedonic Model 4.906 2.826 -9.290 -4.922
(3.386 , 6.533) (1.299 , 4.444) (-11.754 , -6.796) (-7.417 , -2.541)
Extreme Quantile Estimator 13.429 11.996 7.949 34.7
(5.563, 16.414) (4.408, 16.281) (4.231, 13.083) 260, 14.251)
Difference between Wage-Hedonic and -8.523 -9.170 -17.239 -16.678

Extreme Quantile VSL estimates

(-11.224 , -0.324)

(-13.628 , -1.318)

(-23.0032.5P2)  (-19.474 ,-11.020)

39 Bootstrapped confidence intervals in brackets.
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Table 8b: Value of a Statistical Life ($ millions)

95% Confidence Interval
Dependent variable: log wage

Sample Men Men Women Women
Age 18-60 Age 18-60 Age 18-60 Age 18-60

Worker-Occupation Attribute Interactions No Yes No Yes
Wage-Hedonic Model 1.756 1.021 -5.105 -2.515

(0.500, 3.138) (-0.258 , 2.345) (-6.950, -3.321) (-4.441,-0.771)
Extreme Quantile Estimator 10.476 9.282 3.692 7.486

(4.314, 17.524) (2.942, 18.069) (1.570, 15.062) 643, 15.586)
Difference between Wage-Hedonic and -8.720 -8.261 -8.797 -10.001
Extreme Quantile VSL estimates (-15.669 ,-2.482)  (-16.998,-2.001)  (-19.815.238)  (-18.029, -5.733)

“0 Bootstrapped confidence intervals in brackets.
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Table 9a: Sensitivity Analysis, Value of a Statest Life ($ millions)

95% Confidence Interval in Parentheses
Dependent variable: wage

Specification Men Women
Extreme Quantile Wage-Hedonic Extreme Quantile Wage-Hedonic
Estimator Model Estimator Model
Salaried Workers 4.617 7.983 0.047 42.746
(14.436, 0.473) (-7.593, 23.559) (21.902, -6.354)(-5.071, 90.564)
Un-trimmed Sample 16.401 5.488 7.321 -3.404
(23.745, 9.979) (-7.571, 18.547) (14.962, 4.598)(-47.803, 40.995)
Age [20,30) 7.173 3.013 7.614 -8.427
(10.511, 2.928) (-6.082, 12.108) (18.218, 3.820) -41.(7/68, 24.915)
Age [30, 40) 9.080 6.422 8.873 -4.719
(15.283, 5.079) (-6.181, 19.025) (17.144, 5.468)(-49.989, 40.551)
Age [40, 50) 13.218 6.952 9.999 -11.040
(19.892, 4.999) (-9.422, 23.326) (28.204, 5.510) -61.(749, 39.669)
Age [50, 60) 7.328 2.660 3.713 -14.241
(18.251, 2.429) (-15.920, 21.241)  (35.953, -0)875(-68.023, 39.540)
Married 13.633 4.871 7.165 -14.453
(18.658, 5.573) (-7.671,17.413) (15.690, 3.843)(-61.768, 32.861)
Unmarried 7.182 4.899 8.494 -2.680
(11.227, 2.751) (-6.584, 16.383) (14.856, 4.683) (-36.09, 30.738)
1983-1992 13.544 2.040 5.992 -9.306
(19.107, 5.760) (-8.189, 12.269) (12.055, 2.607) -49.(.88, 30.575)
1993-2002 4.824 7.821 9.745 -9.157
(13.242, 2.100) (-6.539, 22.180) (18.852, 5.628)(-50.489, 32.175)
Limited Individual Attributes 2.061 6.288 4.840 083
(8.439, 1.119) (-6.906, 19.481) (11.454, 2.551) 49021, 34.856)
No Ag, Forestry, Fishing 19.669 1.670 3.279 -7.281

(29.477, -13.157)

(-25.815, 29.155)

(29.505, -6)43 (-53.776, 39.213)
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Table 9b: Sensitivity Analysis, Value of a Statiat Life ($ millions)
95% Confidence Interval in Parentheses
Dependent variable: log wage

Specification Men Women
Extreme Quantile Wage-Hedonic Extreme Quantile Wage-Hedonic
Estimator Model Estimator Model
Salaried Workers 3.501 5.452 9.207 47.685
(20.990, -0.824) (-12.157, 23.060) (33.464, -13)1 (6.198, 89.173)
Un-trimmed Sample 30.039 2.612 25.477 7.736
(76.427, 24.211) (-9.027, 14.251) (42.099, 120077(-36.581, 52.052)
Age [20,30) 6.770 1.607 6.631 -5.771
(10.950, 3.214) (-6.933, 10.147) (20.805, 2.890) -35.48, 23.705)
Age [30, 40) 12.957 3.410 9.767 0.229
(19.599, 8.819) (-7.872,14.692) (22.001, 5.689)(-41.364, 41.822)
Age [40, 50) 16.510 1.577 8.363 -4.757
(25.318, 8.939) (-12.296, 15.450) (31.725, 4.185)-51.146, 41.631)
Age [50, 60) 19.629 -2.966 0.692 -8.018
(25.353, 11.480)  (-19.314,13.381) (37.066, -9)09 (-56.734, 40.699)
Married 11.935 0.923 3.079 -9.337
(21.250, 5.677) (-10.523, 12.369) (19.239, 0.577)-52.308, 33.634)
Unmarried 8.873 2.416 8.197 -0.224
(12.141, 5.058) (-7.035, 11.866) (15.371, 4.827)(-29.594, 29.147)
1983-1992 13.219 -0.428 3.074 -5.735
(19.484, 5.922) (-10.365, 9.508) (14.057, 0.428) -41.(116, 29.646)
1993-2002 8.994 4.074 8.033 -4.719
(15.246, 4.568) (-7.492, 15.640) (22.354, 5.418)(-41.972, 32.533)
Limited Individual Attributes 3.622 3.093 4.020 239
(10.707, 2.212) (-8.581, 14.766) (13.051, 1.143) -41.(794, 35.277)
No Ag, Forestry, Fishing 16.638 -0.745 7.451 -3.484

(30.035, -15.094)

(-28.710, 27.219)

(24.714,540)  ( -45.438, 38.470)
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