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Abstract

We estimate compensating wage differentials for occupational fatality risk using admin-
istrative longitudinal matched employer-employee data from Brazil. Our method doc-
uments, and corrects for, the presence of bias from endogenous job mobility and non-
random assignment of workers to firms that may be correlated with unobserved job
characteristics. We find that changes in risk across jobs are correlated with changes
in residual wages, so estimates that only control for unobserved worker heterogeneity are
biased downward. Controlling for unobserved plant and job-match effects, while allow-
ing for correlation between worker effects, plant effects, and risk, implies compensating
differentials that are about 8 times larger than within-worker estimates, and lie between
cross-sectional and within-worker estimates. The implied value of a statistical life (VSL)
for prime-age male workers, after correction for endogenous mobility, is estimated to be
330,000 reais — equivalent to 42 years employed at the average wage. In addition, our
data allow us to measure fatality risk within very detailed industry-occupation cells, alle-
viating concern about measurement error and aggregation bias that has been highlighted
in recent research.
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1 Introduction

FEmpirical estimates of compensating wage differentials in labor markets are often of enormous
public value. The compensating differential for occupational fatality risk, for example, is
frequently used to estimate the value of statistical life (VSL), which affects the cost-benefit
analyses of public safety policies that directly account for tens of billions of dollars of federal
spending annually in the US. Despite its importance, there are many unresolved estimation
problems that are widely believed to cause bias estimates of compensating differentials and
the VSLs implied implied by them.

Perhaps the most important of these challenges is the problem of endogeneity bias caused
by unobserved worker, firm, and job-match characteristics that are correlated with both
earnings and occupational amenities like fatality rates. Although data have improved greatly
since Thaler and Rosen (1976) first wrote about this problem, progress at overcoming these
sources of bias has been limited. The main difficulty is that removing bias from unobserved
worker characteristics generally requires using variation within-worker, where identification
comes from job switches across industries. In within-worker models compensating differentials
are estimated based on the ratio of the change in wages to the change in average industry or
industry-occupation amenities.! However, a growing literature in labor economics, including
Abowd et al. (1999), Abowd and Schmutte (2013), Card et al. (2013), and Woodcock (2008),
has shown that much of the unobserved variation in earnings across jobs is attributable to
differences in firm characteristics and job-match characteristics, which are not portable to new
jobs. Moreover, Woodcock (2008) shows that about 90% of the change in earnings associated
with job switches is attributable to sorting into higher-paying firms (60 percentage points)
and into jobs with higher pure worker-firm match effects (30 percentage points).? In within-
worker models these earnings changes are wrongly attributed to changes in compensation for
occupational risk, causing biased estimates. As a result, as research has progressed from cross-
sectional to panel estimation, omitted variable bias from unobserved worker heterogeneity has
decreased, but at the likely cost of greatly exacerbating bias due to job search behavior and
endogenous assignment of workers to firms.?

In this paper we develop several new approaches to estimating compensating wage dif-
ferentials that are robust to the potentially endogenous assignment of workers to jobs. By
accounting for the component of the change in earnings across jobs that is due to changes in

unobserved firm and match-specific heterogeneity, these approaches remove the biases caused

!See Brown (1980) and Kniesner et al. (2012).

2These estimates are based on US data from the Census Bureau’s Longitudinal Employer-Household Dy-
namics files.

3This problem was demonstrated theoretically and through simulations by Hwang et al. (1998), but has
not been addressed empirically.



by unobserved heterogeneity and endogenous job mobility. We implement each of the identifi-
cation strategies to empirically estimate the compensating wage differential for occupational
fatality risk, and the associated VSL, using longitudinal matched employer-employee data
from the complete census of all formal-sector workers in Brazil between 2003 and 2010. To
our knowledge this is the largest database ever used in the estimation of compensating wage
differentials.

The fundamental challenge to solving the endogenous mobility problem is that the real-
ized assignment of a worker to a specific job is likely correlated with both the unobserved
characteristics of that worker’s previous job, and with the non-wage amenities of the job. Asa
result, the latent worker, establishment, and match components of a wage equation are likely
correlated with each other, correlated over time across jobs for a given worker, and correlated
with the key explanatory variable, the fatality rate. A fixed effects model that controls for
latent match-specific heterogeneity could in principle resolve all of these endogeneity prob-
lems as long as there is variation in the fatality rate within a job. However, this component
of variation is only about 2% of the total variation in fatality rates, and it is unlikely that
workers and firms renegotiate labor contracts in response to such small variations.

Our first approach is to estimate a two-step fixed effects model. This model allows us to
identify the compensating wage differential using variation in fatality rates across jobs while
still controlling for fixed worker, establishment, and match effects. Although this approach
allows for arbitrary correlation between unobserved worker heterogeneity, establishment het-
erogeneity, and the fatality rate, it requires the assumption that the pure match effect is
orthogonal to each of these terms. Still, this model relaxes many of the questionable as-
sumptions that are common in the compensating differentials literature by controlling for
unobserved establishment heterogeneity.

The second approach that we propose uses instrumental variables to remove the endo-
geneity caused by potential correlation between the pure match effect and the fatality rate,
while controlling for fixed worker and establishment effects. Using the relational structure of
the data, we construct instruments for the fatality rate at each job from the moments of the
distribution of risk on jobs that previous coworkers at each worker’s current establishment
subsequently held. The intuition behind this instrument is that one’s former coworkers are
likely to have similar preferences for risk since they selected similar jobs, have similar char-
acteristics, and have similar outside opportunities. If so, the average fatality rate accepted
by one’s former coworkers is correlated with the fatality rate accepted by the worker, but is
likely orthogonal to the idiosyncratic match effect that may cause the reassignment of jobs
at the margin.

The third approach, which is still in progress, is to construct a correlated random effects

model that allows for arbitrary correlation between latent worker, establishment and match



effects and the fatality rate, while using variation in fatality rates across jobs to identify the
compensating wage differential.

Another form of improvement that we make relates the measurement of fatality rates.
In the US, nearly every study relies on data about fatality rates produced by the Bureau of
Labor Statistics, which are released publicly at the two-digit industry level and for restricted
access at the two-digit industry by one-digit occupation level. Most international studies use
comparable data, also aggregated at the industry and occupation level. Studies that have
compared estimates of the VSL based on industry-level aggregate compared to industry-
occupation aggregation, including Viscusi (2004), have found measurement error biases on
the order of 100%, suggesting that possibility of measurement error within the industry-
occupation level could still be biasing estimates substantially. Tsai et al. (2011) estimate the
VSL using firm-level risk measures, and finds that variation in risk levels from job switches
within industries in Taiwan is larger than the variation from switches across industry. As a
result, they find that estimates using industry-level fatality rates are biased downward by an
order of magnitude. We build on this progress at alleviating bias due to the aggregation of
fatality data by also considering heterogeneity in fatality rates as a function of worker and
firm characteristics, such as industry and occupation-specific experience or establishment size.
We are able to construct fatality rates at any level of aggregation, including measures that
account for worker, establishment, and job heterogeneity, because the data that we use to
study earnings also contain a complete census of every occupational fatality in Brazil, linked
at the job match level.

Section 2 describes the data and out estimation of fatality rates. Section 3 frames the
endogenous mobility problem within the context of identification of hedonic wage models.
Section 4 presents an orthogonal match effects model that corrects for unobserved worker,
plant and match heterogeneity under the assumption that pure match effects are orthogonal to
worker and plant effects, and Section 5 describes estimation results from this model. Section 6
outlines our approach for decomposing the incremental biases that are removed by controlling
for unobserved worker, plant, and match effects, each in turn. Section 7 (in progress) presents
instrumental variables model. Section 8 (in progress) presents our correlated random effects
model, which relaxes the assumptions of orthogonality between worker and match effects,
and between plant and match effects, while allowing correlation between risk and unobserved
heterogeneity. Section 9 presents graphical evidence on the distributions of average residuals
by deciles of the risk, worker, plant, and match effects distributions, demonstrating the
correlations in the residuals caused by endogenous mobility that remain in each of the model

specifications. Section 10 concludes.



2 Data and Sample Descriptions

We use matched employer-employee data from Brazil’s Relacdo Anual de Informacoes Sociais,
or Annual Social Information Survey (RAIS). The source data play two roles in our analysis:
first as a source of information about jobs and earnings, and second as a source of information

about job-level fatalities, which we use to construct fatality rates.

2.1 RAIS Data

RAIS is a census of formal sector jobs. FEach year, the Brazilian Ministry of Labor and
Employment (MTE) collects data on every formal sector job for the purpose of administering
the Abono Salarial — a constitutionally mandated annual bonus equivalent to one month’s
earning. The information in RAIS is provided at the establishment level by a company
administrator. In smaller firms and plants, this is likely the owner or plant manager; in larger
establishments there may be dedicated personnel who submit the information. Coverage is
universal, as employers who fail to complete the survey face mandatory fines and also risk
litigation from employees who have not received their Abono Salarial.

For every job, the employer reports information on the characteristics of the worker, in-
cluding a unique identifier that allows us to track the worker from job-to-job. The employer
also reports information on the characteristics of the job. For our purposes, the most im-
portant job characteristics are the wage, whether the job ended because of a fatal injury on
the job, and the worker’s occupation. The employer also reports basic characteristics of the
plant, including a common identifier and information on plant’s industry, location, and the
number of employees.

In Brazil a worker is formally employed if he or she has a registered identification number
with one of two social security programs: the Programa de Integra¢ao Social (PIS), or So-
cial Integration Program, or the Programa de Formagao do Patrimoénio do Servidor Publico
(PASEP), or Civil Servants Equity Formation Program, depending on if the worker is em-
ployed in the private sector or the public sector. PIS/PASEP numbers are consistent across
workers and follow a worker for life. For firms, formal employment means that the employer
contributes to a bank account administered by either Caira Econdémica Federal, if registered
with PIS, or Banco do Brasil, for PASEP workers, covering all worker categories. Formal em-
ployers must also have employment contracts for all employees. The most common contract
type is the Consolida¢do das Leis de Trabalho (CLT), or Labor Law Consolidation. Other
contract types include internships, independent contractors, directorships and government
contractors. The Brazilian government defines formal employment with these criteria, and
this definition is consistent with definitions used by researchers when studying other Latin

American economies (Gasparini and Tornarolli 2009). Formal employment grew steadily in



Brazil during our sample period, from nearly 42 million jobs in 2003 to over 65 million jobs
in 2010. Unemployment decreased from 11 percent to five percent, and real wages grew over
the period as well. Our sample therefore covers a period of growth and relatively tight labor

market conditions.

2.2 Analysis Sample and Variables

The sample we use to estimate the hedonic models is restricted to jobs with positive earnings,
hours, and tenure. We also eliminate observations with bad or missing worker and plant
identifiers. To eliminate the influence of self-employment on our results, we also restrict
attention to jobs in which the plant has at least five workers.

The unit of observation in the raw data is the job-year, where a job is defined by a person-
plant combination. For a very small number of such matches, we observe multiple records
in the same year. In such cases, we restrict our sample to the observation of a given match
with the highest annual earnings. This eliminates about 2 percent of observed match-year
records.

For consistency with studies using panel data, in some models we follow Abowd et al.
(1999) and Woodcock (2008) by restricting our sample to a single job for every worker in
every year. We define expected earnings as the product of the average monthly wage rate
times the number of months the worker was employed. For each worker, in every year they
are employed, we define their dominant job as the job on which they had the highest level
of expected earnings. Dropping jobs that are not dominant results in an elimination of
approximately 13 percent of all jobs.

The dependent variable is the hourly wage rate. For all jobs, RAIS records the worker’s
average monthly earnings in nominal Brazilian reais. If the worker is in the job for less than
12 months during the year, the division is adjusted so that the resulting figure represents
one month’s pay. It is therefore more accurate to think of this variable as measuring a
monthly wage rate — a common institutional arrangement in Brazil. For consistency with
prior research, we convert to an hourly wage rate. First we calculate a weekly wage rate as
the monthly wage rate divided by 4.17. We then calculate the hourly wage rate as the weekly
wage rate divided by the contracted weekly hours, which are also reported for every job. We
report all wages and earnings in 2003 Brazilian reais. Conveniently, the inflation rate and
exchange rates over this period are such that one Brazilian reais in 2003 is approximately
equal to one 2010 dollar.* While this does not reflect the relative costs of consumption, it

provides a point of reference when interpreting magnitudes.

4One Brazilian real in 2003 is worth approximately 1.5 Brazilian reais in 2010. Likewise, in 2010, one U.S.
dollar was worth 1.66 Brazilian reais.



Human capital controls in the model include indicators for educational attainment and
labor market experience. We calculate labor market experience by adding to initial expe-
rience the number of months in which a worker had any paid employment over each year.
The initial experience is computed as the maximum of tenure in the first observed job or
potential experience, whichever is largest. For each job, the data report the date of hire.
Hence, even for the first in-sample job, we have an accurate measure of tenure on that job.
We also include controls, when appropriate, for gender and race. Because individual char-
acteristics are reported by the employer, they are subject to change as workers move from
job-to-job. These apparent discrepancies do not pose a problem in our analysis since these
variables just appear as controls. Cornwell, Rivera, and Schmutte (2014) provide evidence
that discrepancies in employers’ reports of worker characteristics are associated with other
unobserved determinants of earnings, so we leave these variables in as reported. We also
control for industry, occupation, and plant location (state or municipality). Table 1 presents

descriptive statistics of key variables.

2.3 Measures of Fatality Risk

When a job ends during the year, the employer is required to report the cause of separation.
The exact cause is important in determining the forms of severance compensation to which
the worker is entitled. The employer can choose from 23 different options, including three that
cover work-related fatalities (see Appendix Table A.1). We therefore observe the complete
population of formal sector jobs, along with the duration of those jobs and the number of
hours contracted. We also observe whether each of those jobs ended because of a fatal injury.
This puts at our disposal a census of fatal occupational injuries from which we can construct
measures of fatality risk along different observable dimensions.

Our analysis is based on measures of the fatality risk for a worker’s two-digit industry
by three digit occupation group. We distinguish 11,440 industry-occupation groups. We
construct the fatality risk within each cell from the raw RAIS micro-data as the number of
fatal injuries per 100,000 full-time full year workers. This is equivalent to the approach taken
by the Bureau of Labor Statistics in reporting fatal injury rates since 2007.° One relative
advantage of our data is that we observe both the number of months a job lasted as well as
the number of contracted weekly hours. By contrast, the BLS fatality rates are scaled by

average hours at work from the CPS.

®See http://wuw.bls.gov/iif/oshnotice10.htm for a description of how and why the BLS constructs
hours-based fatality rates.
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Within a cell, ¢, we construct the fatality rate, a. as

Fe

72,000 " (100, 000). (1)

Qe =
The numerator, F, is the number of fatal injuries in cell ¢. The denominator is the number of
full-time full-year equivalent jobs, assuming a 40 hour work week and a 50 week work year.
H. is the total number of contracted hours worked over the year. ¢ For each job, 7, in the cell
¢, we count the number of hours worked as H; = (MonthsWorked/12) « 50 x (Hours/W eek).
H, is the sum of H; over all i. Finally, we inflate the count by 100,000.

Given the level of disaggregation, we construct fatality rates based on a three-year moving
average. For example, the fatality rates for 2005 are constructed using fatality counts and
hours across all jobs from 2003, 2004, and 2005. The rates for 2006 are computed from data
for 2004, 2005, and 2006, and so on. We do so for comparability across studies, and also
to smooth out fluctuations in the annual fatality rates. We explicitly follow Kniesner et al.
(2012) in assuming our measures of the fatality rate are good proxies for the subjective risk
assessments of workers and their employers. It is possible that subjective risk assessments
vary systematically from the measured fatality rates. However, our disaggregation by narrow
industry and occupation give us much more variation in the fatality risk than has been
available in previous studies. We therefore expect measurement error to be less of an issue.

Table 2 reports fatality rates by year in aggregate and across fifteen major industries
and nine major occupations. The overall fatality rate is 4.92 fatalities per 100,000 full-time
full-year jobs. Over the sample period, the fatality rate declines. In 2003, the fatality rate is
5.91 and hits a maximum in 2004 at 6.313 before declining to 4.202 in 2010. By comparison,
the fatality rate in the U.S. was 3.7 per 100,000 full-time full-year jobs. The decline in
fatality risk in Brazil appears across all industries and occupations. Fatal injuries are highly
concentrated in specific types of job. The fatality rate is highest in the Agriculture, Mining,
Construction, and Transportation sectors. Among occupations, the fatality rate is highest

among Production I workers, and lowest among Professionals.

3 Identification Problems Caused by Endogenous Mobility

Rosen (1974) describes a fundamental identification problem related to unobservable worker
and firm characteristics. To characterize this problem, consider workers with heterogeneous
preferences:

Ule,z,z,€)

5Changes in the definition of full-year work will only affect the scale of our fatality rates. We chose a
definition close to the BLS definition, although in Brazil full-year work may be closer to 48 weeks.



over consuption, ¢, a non-wage job amenity (or disamenity), z, who also have observable
and unobservable characteristics,  and e. Similarly, firms are characterized by their profit

functions:

I'(z,y,n)

where firms have some technology for providing z to workers, and have observable and un-
observable characteristics y and 7.

In equilibrium, the hedonic envelope function will be the set of tangency points between
the indifference curves of workers and offer curves of firms. These tangencies are also affected
by assortative matching, potentially based both on observable characteristics like amenities
as well as unobservable characteristics of workers and firms. For example, the literature
in labor economics that studies matching between workers and firms suggests that there
is a slightly positive correlation between unobserved pure worker effects and unobserved
pure firm effects based on wage decompositions. These unknown heterogeneity components
introduce potential sources of bias into the estimation of hedonic wage models. Under certain
assumptions about competition and frictionless matching of workers and firms, the slope of
the equilibrium hedonic function will equal a weighted average of the curvatures of firms’
isoprofit functions workers’ indifference curves. The weights can be expressed in terms of the
relative variances of the distributions of € and 7, the unobserved heterogeneity parameters.”
Given this, it is possible to identify the preference and technology functions separately under
these assumptions. However, if search is costly the problem becomes substantially more
difficult.®

Although Rosen’s identification strategy is more complicated than most empirical strate-
gies used to estimate compensating wage differentials, these models all implicitly follow from
Rosen’s work. Both Rosen (1974) and Ekeland et al. (2004) describe several unique cases
in which workers’ preferences and firms’ technology are directly identified. The first is when
firms have identical technology, which causes 1 to drop out of the hedonic price function, and
the variation in worker preferences sweeps out the firms’ common offer curve. If data are
also available on changes over time in profit functions, then the cross-sectional and intertem-
poral variation can be used to estimate both the isoprofit functions and indifference curves,
which characterize all of the primitives of the problem. A second unique case occurs when
workers have identical preferences, in which case cross-sectional observations reveal workers’
preferences directly.

This second case has been the implicit assumption throughout most of the history of

the compensating wage differentials literature. However, labor economics more generally

"See Ekeland et al. (2004).
8See Hwang et al. (1998).



has shown that the assumptions required by each of these special cases are very unlikely to
hold. A large and growing literature, including Abowd et al. (1999), Card et al. (2013), and
Woodcock (2008), has documented that good jobs and bad jobs exist, and demonstrated the
importance of job search and the assignment of workers to firms based in part on unobserved
heterogeneity, in determining wages. Both theory and empirical evidence support the cause
for concern that these unobserved components are correlated with non-wage job amenities,
and bias compensating wage differential estimates. More directly, Hwang et al. (1998) show
through similation that when job search matters, so that firm and match effects differ across
jobs, then this basic hedonic wage model will produce biased estimates of the marginal

willingness to accept fatal risk.

3.1 Estimation of Hedonic Wage Models

The general form of the hedonic wage model most commonly used in the literature is:
wij = xijB1 + a;jfs + €ij + vi+ pj + 1y (1)

where w;; is the log wage of worker ¢ at firm j, x;; contains observable characteristics of
both the worker and firm (or industry), and a; is the fatality rate (or other non-wage job
amenity of interest). The error term consists of €;;, a random disturbance, and v;, pj, and
1,5, which represent unobserved worker, establishment, and match-level heterogeneity, respec-
tively. Viscusi and Aldy (2003) reviewed the literature on the estimation of compensating
wage differentials for occupational fatality risk in US labor markets, and of the 32 studies
in their review all but one relied upon this basic cross-sectional model for identification, and
every study used annual industry-average fatality rates as a measure of a;.

The intention of researchers estimating Equation (1) is to control for enough observable
characteristics of workers in x;; that the model resembles Rosen’s second special case. How-
ever, the first problem with this approach is that a large body of literature in labor economics,
including Abowd et al. (1999), shows that workers’ unobserved characteristics explain a sub-
stantial share of residual variation in wages. To the extent that workers whose unobserved
characteristics cause them to earn higher wages spend some of their additional wages on
better job amenities, 3, in Equation (1) is biased.

Similarly, the large unexplained inter-industry and inter-firm wage differentials found in
many studies, such as Card et al. (2013), Krueger and Summers (1988), Abowd et al. (1999),
and Abowd et al. (2012), suggest that unobserved firm and industry characteristics explain

a substantial amount of the residual variation in wages after conditioning on worker effects.”

9Krueger and Summers (1988) estimate the standard deviation of industry wage differentials to be greater
than 10% after controlling for occupation, human capital, and demographic factors. Groshen (1991) estimates



If it is costly for workers to search for jobs with high values of u; and 7;;, then job search
can bias estimates of workers’ preferences. Using fixed effects specifications to control for
unobserved residual establishment and job-match heterogeneity is generally not possible in
hedonic wage models because key job amenities like fatality rates are typically measured at
the industry level, and there is usually no source of exogenous variation in amenities within
the job level with which to trace out workers’ preferences. Most researchers have instead
focused on finding data sources with more complete observable characterizations of workers
and firms, but progress of this nature has been insufficient to alleviate concerns about omitted
variable bias.!?

The main alternative approach in the literature, including Brown (1980) and Kniesner
et al. (2012), is to use panel data from workers who switch jobs in order to remove bias
caused by worker effects, v;. Identification in these models comes from changes in wage-risk
pairs, which requires limiting the identifying variation to changes in wages caused by job
switches across industries. A fixed effects specification that includes worker effects removes
the pure worker effect and the employment-duration weighted average of the pure estab-
lishment effects for the establishments at which each worker was employed, leaving residual
unobserved establishment and match heterogeneity, which are the unobserved components of
the heterogeneity that gives rise to gains from job search.

However, variation within-worker exacerbates the component of estimation bias that is
caused by endogenous job mobility, relative to cross-sectional models. Woodcock (2008) esti-
mates that the rate of earnings growth among workers who experience job-to-job transitions
is about three times larger than that of job stayers, and among switchers about 60% of the
differential earnings growth is due to sorting into higher paying firms, while 29% is due to
sorting into jobs with larger pure match effects. When the identifying variation is limited to
within-worker job switches, the relative importance of sorting on the determination of wages
increases substantially. Abowd et al. (2010) devise a test for endogenous mobility, which they
define as a systematic relationship between pure match effects and wage rates following sub-
sequent job transitions. Abowd et al. (2010) implement this test and strongly reject the null
hypothesis of exogenous job mobility, finding that workers with more negative pure match
effects are more likely to switch jobs and job transitions tend to increase wages. Following
this definition of endogenous mobility, the specific bias caused by job-switches that is prob-
lematic in longitudinal hedonic wage models is that the sum 1, +n;; is likely to change when
a worker switches jobs, and this change is wrongly attributed to differences in compensating

wage differentials.”

the standard deviation of establishment wage differentials to be about 14%.
198ee Viscusi and Aldy (2003) and Bonhomme and Jolivet (2009).
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4 Orthogonal Match Effects Model

Building on Woodcock (2008), we first estimate a reduced-form two-stage model of compen-
sating wage differentials that accounts for unobserved worker, establishment, and job match

heterogeneity. To do this, we estimate Equation (2)
wijt = Tt + yaije + Pi g T €ijt (2)

where wjj;; is the log earnings of worker 7 who is employed at establishment j at time ¢, z
is a vector containing time-varying characteristics of worker ¢ including experience and year
effects, a;j; is the fatality rate of the job at which worker ¢ is employed at time ¢ (note that
we denote the fatality rate with subscripts ijt to reflect the fact that we use measures of the
fatality rate that vary both over time and within the firm level, such as industry-occupation
averages). Following the wage decomposition model proposed by Abowd et al. (1999) (AKM),
®; j(i,1) is the worker-establishment match effect, which absorbs both the pure person effect
and the establishment effect.

This model is similar to Kniesner et al. (2012) in controlling for match effects. The
identification of the VSL from < is based on variation in the fatality rate that occurs within
the job-match level, which can only come from changes over time in average fatality rates. A
major concern with this identification strategy is the salience of these changes. Whereas job
switches are frequently associated with large changes in risk levels, frequently on the scale
of several times the mean fatality rate, changes over time tend to be extremely small by
comparison. If workers cannot readily observe the change in the fatality rate, or cannot use
the change to negotiate a change in earnings, then the basic assumptions of Rosen (1974)
model do not hold. Instead we prefer to make use of the larger source of variation that comes
from job switches, while also accounting for the fact that a great deal of the change in wages
associated with a job switch comes from other differences besides just changes in the fatality
rate.

To do this we estimate a second stage model, Equation (3), in which the dependent
variable is R = Yaij + Q)Z-/”]E) + €;5¢. The variable contains all of the conditional variation
in the wage that is due to either the fatality rate or to unobserved job match heterogeneity.
We also include the residual €;j; to account for any transitory error. Using a two-way fixed
effects model, we then regress R;j; onto the fatality rate, person effects, and establishment
effects.

Riji = Yaiji + 0i + VU j.1) + €ijt (3)

where 6; is the person effect, W;(; ) is the effect of establishment J at which worker i is

employed at time ¢. This identification strategy effectively decomposes the establishment

11



effect into the component that affects wages through the fatality rate and the component
that affects wages through all other unobserved channels, potentially including, for example,
establishment productivity and compensation policies. The two-way fixed effects model, as
in Abowd et al. (2002), is solved using a conjugate gradient algorithm.

The limitations of this model, however, are that it requires the restrictions that the
estimated match effect be orthogonal to the worker effects, establishment effects, and the
fatality rate. While this a significantly weaker assumption than that imposed by any other
VSL study to date, we later relax some of these restrictions using an instrumental variables
approach that builds on Abowd and Schmutte (2013), and a correlated random effects model.

The difficulty of relaxing these restrictions is that the full set of worker, establishment,
and match effects are not identifiable using a fixed effects model. The standard random
effects model also requires imposing the unpalletable assumption of orthogonality between the
fatality rate and each of the latent effects, which is even more restrictive than the assumptions
used in the orthogonal match effects model. For example if workers unobserved heterogeneity
affects their earnings and job choices and is also correlated with whether they choose to accept

a safe or risky job, then the assumptions of the random effects model does not hold.

4.1 Orthogonal Match Effects Results

Table 3 compares estimates of the compensating wage differentials and implied VSLs using
several identification stragies that are common in the literature, as well as our orthogonal
match effects model. Model 1 is the traditional cross-sectional estimate. The estimated
coefficient implies a VSL of about 670,000 Brazilian Reals (in 2003 Reals), conditioning on
a cubic in experience, job tenure, gender, plant size, education, race, year, and state. In
Model 2, which is a fixed effects specification that includes person effects, the estimated
compensating differential falls by about 83% compared to the cross-sectional estimate. This
upward bias in cross-sectional models compared to within-worker estimates has been well-
documented in the literature using US data, including Brown (1980), Kniesner et al. (2012),
and Lavetti (2014), and we find this same pattern in the Brazilian data. We also estimate
Model 3, which has plant effects, but no worker effects. Identification in this model comes
from two sources: variation over time in average industry-occupation fatality rates, and also
from changes in the relative composition of jobs across industry-occupation cells within a
plant over time. The former source is comparable to the type of variation used by Kniesner
et al. (2012) in their analysis of workers who never change jobs, while the latter is comparable
to cross-sectional variation in the composition of jobs at the firm. The estimate is even larger
than the cross-sectional estimate, although it likely biased upward due to omitted worker

heterogeneity.
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The main improvement in the estimation relative to the previous literature comes from
our estimates of the match effects models. Again, the identification comes not just from
the often small and potentially non-salient changes over time in average fatality rates, but
uses variation from workers switching jobs, and removes from the wage change associated
with a job transition the effects of the change in unobserved plant and pure match effects,
which would otherwise bias the estimated compensating differential. Qualitatively similar
to the results of the match effects model in Lavetti (2014), we find that the estimate is
substantially larger than the within-worker estimate (about three times larger), but not as
large and the cross-sectional estimate. This implies that, although omitted heterogeneity from
worker characteristics causes a large positive bias, conditional on unobserved worker effects,
the residual plant and match heterogeneity actually causes a downward bias in the estimate.
As a result, the within-worker model actually over-corrects for all sources of unobserved
heterogeneity, and is potentially about as far from the unbiased estimate as the cross-sectional
model is. As discussed above, however, this match effects model has the limitation that the
estimated match effect is orthogonal by construction to the worker and plant effects. To
the extent that this orthogonality assumption is invalid, this model could still be biased,
although it unequivocally has fewer assumptions than the fixed effects models that have
previously been estimated in the literature using PSID and other large data sources.

Table 4 is similar, but only includes the sample of men between the ages of 23-65 who
worked full-time. In this sample the orthogonal match effects estimates are again between
the pooled estimates and the worker effects estimates, and the VSL is slightly smaller than
in the overall sample. The pooled estimates however, are substantially larger than those in
the overall sample. Two potential explanations for these sets of results are that the variance
of unobserved heterogeneity among full-time men is larger than it is among women, or that
the person effects are more strongly correlated with fatality rates among men.

The Appendix includes additional tables that repeat the same identification strategies,
documenting heterogeneity in the estimates and in the relatives sizes of the biases for different
subgroups of the Brazilian labor market. Appendix Table A.3 documents some interesting
differences in estimation biases across genders. Although for men the omission of person
effects biases estimates upward, for women the opposite is true. The female bias pattern is
more consistent with the intuition that workers with higher ability spend some of their earn-
ings capacity on safety and other occupational amenities, which, roughly speaking, is likely
to lead to an increase in the estimated compensating differential when worker heterogeneity
is removed. On alternative explanation that is consistent with findings in the behavioral
literature, such as Barber and Odean (2001), is that men are overconfident about their own
personal risk of death at work, whereas women are less likely to be overconfident. A gender

difference in subjective expectations about risk levels could lead to a realized difference in
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gender-specific compensating wage differentials if women and men are imperfect substitutes
for some jobs. Interestingly, the pattern of biases from unobserved plant and match effects
appears to be the same for women and men, and it is only the bias caused by unobserved
person heterogeneity that is markedly different.

For the sake of comparison to other studies in the literature, which have often used manu-
facturing workers as a focus, we show comparable estimates for male workers in manufacturing
and production occupations in Appendix Table A.4. The results are qualitatively similar to
the results for all prime-age men.

Finally, we estimate models similar to those in Table 3, except that we include an or-
thogonalized cubic function of the level of risk. The orthogonalization procedure creates a
cubic function that has the exact same variation as a standard cubic function, except that
each term in the polynomial is constructed to be orthogonal to the lower-ordered terms. As
a result the coefficient estimates are both more stable to specification assumptions, and the
t-statistics can be easily interpreted as a test of whether the marginal contribution of each
term is significant, conditional on all preceding terms. The cross-sectional parameter esti-
mates suggest that the cubic model produces a significantly better fit than the linear model.
However in the worker effects model the significance of the quadratic and cubic terms dis-
appears for men but remains strong for women. The standard error estimates in the match
effects model are not yet available, but will ultimately be more informative of the importance
of allowing the fatality rate to have a non-linear effect on wages.

The importance of allowing for non-linearity in the model specification has been discussed
previously, including by Ekeland et al. (2004), who argue that the assumption that the he-
donic envelope function is linear is “arbitrary and misleading”. However, the goal of the
match effects model is to change the estimand entirely. Rather than estimating the hedonic
equilibrium function that is characterized by the set of tangencies between workers’ indiffer-
ence curves and firms’ isoprofit functions in wage-risk space, we instead seek to estimate the
more primitive parameters that describe workers’ marginal willingness to accept fatal risk.
Lavetti (2014) estimates the marginal willingness to accept fatal risk to be highly nonlinear
decreasing function of the level of risk, and finds that unobserved establishment and match
effects have large impacts on parameter estimates using exogenous weather variation in the
commercial fishing industry. Hwang et al. (1998) also show theoretically how the failure to
account for endogenous mobility and non-random assignment of workers to firms causes the

marginal willingness to accept to differ greatly from the hedonic equilibrium function.
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4.2 Graphical Evidence on Exogenous Mobility Assumptions

If the assumptions of the orthogonal match effect model hold, the estimates would identify the
marginal willingness to accept fatal risk. Although we cannot test the exact assumptions of
the model directly, we look for evidence on their validity. Figure 1 shows the average residual
from the two-way fixed effects model, which controls for worker and plant effects, by decile of
the worker effect and plant effect distributions. The figure suggests that high wage workers
at high wage firms tend to have positive residuals that are economically meaningful, about
3-4% of wages. This suggests that job-assignment is nonrandom insofar as pure match effects
are correlated with included worker and plant effects, causing endogenous mobility bias. The
graph also shows that low wage workers at high wage firms tend to have negative match
effects, as do high wage workers and low wage firms, consistent with the form of assortative
matching in West Germany documented by Card et al. (2013).

Figure 2 shows the average residuals from the same two-way fixed effects model by decile of
distributions of fatality rates and worker effects. The figure shows that high wage workers tend
to find better matches, and is consistent with the idea that workers who are better at finding
good matches tend to spend some of this additional income on job amenities like safety, so that
low risk jobs have systematically positive residuals. Both of these figures demonstrate that
even when accounting for unobserved worker and plant heterogeneity that may be arbitrarily
correlated with risk, this is not enough to resolve the problem of endogenous job mobility.

Figure 3 plots the average change in wages associated with job changes by decile of
the plant effects distributions. It shows that workers moving from the first decile of the
plant effects distribution to the tenth decile experience a 186% increase in wages. It also
demonstrates the importance of endogenous job mobility by showing the asymmetries in
wage effects associated with job transitions. For example, a worker who moves from a job
in the second decile to one in the fourth decile experiences a 23 percentage point increase
in log wages, while a worker moving in the opposite direction experiences an 11 percentage
point wage decrease. This asymmetry suggests that in some parts of the wage distribution,
job mobility is associated with an unmodeled selection process. This graphical evidence
motivates our need to further relax the restrictions assumed by the orthogonal match effects

model.

15



5 Instrumental Variables Model

The primary goal of the instrumental variables model is to remove the orthogonality assump-

tion between match effects and the fatality rate. In the wage decomposition model:
Imwit = zuf +yRit + 0; + Pijiig) + it

We assume the match effect can be expressed as the sum of an establishment effect and a
true match effect, which may be correlated with each other, and with the other terms in
the model. So ®;;(;) = ¥ (¢) + Higr)- Our concern based on the graphical evidence in
Figures 1-3 is that the least squares identifying assumption is violated in a way that yields

inconsistent estimates of v, the price of risk. Specifically, it appears that the condition
E(R] 1;]6:) = 0

fails to hold.

We address this concern by constructing instruments for R;; that exploit the relational
information present in the data. Our proposed instruments are moments of the distribution
of risk on jobs held by previous employees of the worker’s current employer. The instrument
should be feasible because workers with similar characteristics and employed in the same job
should have similar outside opportunities. The instrument should be valid because the choice
of risk on the destination job for co-workers who have changed jobs in the past is structurally
uncorrelated with a particular worker’s own realization of the match effect. This assumption
holds if pure match effects are mean zero and uncorrelated in each establishment.

For R;;, the proposed instruments are constructed from R* = { Ry 1|s <tk # i,k € N(i,t)}
where N (i.t) is the set of ‘neighbors’ of i,¢ in the realized mobility network, in a man-
ner to be made precise. Our basic instrument following this strategy is the simple average

Ry = W > vcri Be- Then, the first stage of our IV estimator is

Rit =k+m Z R@ + iEitb + 9? + 1[11}(17,5) + Vit

LER?

b
[N (i, t)]

Note that the IV varies within worker and within establishment as long as N(i.t) does too.
The challenge is to define N(i.t) in to maintain predictive power without compromising the

plausibility of the exclusion restriction. The exclusion restriction requires
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which holds if a prediction of the sequence of match effects for worker i could not be improved
by knowing the average risk faced by his network neighbors.

What is the intuition for this instrument? The accepted risk is correlated with the
match effect on the destination job. The omitted match effect on accepted destination jobs
reflects a predictable component, which is common across similar workers who exited the same
establishment under similar circumstances, and an idiosyncratic component. The average risk
accepted by “neighbors” is correlated with the risk accepted by the worker, but is orthogonal

to the idiosyncratic component of the realized match effect.

5.1 Implementation in a Cross-Sectional Sample of Job Changers

We first implement an alternative version of this IV strategy on a sample restricted to workers
who change jobs between two years. The intuition of the estimator is more transparent, and
later we can add complications associated with sample selection and job duration. Our

empirical model is, therefore
Alnw; = Az; 5+ yAR; + Ay, + An,.

Now the exogenous mobility assumption is quite transparent: E(An,AR;) = 0. This as-
sumption would be violated if reductions in risk compensate for a lower-paying match, or are
bundled with higher-paying matches. However, as long as pure match effects are mean zero
and uncorrelated within establishments this potential concern is precluded.

Our proposed instrument is AR; = mzée ri ARy, the average change in risk on
accepted jobs for observations in N (i.t). We assume that the residual variation in AR; is
uncorrelated An;, which requires the expected change in match quality is zero within N (i,t).

We implement this IV strategy as follows:

e Restrict the data to workers who change jobs within a single year for each of two

consecutive years, y; and ys.

e Let t = 0 indicate the period in which the worker is observed on his or her origin job
and t = 1 indicate the period in which the worker is observed on his or her destination
job.

e Eliminate observations where R;yp = 0 or R;; = 0, so we only consider workers moving

between jobs with a positive fatality risk.
e For each worker, i, record the origin employer.

e Define for each worker, i in y9, the set of neighbors, N(i,y2) as the set of all workers,

J, in year y; who exited employment at the same establishment as i.
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e Compute, for each worker 4, the instrument AR; = m D oeri ARy

5.2 Estimation Sample

We implement the instrumental variable strategy using a sample of workers who changed
between dominant jobs during 2010. To keep the analysis simple, we restrict attention to
this single year of data, and in that year, those workers who are observed to leave employment
in one establishment and begin employment in another establishment.

We further restrict the sample to workers who move between jobs for which there is a
positive risk of fatal injury. We do so to avoid grappling with the truncation of fatality risk
at 0. For each worker, we measure the observed change in fatality risk between the origin
and the destination job. To construct instruments, we repeat the same exercise for 2008
and 2009. Using the 2008 and 2009 observations, we calculate the average change in fatality
risk within establishment-occupation cells for workers who change jobs. We match each job
changer from 2010 to compute the average change in fatality risk for workers who exited
from the same establishment-occupation cell in 2008 and 2009. We consider possible biases
associated with the sample selection restrictions in our discussion following the results.

We are left with a target sample of 2,679,457 workers who change jobs in 2010. Column
(1) of Table 7 describes the average characteristics of this sample. The sample is slightly
younger, more likely to be male, and slightly less educated, but is otherwise similar to the
formal workforce covered by RAIS.

After matching to workers who exited the same establishment-occupation cell in the prior
two years, we are left with an analysis sample has 1,915,591 workers who changed jobs in
2010. Column (2) in Table 7 reports the average characteristics of this subsample. A simple
comparison of Column (1) and (2) verifies that selection into the sample on the basis of
demographic characteristics is limited. Because the instrument is constructed as an average,
in reporting results we also restrict attention to the subsample of observations where the
average change in fatality risk is calculated using data from at least ten 2008 or 2009 workers.

The characteristics of the restricted sample are reported in Column (3).

5.3 IV Results

Table 8 compares instrumental variable estimates with estimates controlling for establishment
heterogeneity of the compensating wage differential for the sample of workers who change jobs
in 2010. Columns (1)—(4) report estimates for the sample of all workers that are matched
with a valid instrument. Columns (5)—(8) report estimates from the same specifications,
but for the subsample of workers for which there were at least ten observations available to

construct the instrument. Columns (1) and (5) report a basic first-differenced estimate of
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the compensating wage differential, and so are comparable to the worker-effects specifications
from Table 3. Columns (2) and (6) add origin and destination plant effects. Columns (3-4)
and (7-8) report the first- and second-stage of the instrumental variables model.

The within-worker estimated compensating differential from the full sample in Column
(1) is 4 = 0.0000889, which is economically and statistically insignificant, just as in our
panel data estimates using the full RAIS. The estimate from Column (2), which controls for
establishment-specific heterogeneity, is about an order of magnitude larger, 4 = 0.0006582.

The instrumental variable estimates in Column (3) and (4) control for worker and estab-
lishment effects, while also instrumenting for the fatality rate. The first stage is a univariate
regression of the change in risk on the average change in risk for workers who exited the same
establishment and occupation in 2008 and 2009. The point estimate, 0.193, establishes the
instrument is strongly correlated with the endogenous variable. The first-stage F-statistic of
the excluded instrument 1.5e5, so a weak instrument problem is extremely unlikely.

The IV estimate of the compensating wage differential in Column (4), 4 = 0.0027861
is more than five times larger than the orthogonal match effects estimate. The endogenous
mobility bias that is corrected by the IV appears to be extremely large, and larger than each
of the bias components from unobserved worker and establishment heterogeneity.

The basic pattern of results is very similar in Columns (5)—(8), and the contrast between
the IV results and the orthogonal match effects estimates is even larger. The within-worker
estimate again quite small, while the establishment effects model is about ten times larger.
The main IV estimate in Column (8), 4 = 0.0041702, is over eight times larger than the
orthogonal match effects estimate, and significantly larger than the estimates from the full
sample in Column (4). It is not immediately clear whether the difference between the esti-
mates in the two samples is because of heterogeneity in the sample in risk preferences, or
suggestive of heterogeneity in hedonic prices across employers.

The instrumental variable results confirm that failure to control for match heterogeneity
in a way that allows match effects to be correlated with risk leads to severe negative bias in

the estimated compensating wage.

6 Correlated Random Effects Model

Although the IV model is strongly suggestive of the presence of an important correlation
between changes in latent match effects and changes in fatality rates for job switchers, it
does not allow us to directly observe the covariance structure that gives rise to the bias
components. In this section we develop a random effects model that allows us to identify the
full covariance matrix directly, while also relaxing the assumptions of orthogonality between

the worker effect, establishment effects, match effects, and the fatality rate.
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This section is in progress.

7 Decomposition of Bias Components

Our results indicate that panel estimates of the price of risk are contaminated by omitting
employer and match specific heterogeneity. In this section, we develop an econometric frame-
work to characterize different sources of omitted variable and aggregation bias. Our approach
is related to the method for decomposing bias in industry wage premia discussed in Abowd
and Kramarz (1999) and implemented in Abowd et al. (2012).

Consider a variation on Equation 2 in the spirit of the canonical two-way decomposition

of earnings heterogeneity considered by Abowd et al. (1999):
wit = it + i + PG + e (2)

The key difference in this specification is that now a unique “employer”, g, is defined by a
combination of plant and occupation. G(i,t) = g if worker i was employed in plant-occupation
combination ¢ in year t. As before, w;; is the log wage, and 6; captures characteristics of the
individual that do not change over time and are correlated with wages.

Since job risk is a characteristic of the industry-occupation pair, the effects of job risk
on earnings are absorbed by 1, in Equation 2. We define the true effect of risk on wages as
the part of variation in employer pay associated with variation in risk. Consider the linear

projection of the employer effects onto job risk:

Vg = Van(g) T+ Py (3)

where k(g) aggregates the plant-occupation g to the industry-occupation level. This is an
employer-level model. For now, we assume ¢ is uncorrelated with a, so in principle v can
be consistently estimated in an employer-level regression of plant-occupation effects from the
first stage onto job-specific risk. We will relax this assumption in the empirical work. Let
the number of observed plant-occupation pairs be G and the number of unique industry-

occupation pairs be K. In matrix notation, the model above is expressed as

¥ =~Ila + &, (4)

where the G x K matrix II classifies each of the plant-occupation pairs into one of the K

industry-occupation pairs. a is the K x 1 vector of observed fatality risks.'!

'1n this section, we assume for simplicity that the fatality risk does not change over time. Our results are
not sensitive to accounting formally for the time-series variation in fatality risk.
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The least-squares estimator for the true compensating wage differential, ~y, is
v = (a'II'a) a4y (5)

We can insert pure compensating differentials into Equation 2 tautologically
w=XB+ DO+ ~yFlla+ F (¢p — ylla) + . (6)

The matrix notation follows Abowd et al. (1999): D is the design matrix of worker effects, and
F is the design of employer (plant-occupation) effects. From the construction of ~ it follows
that ¢ — ylla = M, where My = (I — Z(Z'Z)71Z") is the idempotent ‘residual-maker’

matrix that projects into the column null space of Z.

7.1 Job Aggregation Bias

The magnitude of the compensating differential will be biased if we estimate it using job-
level rather than employer-level data. Better jobs — higher paying and lower risk — are in
larger plants and tend to last longer. If so, the relationship between risk and wages may be

attenuated in job-spell data. Consider the employment-weighted version of Equation 4:
Fip =~FIla + Fo¢. (7)

Even if ¢ is uncorrelated with Ila, it does not follow that F'¢ is uncorrelated with FIla since
the number and duration of jobs of a particular type depend directly on risk.
It will be useful to define the duration and size-biased estimate of the compensating wage
differential as
5= (/I F'Flla) ' TV F'Fy. (8)

The duration bias is readily computed as
5=y = (¢TF'Flla) " oIl F'Fyp — (a'TI'Tla) "'/ Tl'p, (9)

implying again that the bias will be negative when employment is weighted toward high-
wage/low-risk jobs.

Hwang et al. (1998) make a related observation that the magnitude of bias depends on
whether the wage differential is estimated in worker-level or employer-level data. In their
model, firms with high pay and low risk attract and retain more workers, so an employment-

weighted analysis biases the estimated relationship between wages and risk downward.
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7.2 Omitted Variable Biases

We now consider the effect of omitting unobserved heterogeneity. Our interest centers on
what happens as we move from the pooled model to the within-worker model, and then to
the model that controls for worker and employer effects. Let us first consider the model that

includes worker effects, but omits employer effects. The estimated model is
w=Xp+ DO+ ~Flla+e. (10)

Let v* be the estimate of v under this misspecified model. Estimates of the compensating
wage differential that exclude employer effects are equal to the true effect, v, plus a bias
that is equal to the covariance between residual risk (after conditioning on D and X) and

(employment-weighted) residual wage variation (after conditioning on job risk).
v =7+ ('IVF' Mpx) Flla) ™ a'TU'F' My p F My, (11)

The bias is negative if observed employment is biased toward workers with idiosyncratically
low risk who work in firms with idiosyncratically high pay. Our Equation 11 is very similar
to Equation (3.10) in Abowd and Kramarz (1999), but modified to account for employment-
weighting. This bias is equal to zero only in the special case FIla is orthogonal to F M,
given worker characteristics. The underlying economics suggest this is unlikely to be the case.

Now consider estimation excluding both employer and person effects. The estimated
compensating wage differential, now denoted by ~** will be equal to the true effect plus a
bias term that depends on the correlation between residual risk (controlling for X) and both

residual worker effects and (employment-weighted) residual employer effects.
v =5+ (/T F'Mx Flla) " a'TUF My (D6 4+ F M) . (12)

Using the fact that FMm.Y = Mpmn.w, we can rewrite Equation 12 as a weighted sum of

worker and employer effects
v = ((IVF' Mx Flla) ' /I FMx D + ('I'F' My Flla) " ' IWFMxFy.  (13)

The raw compensating wage differential is a sum of the correlation between risk and worker

effects and risk and employer effects, conditional on time-varying observables.
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7.3 Empirical Implementation

To perform the bias decomposition, we first estimate the AKM decomposition in Equation 2,
controling for unobserved worker heterogeneity, and allowing employer effects to vary from
occupation to occupation. We restrict the sample to dominant jobs with at least 30 hours
contracted per week. The sample is otherwise unrestricted. Our analysis covers 136,217,638
matches between 65,898, 640 unique workers and 12, 142, 644 plant-occupation pairs.

We fit Equation 2 by the exact solution method described in Abowd et al. (2002). !2
Table 6 describes employment duration-weighted moments of components of the log wage
decomposition. The table reports the mean, standard deviation, and correlation among the
log wage, time-varying characteristics, person effects, plant-occupation effects, and the wage
residual. For reference, the table also reports the fatality rate, which, we emphasize, was not
included in estimation. The statistics are computed by merging log wage components back
to the estimation file, so these statistics are weighted by total employment and employment
duration.

Table 6 indicates the fatality rate is weakly correlated with log wage and its components.
This is partially due to the non-linear relationship around zero fatality risk jobs. Employers
with fatality risk equal to zero also pay much more on average than firms with positive fatality
risk. However, after controlling for whether an employer offers jobs with positive fatality risk,

the relationship between fatality risk and the employer effects turns positive.

7.4 The Role of Duration Bias on the Compensating Differential

For our remaining analysis, we restrict attention to the same five percent sample of workers
that are the subject of our prior results and the employers on their dominant jobs. Our
estimate of the compensating wage differential based on Equation 5 is 4 = 0.0005253. This
result comes from projecting the estimated plant-occupation effects onto the fatality risk.
Note, as with our previous results, we restrict the analysis to employers with positive fatality
risk. This estimate therefore masks a considerable wage penalty associated with working in
any risky job. Employers with positive fatality risk pay, on average, 14 percent less than
employers with zero fatality risk after controlling for observable and unobservable worker
characteristics. Note further that this estimate of the compensating differential is very close
to the result from our orthogonal match effect specification in Table 4. If we estimate, instead,

Equation 7, which is the duration-weighted version of Equation 4, we obtain an estimate of

12G8eparate identification of the worker and plant-occupation effects is only possible within connected groups.
While there are a large number of disconnected plant-occupations, over 95 percent of observations are in the
largest connected group. We report results for the entire sample, but the results are not sensitive to restricting
the sample to the largest connected group.
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the compensating wage differential, 4 = .0000721. This is an order of magnitude smaller

than the unweighted estimate.

7.5 Bias Decomposition

We focus first on the bias associated with failure to control for heterogeneity in plant-specific
compensation. In equation 6 wages depend on observable and unobservable worker charac-
teristics, the fatality risk, and idiosyncratic aspects of employer pay. Omission of residual
employer-specific attributes of pay can bias the estimated compensating wage differential if,
given worker characteristics, risk is negatively correlated with non-risk features of pay.

Tables 3 through A.4 already suggest there is a negative bias from failing to control
for match and plant heterogeneity. Using our dominant job sample, we also find that the
estimated compensating wage differential is negatively biased if we fail to control for employer
heterogeneity. The estimated compensating wage differential controlling for worker effects
only is v* = 0.0002233. From Equation 11, the bias term is

Bias = (a'TUF' Mypx Flla) " a'TUF' My p) F M, (14)

which is the coefficient from a regression of residual employer effects (conditional on risk)
on residual risk (conditional on observed and unobserved worker characteristics). Fitting
this regression directly, we estimate Bias = —0.0001646. As expected, this bias is negative,

though smaller in magnitude than the algebraic decomposition would suggest.

8 Conclusion

As has long been suspected, endogenous mobility of workers across jobs with different risk
severely affects estimates of compensating wage differentials. Standard panel data approaches
that correct for unobserved worker characteristics understate the true wage differential. Initial
investigations of the nature of this bias indicate it has two sources: one is in the non-random
selection duration of low-risk high-wage jobs and the second is the correlation between wages,
risk, and firm size. These results suggest a model of compensating differentials with costly
search in the spirit of (Hwang et al. 1998) may provide a useful guide to further empirical

work.
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NOTE-

Table 1: Descriptive Statistics

Standard
Mean  Deviation N
Male 0.61 0.49 14,295, 548
Age 34.46 11.18 14,295, 548
Race branco (white) 0.52 0.50 14,295, 548
elementary 0.15 0.35 14,295, 548
less than HS 0.09 0.28 14,295, 548
High School 0.38 0.49 14,295, 548
Some College 0.04 0.20 14,295,548
College + 0.14 0.35 14,295, 548
Contracted Weekly Hours 41.11 6.39 14,295, 548
Log Monthly Earnings 6.52 0.74 14,295, 548
Log Hourly Wage 1.37 0.80 14,295, 548
Annual Earnings (2003 Reales) 9632.51  16555.10 14,295, 548
Months worked 8.83 3.96 14,295, 548
Total experience (years) 18.00 11.83 14,295, 548
Fatality Rate 4.94 11.00 14,295, 548
Fatality Rate Positive 0.83 0.38 14,295, 548

27



"ejepOIIW STV Y WOy SUOR[Nored SOy -—dOHN0S
'sqol reak-[[ny owiry-[[ng 000‘00T 1od syjyeop se possordxo ore soyey] A3ere - ION

¢0c'¥y 1cev 709V  ¥ES'V 9LV cIv'a 0€€9 016°G [[e12AQ D) [oued
GIL9 G6¢°L 7466°L G98°¢ 689°G €€L9 T6L°L G6.L'S SIOYIOAN QOUSUIUIRI pUe Iredoy]
0C9'¢  LEST 91y L19°¢G coLV GeC'S 0¢6'9 797°G II uoronpoiq
4230 G696 €6T°0T C&PS'0OT LTISOT 9L6'IT €LTGET 19¢°¢Cl [ uorpnpoidq
88G°¢ VT L 0182 0cSL 96¢'8 1¢6'6  L16°0T L9¥°01 SIONIOA\ AIYSOIO ‘UOULIIYSI ‘SIIOAN 9INYMOLISY
GLG°¢ 6S9°¢ ¢69'¢  LICE ¢lov c6Sv TTLG L89G SIOPUSA PUE SISNIOMN 9IIAILS
08L°T 7091 €641 8¢r'1 I8L'T 09L°T 96C'¢ C¢CG'C SISNIOA\ PAT}RIISTUIWIPY
616°T LC6°T 6CE°C Ge8'1 SVe'e GLO'E cev'e 9¢6°¢C SURIOIUYOA], [9AI[-PIA
Ge60 0¢8]0 ¢S6°0 99T°T 9IC'T CIT'T €€0°¢C VLT'T S)ISIHUIDG PUR ‘SISIHY ‘S[RUOISSIJOI]
G6€°¢C 0S6°'T r4lieé 800°¢ £€0°¢ 098¢ G67°¢ ¢1e’ S JUOUIOSRURTN PUR UOIYRIJSIUTWIPY I[N

uorjednooQ :g [pued
000°0 00000 607'ST 0000 000°0 000°0 €C8'8  ¥0S'T¢ SOOIAISG Ol}semo(J
¢es'e  L09¢  T4Te 6£9°C 06¢°¢ (4 ¢cLe' S 9861 SOOIAISS [BUOSIDd PU® [BIDOS 19430
Sve'l Vvl ¢98'1 L80°T LGE°T 6.8'1T €G¢C'¢C 788’1 SOVIAIRS [BIDOG pue [i[esH
9¢C'1 9L0°1 08¢'T 1¢C'1T 06G°T 9LC'T L8LC 690°¢ UOTYeOnpH
G180 1680 T19L°0 698°0 G2c9°0 716°0 £66°0 €88°0  AJmooeg OIqnJ pue ‘9sudfo(] ‘UOIFRIISTUTUPY I[N J
00v°¢ qI¢’¢ 8L6°¢ T197°¢ €Sy 6LV 166°G 60T°9 9JBISH [e9Y
LT10°T 990°'T 1,20 ¢L80  LICT Iv¢0 1,80 GL6'T SOOTAIOG ATRIPOULIOJU] PUR [RIOURUL]
T16G°CT  ¢ce'cl  L9S¥VI  9ST'6T 686°GT  GLG'GT  LLO'GT 0€0°¢T UOTYEdIUNWIWO)) pue ‘95eI0}g ‘UoIyelIodsue],
L60°G 0c8'¢ £€69°¢ 66L°¢ CLEY  96C°G 698°G 91¢'9 Ayrejidso] pue ‘SursporT ‘pooyg
Yo'y 9y  LICS CaLy 6L.9°G V.LL9 18872 61¢°L Ireday] pue apedf,
GIT'6  86C'TT ¢V9'0T 980°¢T 60T°CT G8L'TT S8¥6°'GT 8ST'GI UOoI1dNIISUO)
€091 000°¢ 4577 6967 SI¢y  0EvV¥V  6S7'¢ 0909 SO
¥eecv LR80T 107V T1T°¢ 8VLTV 1¢6'¢ L1999  LE6°G Sunmjoejnuey
1,86 6IT6 ¥VO'IT ¢CVC'9 09¥7'L G€¢'¢l 6L9°CT ¢€0¢l Surury
7199 7906 96¢'s 176°L TLE°6 Q¢S90T TLCCT 67911 SuIyst{ pue 2IMMOLISY
0T0C 600¢ 800¢ L00¢ 900¢ G00¢ ¥00¢ €00¢ 103099 'Y [oued

Ie9X

0T0Z—€00z ‘uoryednoo() pue Ansnpuy Ag soyey Aj[eieq :g o[qR[,

28



‘010z URT) 107e0I18 )Rl A)I[R)R] RLIILID UOI100[es o[dureg 'S100]jo 9)e)S PUR S100]j0 Ivak OPN[OUl S[OPOU [[Y ‘[oAd] ()" 9} J' JUROYIUSIS , :SOIO0N

[1€T ‘€9°0] [ST°0 ‘0T°0] (00T ‘ce0] ID %%6

L£°0 L6°0 €10 L9°0 TSA

A N N N $300hH YOreIN

A A N N sy00P Jue[d

A N A N S300h] IONI0A

13670 G0L°0 828°0 1€7°0 bs-yg

L69°GTRTT L69°GTRTT L69'CTRTT L69'CTRTT N

(627000°0)  «E802€0°0 (€T#000°0)  %GEFTI00 O

(659000°0)  x£€9LE0°0~ (872000°0)  %G98980°0— el

(19¢500°0)  x98920C'T (886500°0)  xG€T0T6'T 00180(] peourApY

(T98000°0)  xT95S58°0 (2G0100°0)  «FELVFC T 00130 98010

(GE0T000)  «G9ILISED (66T100°0)  %GELFI9°0 0891[0)) dwog

(¥07000°0)  x0T08ST'0 (102000°0)  «¥8€0LE°0 [00Y28 YSIH

(€60100°0)  «G€68T0°0 (80£000°0)  %609S¥1°0— (66% 03 0g) 1Rl WnIpo]y

(€2€100°0)  %0TT8T0°0 (F7L000°0)  46£T18C°0— (0 Ueyy 1omo) Jue[d [[BWS

(I7S000°0)  %86LLTT°0 (180T00°0)  %6972€E 0 oeIN

(€70000°0)  x08TTITO0 (£20000°0)  xLL¥820°0 oImua, qof

(9500000)  «T0€Z00°0 (2900000)  «T9€100°0 1)) eousLtadxy]

(027000°0)  %G068F0 0~ (8L7000°0)  %TT6SF00— "bg eouertadxyy

(760000°0)  x67€950°0 (0TT000°0)  «T81650°0 ooudLIedxXy]

80S000°0  (G€2000°0)  «0TET00°0  (020000°0)  x0LT000°0  (622000°0)  %&16000°0 (VIN 1X-¢) 91ey Arereq
dS Jo0D ds Jo0D dS Jo0D dS Jo0D

29

S190FH UOYeIN MO $109PH Jue[J S1007 IO[IOAN\ [BUOT}09G-SS0I))
(¥) (€) (2) (1)
(26D pq )] o[qeLIRA Juepuado(]

SIONIOM [IV :SOYRWNSH TSA SI90PH PoXId € o[q¥L



‘0197 URT[) 1970013 9)Rl AIR)e] ‘Foam Iod sinoy arowr 10
0¢ yum sqol ‘Gg-¢g seSe Usami)eq Us :RLIILIO UOIIDS[as s[duIeg ‘S109]J0 97€IS PUR SI09]0 JBAA OPN[OUI S[EPOW [[Y [9Ad] T() Y} Je JURdYIUSIS , :SOION

ID %%6

TSA

A N N N $19074 YOYBIN

A A N N s300P Jue[d

A N A N S100[4] IIOM

176°0 gael0 €680 08€°0 bs-yg

LT9796°G LT9°796°S LT9°796°C LT9°796°G N

(¥65000°0)  %F9S€¥0°0 (L¥G000°0)  %TTITITO0 ONYM

(€680000)  «¥168£0°0~ (1€6000°0)  %0TS6L0°0— el

(790010°0)  «086790°T (L6ETT0°0)  «088819'T 00180(] peourApY

(9€GT00°0)  «9L8T6L°0 (6G7100°0)  x09819¢'T 00189(] 989[[0))

(8€L1000)  «ETT8LED (PP8100°0)  %TSGR0L°0 o89[0)) dwog

(1950000)  «6SL0OET°0 (€7G000°0)  x99£09%°0 [00YPS YSTH

(2GP100°0)  «GE€EETO0 (179000°0)  %¥S8LST°0~ (667 0% 0z) Yue[d WNIPOJA

(7GL100°0)  «007720°0 (L69000°0)  4€6TSTEL 0~ (0T wey) 1oMo) Jueld [[BWS

(1900000)  «092¢T0°0  (830000°0)  «STTS00°0  (190000°0)  «TEI¥G00 oImua], qof

(82T000°0)  x028000°0  (192000°0)  %T1€2020°0  (991000°0)  %80L000°0— nY eousLIedxy

(700T00°0)  %G806£0°0— (€2T200°0) %6g0Tee 0~ (083100°0) +FIF8E0 0~ "bg eousrrodxyy

(7€2000°0)  %LL9920°0  (89000°0)  %GE€080T'0  (882000°0)  %E£TZ0L00 oouoLIodxy

(980000°0)  %9TF000°0 (£0T000°0)  xL€LT00°0  (120000°0)  S€£0000°0  (290000°0)  %66L100°0 (VIN 1&-¢) 910y £rrereq

dS Jo0D dS Jo0D dS Jo0D) dS Jo0D)
S100H U2YeIN IO sy0opH I1uerd S100H IONIOAN [RUO1199G-SSOI))

(¥) (€) (¢) (1)

26D A )UT 91qRLIRA TUopuUado
M)UT S[qBLIBA USSP a

UQN POSY-OWLIJ oW, - :S01eWIISH TSA SIOPH POXI ¥ O[qRL

30



"0I9Z URT[} I97e0I3 9)Rel Ajeie] ‘oom Jod sinoy orowr 10 ()¢ [im sqol ‘G9-gg soSe Uvom)oq U RLIDILID UOIY09[es o[dureg ‘arnpodord
IPrAyOG-weIr) 973 Susn pazI[euosoy1o st [erwoudjod 91e1 A)1[e)e] S109[0 918IS PUR $100]J0 IRIA OPN[OUL SPPOW [[ "[9Ad] T()° O3 J® JUROYIUSIS , :SOI0N

A N N N 3000 YPIRIN

A A N N 3005 Juel

A N A N S300] I0I0A

1¥6°0 3al 0 £68°0 18€°0 bs-y

L19796C L19%96°G LT9796°G L19796°G N

(980200°0)  «STTE89°0  (97G800°0)  %LLPES0'0~ (T60200°0) 59725090 RISTOL)

(2€2000°0)  «STLOET'0  (606100°0)  +F2€690°0  (0£8000°0)  +92LEIT0 0T0TIL

(122000°0)  «T€660T°0  (P9ST00°0)  «I88SC0°0  (8¥8000°0)  %G8€960°0 600214

(012000°0)  «GLS9TT'0  (0GET00°0)  %699LL0°0  (PS8000°0)  +92SHOT 0 800z1&

(202000°0)  «€L€680°0  (£68000°0)  +9€56S0°0  (1L8000°0)  %ST8L800 L00zI&

(169000°0)  «8¢S670°0  (0290000)  x0S9€€0°0  (688000°0)  %S008E00 900z 14

(765000°0)  «I8GEV00 (€75000°0)  xL9FSTO0 ONMYM

(268000°0)  x928TE0 0~ (826000°0)  %S8T0S0 0~ yoRlg

(€70010°0)  «81€L90°T (GLTIT00)  +£CTETI'T 00189(] poouRAPY

(2€ST000)  «FLEE6L°0 (8TFT00°0)  xT€S59T'T o0130(] 03970

(TEL100°0)  %I8008€°0 (€28100°0)  x989TTL°0 989[[0)) ouI0g

(6950000)  «6SVIET0 (625000°0)  %GGLTIIT 0 [00U28 YSIH

(ISF100°0)  «89€€20°0 (209000°0)  %2ST09T 0~ (66¥ 01 0g) e[ WNIPSIN

(6GL100°0) 9867200 (1990000)  %68L02E 0~ (07 uey) 1omo) Jue[] [[BWS

(190000°0)  %6922T0°0  (830000°0)  +9TTS00°0  (090000°0)  %S¥LVEO0 omua], qor

(L21000°0)  %G28000°0  (192000°0)  482L020°0  (991000°0)  %¥2L000 0~ ) PoueLdxyy

(T00T00°0)  %L668€0°0— (£21200°0) %9861€6° 0~ (LLTT00°0) «0ETI8E0°0— "bg eouewedxyy

(€€2000°0)  %66SG20°0  (289000°0)  %6Z080T'0  (L82000°0)  %G900£0°0 ooueLIadX ]

(126200°0)  %TT8400°0 (€28000°0)  %SG89800°0  (€92000°0)  0£ET00°0  (969000°0)  8¥£L00°0 ) oyey £yeye] pozireuooyliQ

(6£9€00°0)  €F9200°0  (1260000) 4LGLTT0°0— (PEF000°0) 6670000  (928000°0) %6L¥0T00— ‘bg eyey Ly1rere] pazifeuoSoI0

(£20T00°0)  %LETR00°0 (90¥000°0)  %G6TLZ0°0  (£82000°0)  +88L000°0  (0G£000°0)  9¥€€T0'0 (VN 1X-€) 230y L1eye] pozifeuo3oyiiQ
dS Jo0D) dS Jo0)) as Jo0D) dS Jo0))

S300PH OIRIN 10 syoopH uerd SI00PH IONIOAN [RUOT)00G-SSOI))

() (€) 9 (1)
(26D g1 )y o[qerrep juepuada(g

ayey] Aj1rereq oIquy) ‘UL 98y -oWLIJ SWIL [N :SoYewIISH TSA SI0PH PoXIg :G o[qRl,

31



Table 6: Correlation Among Components of the Log Wage Rate: RAIS 2003-2010

Correlation

Mean Std. Dev. Log Wage Xp 0 P e lla
Log Wage 1.30 0.760 1
Time-varying characteristics 1.30 0.377 0.243 1
Worker effect —0.00 0.502 0.599 —0.476 1
plant-occup. effect —0.00 0.397 0.800 0.118 0.333 1
Residual 0.00 0.196 0.258 —0.000 0.000 0.000 1
Fatality Rate 5.28 10.594 —0.063 0.042 —0.095 —0.041 —0.000 1

NOTE—Correlation among components from the decomposition of log earnings into observable characteristics
(X B), unobservable worker heterogeneity (), and unobservable plant-occupation heterogeneity (i) according
to Equation 2. The column headers use symbols from the text while row headers provide short definitions.
The fatality rate is not included in estimation, but reported here for comparison.

SOURCE—-Authors’ calculations based on RAIS microdata.
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Table 7: Descriptive Statistics: Job Change Sample for IV Estimates

All Workers Matched Restricted

(1) (2) (3)
Male 0.69 0.69 0.70
Age 31.29 31.45 32.14
Race branco (white) 0.54 0.52 0.47
elementary 0.13 0.13 0.13
less than HS 0.08 0.08 0.07
High School 0.50 0.494 0.49
Some College 0.04 0.04 0.03
College + 0.09 0.09 0.09
Contracted Weekly Hours 42.32 42.13 41.82
Log Monthly Earnings 6.42 6.43 6.46
Log Hourly Wage 1.26 1.26 1.29
Fatality Rate 6.78 6.59 6.35
Num. Obs. 2,679,457 1,915,591 1,061,242

NOTE-Means of key variables for the sample of workers who change jobs in 2010. The sample in Column
(2) is restricted to workers that could be matched to at least 1 worker who previously exited the same
establishment-occupation of origin (in 2008 or 2009). The sample in Column (3) is restricted to workers that
could be matched to at least 10 workers who previously exited the same establishment-occupation of origin
(in 2008 or 2009).
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Figure 1: Mean residual by deciles of worker effect and plant effect
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Figure 2: Mean residual by deciles of worker effect and fatality risk
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Figure 3: Mean difference in wages for workers by decile of the plant effect distribution
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A Additional Tables

Table A.1: Causes of Separation Reported in RAIS

Label Label
Value  Portuguese English
0 nao desl ano  no separation this year
10 dem com jc terminated with just cause
11 dem sem jc terminated without just cause
12 term contr end of contract
20 desl com jc resigned with just cause
21 desl sem jc resigned without just cause
30  trans c¢/onus  xfer with cost to firm
31 trans s/onus  xfer with cost to worker
40 mud. regime Change of labor regime
50 reforma military reform - paid reserves
60 falecimento demise, death
62 falec ac trb death - at work accident
63 falec ac tip death - at work accident corp
64 falec d prof death - work related illness
70 apos ts cres retirement - length of service with contract termination
71 apos ts sres retirement - length of service without contract termination
72 apos id cres retirement - age with contract termination
73 apos in acid  retirement - disability from work accident
74 apos in doen  retirement - disability from work illness
75 apos compuls retirement - mandatory
76 apos in outr  retirement - other disability
78 apos id sres retirement - age without contract termination
79 apos esp cre  retirement - special with contract termination
80 apos esp sre retirement - special without contract termination
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