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Today’s lecture

• Previously: wage dispersion due to differences in skill

• Today: wage dispersion among “equally skilled” workers

◦ Inter-industry wage differentials
◦ Inter-firm wage differentials
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Why might wages differ across jobs?

• Neoclassical benchmark: law of one price

• Why might this break down?

◦ Compensating differentials
◦ Institutional wage-setting (unions, gov’t)
◦ Monopsony power

• “Efficiency wages”: Π increasing in w (over some range)

◦ w ↑ =⇒ less turnover (Salop 1979)
◦ w ↑ =⇒ less shirking (Shapiro and Stiglitz, 1984)
◦ w ↑ =⇒ better morale (Akerlof 1982)
◦ w ↑ =⇒ better applicants (Weiss 1980)

• Firms differ in their reliance on efficiency wages

◦ Heterogeneous costs of screening, training, monitoring
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Inter-industry wage premia

• Slichter (1950): industries pay similar workers different wages

• Analyzed by (among others) Krueger and Summers (1988)

◦ Let K (i) denote worker i ’s industry
◦ Regress log wages on industry FEs

yi = γ + θK(i) + x ′i β + εi

where xi contains human capital/demographic controls
◦ Estimate separately in 1974, 1979, and 1984 CPS

• Interested in dispersion, persistence of the industry FEs
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Large, persistent inter-industry wage differentials264 ALAN B. KRUEGER AND LAWRENCE H. SUMMERS 

TABLE I 
ESTIMATED WAGE DIFFERENTIALS FOR ONE-DIGIT INDUSTRIES-MAY CpSa 

(Standard Errors in Parentheses) 

(1) (2) (3) (4) 
1984 Total 

Industry 1974 1979 1984 Compensation 

Construction .195 .126 .108 .091 
(.021) (.031) (.034) (.035) 

Manufacturing .055 .044 .091 .131 
(.020) (.029) (.032) (.032) 

Transportation & Public Utilities .111 .081 .145 .203 
(.021) (.031) (.034) (.034) 

Wholesale & Retail Trade -.128 -.082 -.111 -.136 
(.020) (.030) (.033) (.033) 

Finance, Insurance and .047 -.010 .055 .069 
Real Estate (.022) (.035) (.034) (.034) 

Services - .070 - .055 - .078 - .111 
(.021) (.030) (.032) (.032) 

Mining .179 .229 .222 .231 
(.035) (.058) (.075) (.075) 

Weighted Adjusted Standard 
Deviation of Differentialsb .097** .069** .094** .126** 

Sample Size 29,945 8,978 11,512 11,512 

a Other explanatory variables are education and its square, 6 age dummies, 8 occupation dummies, 3 region dummies, sex 
dummy, race dummy, central city dummy, union member dummy, ever married dummy, veteran status, marriage x sex 
interaction, education x sex interaction, education squared x sex interaction, 6 age X sex interactions, and a constant. Each 
column was estimated from a separate cross-sectional regression. 

b Weights are employment shares for each year. 
** F test that industry wage differentials jointly equal 0 rejects at the .000001 level. 

city dummy, marital status, veteran status, and several interaction terms.5 Table 
II presents comparable results for two-digit CIC industries and Appendix Table 
Al contains comparable results for 1984 for three digit CIC industries. The 
industry dummy variables are jointly statistically significant and they are gener- 
ally statistically significant individually as well. The results are qualitatively the 
same when the samples are restricted to nonunion workers. 

Furthermore, the industry variables have a sizable impact on relative wages. 
The coefficient for mining in Table II for 1984, for instance, implies that the 
average employee in the mining industry earns wages that are 24 per cent higher 
than the average employee in all industries, after controlling for human capital 
and demographic background. In 1984 the industry differentials ranged from a 
high of 37 per cent above the mean in the petroleum industry to a low of 37 
per cent below the mean in private household services. These large wage 
differentials suggest that other factors besides opportunity costs are important in 
explaining wages. 

The industry variables are very important in explaining variations in log 
earnings. As an indication of their importance, the standard error of the regres- 
sion falls by 4.3 percentage points once industry controls are added to a 

S We return to the effects of unions in Section 4. 

This content downloaded from 18.7.29.240 on Thu, 20 Jun 2013 15:57:28 PM
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(Krueger and Summers, 1988, Table 1)
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Premium wages or some other explanation?

• Might be “true” pay premia, but might reflect . . .

◦ Sorting on unmeasured ability
◦ Compensating differentials

• Stack across years, add worker fixed effects:

yit = αi + γt + θK(i ,t) + x ′itβ + εit

• Estimate in first differences:

∆yit = ∆γt + ∆θK(i ,t) + ∆x ′itβ + ∆εit

• “Switchers model” (identified by industry-changers)

◦ Many spurious switches: KS adjust for measurement error
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Industry premia survive inclusion of worker FEs270 ALAN B. KRUEGER AND LAWRENCE H. SUMMERS 

TABLE IV 
T1B EFFECTS OF UNMEASURED LABOR QUALITYa 

(1) (2) (3) (4) 
Fixed Effects Fixed Effects Fixed Effects 

Unadjusted for Adjusted for Adjusted for 
Measurement Measurement Measurement 

Industry Error Error Ib Error II' Levels 

Construction .063 .098 .174 .174 
(.033) (.060) (.060) (.024) 

Manufacturing .028 .055 .107 .064 
(.031) (.058) (.058) (.022) 

Transportation and .019 .060 .049 .114 
Public Utilities (.035) (.059) (.059) (.024) 

Wholesale and -.042 -.068 -.125 -.133 
Retail Trade (.031) (.056) (.056) (.023) 

Finance, Insurance .027 .017 .018 .035 
and Real Estate (.036) (.061) (.061) (.025) 

Services - .040 - .088 - .128 - .079 
(.032) (.056)- (.057) (.023) 

Mining .067 .122 .142 .156 
(.004) (.057) (.058) (.040) 

a Data set is three matched May CPS's pooled together: 1974-1975, 1977-1978, and 1979-1980. Sample size is 
18,122. Levels are 1974, 1977, and 1979 data pooled. Results of the 1975, 1978, and 1980 sample are qualitatively the 
same. Controls for fixed effects regressions are change in education and its square, change in occupation, 3 region 
dummies, change in union membership, experience squared, change in marital status, year dummies, and a constant. 
Controls for level regressions are the same as Table I plus year dummies. 

b Adjustment I assumes 3.4 per cent error rate and that misclassifications are proportional to industry size. See 
Appendix for description. 

'Adjustment II assumes average error rate is 3.4 per cent and misclassifications are allocated according to 
employer-employee mismatches. See Appendix for description. 

estimate the extent of measurement error in answers to CPS questions about 
industry suggests that a large fraction of reported industry switches do not reflect 
genuine movements between industries but are instead the result of classification 
errors. As a result, it is necessary to correct our estimates for measurement error. 

We make use of the prior information provided by Mellow and Sider on the 
extent of reporting errors to correct our estimates of industry wage differentials 
for the effects of measurement error. The correction differs from the standard one 
because the independent variables we examine are dichotomous. It is detailed in 
the Appendix. The procedure is implemented under two different assumptions 
about the nature of the process generating industry classification errors. In Case I 
we assume the error rate is the same in all industries and that the chance of being 
misclassified into an industry is proportional to the industry's employment share. 
In Case II we estimate the chance of spurious classification between industry i 
and industry j directly from the data used by Mellow and Sider. 

Table IV presents the results of longitudinal analysis with the matched CPS 
data. We report the first difference results adjusted for measurement error under 
our two alternative assumptions. In addition, we report the fixed effects results 
without adjusting for measurement error, and report the results of a wage 
regression using levels. The results show that the first difference and level 
regressions are similar, and in both cases the industry variables are jointly 

This content downloaded from 18.7.29.240 on Thu, 20 Jun 2013 15:57:28 PM
All use subject to JSTOR Terms and Conditions

(Krueger and Summers, 1988, Table 4)
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Symmetric effects in either direction
(We’ll see this again shortly when we turn to firm-level wage premia)

There are potentially important selection problems involved in
studying workers who voluntarily change industries . . . The se-
lection effects operating on workers going from industry i to j
are likely to be different from those operating on workers go-
ing from industry j to industry i . We were unable, however,
to reject the hypothesis that wage changes were the same for
joiners and leavers. This suggests that selectivity forces are not
very important in the longitudinal analysis and provides some
support for the first difference specification.
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The case for industry-level rents

• Krueger and Summers interpretation: pure premia (rents)

◦ Not explained by worker unobservables
◦ Not explained by (observed) differences in working conditions

• Auxiliary evidence of rents:

◦ Industry premia are shared across occupations
◦ Displaced workers lose their industry premia
◦ High-paying industries have lower turnover
◦ Industry premia correlated w/profitability
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From industries to firms

• Modern approach: estimate firm (or establishment) FEs

◦ Industry FEs are weighted averages of firm FEs
◦ Preferable to look at firm effects directly (if we can)

• Pioneered by Abowd, Kramarz, and Margolis (1999)

◦ Original paper is quite technical
◦ Tricky computational issues

• Instead: learn AKM via Card, Heining, and Kline (2013)

◦ Substantive analysis of the German wage structure

• Analogous studies of the US wage structure:

◦ Barth, Bryson, Davis, and Freeman (2016)
◦ Song, Price︸ ︷︷ ︸

not me

, Guvenen, Bloom, von Wachter (2018)
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Digression: how to learn methods

• Which methods should I learn, and in how much detail?

◦ Is it being used in applied work?
◦ Does it come up a lot in seminars?
◦ Would I be embarrassed not to know it?

• One heuristic: partition into three kinds

◦ Tools I know how to use (e.g., IV, event-study, clustered SEs)
◦ Tools I know when to use (e.g., IK bandwidth for RD designs)
◦ Tools I can probably survive without (e.g., stochastic calculus)

• Look for “practitioners’ guides”

◦ Don’t start with the Econometrica paper
◦ Explanatory discussions in applied papers
◦ How-to guides (e.g., Cameron and Miller JHR 2015)
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The rise of (male) West German wage inequality

period from 1996 to 2009, the gap between the 20th and 80th
percentiles of wages expanded by approximately 20 log points,
roughly comparable to the rise in inequality in the U.S. labor
market over the 1980s.4

The German labor market presents an important test case
for assessing changes in wage-setting behavior and the role of
firm-specific heterogeneity. After a decade or more of disappoint-
ing economic performance (Siebert 1997), the country imple-
mented a series of labor market reforms in the late 1990s and
early 2000s, and has recently emerged as one of the most success-
ful economies in the Organisation for Economic Co-operation and
Development.5 There is widespread interest in the sources of this
recent success and the lessons it may hold for other countries.

To separately identify the impact of rising heterogeneity in
pay across different workers and rising heterogeneity in the pay
received by the same individual on different jobs, we divide the
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FIGURE I

Trends in Percentiles of Real Log Daily Wages for West German Men

Figure shows percentiles of log real daily wage for full-time male workers
on their main job, deviated from value of same percentile in 1996 and multi-
plied by 100.

4. For example, Katz and Murphy (1992) show that the 90–10 gap in log weekly
wages for full-time male workers rose by 0.18 between 1979 and 1987, and Autor,
Katz, and Kearney (2008) show that the 90–10 gap in log weekly wages for full-time
full-year male workers rose by 0.25 between 1979 and 1992.

5. For overviews of recent changes in the German labor market, see Eichhorst
and Marx (2009), Burda and Hunt (2011), and Eichhorst (2012).
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Adding estab. FEs reduces rise of residual inequality

and 2009. The second line in the figure is the standard deviation
of the residuals from a standard Mincerian earnings function
(with dummies for four education levels and a cubic experience
term) fit separately by year. Residual inequality rises a little less
than overall wage inequality (from 0.30 in 1985 to 0.43 in 2009),
but exhibits the same shift in trend in the mid-1990s.

Several recent studies have suggested that part of the rise in
U.S. wage inequality is attributable to a rise in the variation in
wages across industries (e.g., Bernard and Jensen 1995) and/or
occupations (e.g., Autor, Levy, and Murnane 2003; Autor, Katz,
and Kearney 2008). The third, fourth, and fifth lines in the figure
show the trends in the residual standard deviation of wages after
controlling for industry (!300 dummies with separate coefficients
in each year), occupation (!340 dummies), and industry " occu-
pation (!28,000 dummies). While time-varying industry and oc-
cupation controls clearly add to the explanatory power of a
standard wage equation, they have only a modest impact on the
trend in residual inequality.19 We return in Section VI to examine
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FIGURE IV

Raw and Residual Standard Deviations from Alternative Wage Models

See note to Figure II. Figure shows measures of dispersion in actual and
residual real daily wage for full-time male workers. Residual wage is residual
from linear regression model. ‘‘Mincer’’ refers to model with dummies for edu-
cation categories and cubic in experience, fit separately in each year. Other
models add controls as indicated.

19. A basic human capital model (dummies for education and cubic in experi-
ence) has an R2 coefficient of about 0.35. Adding industry or occupation controls
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Card et al. (2013)

• How has employer heterogeneity contributed to inequality?

◦ Seems important to explaining residual inequality
◦ May also help explain between-group inequality

• Build on Abowd et al. (1999)

◦ AKM is now a workhorse statistical model
◦ CHK shed light on identifying assumptions

• Focus on West Germany over 1985–2009

◦ German reunification circa 1990
◦ Weakening of collective bargaining
◦ Hartz reforms in mid-2000s
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Linked longitudinal worker-firm data

• AKM requires large, linked worker-firm datasets

◦ Collected for payroll taxes, unemployment insurance, etc.
◦ Growing presence in labor economics
◦ German IAB, US LEHD, France, Denmark, Brazil . . .

• Many advantages

◦ Large samples, both sides of the market
◦ Follow workers over many years
◦ Accurate (administrative) records

• But many barriers to entry

◦ Applying for access
◦ Computational intensity
◦ Disclosure review
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Sample construction and data issues

• Restrict to male full-time workers ages 20–60

◦ Women have lower LFP, more part-time jobs
◦ But results pretty similar for women

• Retain the job with highest earnings over each year

◦ Don’t observe hours =⇒ “wage” ≡ earnings
days worked

• Observe “establishments” not “firms”

◦ May comprise multiple work sites in the same area
◦ Spurious entries/exits due to ownership changes, etc.

• Impute top-coded wages

◦ Earnings censored at the social security limit
◦ Use Tobit model to impute censored wages
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Summary statistics

a plant remains open. A new owner, for example, may introduce
a bonus system that alters the workplace component of pay.
In cases where a new EID is assigned to a continuing plant,
there is no bias in treating the ‘‘new’’ EID as a new establishment,
only a potential loss in efficiency, because the old and new estab-
lishments can have the same impacts on wages.

Table I illustrates some basic characteristics of our wage
data, showing information for every fifth year of the sample for
men in the upper panel and women in the lower panel. The data
set includes 12 to 14 million full-time male wage observations in
any year, and 6 to 7 million full-time female wage observations.
As shown in column (2) of the table, average real daily wages of
full-time men rose by about 8% between 1985 and 1990, then were
relatively stable over the next 20 years. Average real daily wages
of full-time women rose by 11% between 1985 and 1990 and an-
other 6% between 1990 and 1995, but then stabilized at a level

TABLE I

SUMMARY STATISTICS FOR SAMPLES OF FULL-TIME MEN AND WOMEN

Log real wage,
unallocated

Log real wage,
allocated

(1) (2) (3) (4) (5) (6)
Number

observations Mean Std. dev.
Percent
censored Mean Std. dev.

Panel A. Full-time men
1985 11,980,159 4.221 0.387 10.63 4.247 0.429
1990 13,289,988 4.312 0.398 11.92 4.342 0.445
1995 13,101,809 4.340 0.415 9.78 4.361 0.447
2000 12,930,046 4.327 0.464 10.31 4.352 0.502
2005 11,857,526 4.310 0.519 9.36 4.336 0.562
2009 12,104,223 4.277 0.535 10.00 4.308 0.586
Panel B. Full-time women
1985 6,068,863 3.836 0.462 1.52 3.840 0.470
1990 7,051,617 3.942 0.476 2.01 3.947 0.486
1995 7,030,596 4.026 0.483 1.95 4.030 0.491
2000 7,009,075 4.019 0.532 2.47 4.026 0.545
2005 6,343,006 3.999 0.573 2.36 4.006 0.588
2009 6,566,429 3.979 0.587 2.80 3.988 0.606

Notes. Samples includes employees in West Germany age 20–60, working full-time in nonmarginal
jobs. Real wage is based on average daily earnings at the full-time job with highest total earnings during
the calendar year, adjusted for inflation using the Consumer Price Index. Unallocated wage data in col-
umns (2) and (3) are based on raw daily wage data, which are censored at social security maximum for the
corresponding year. Allocated wage data in columns (5) and (6) include stochastic allocation of censored
observations based on a Tobit model.
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The AKM model

• Standard AKM regression model

yit = αi + φJ(i ,t) + x ′itβ + rit

◦ Worker i employed by establishment J(i , t) in year t
◦ xit includes year dummies, age, and education
◦ Estimate over 1985–91, 1990–96, 1996–02, 2002–09

• Identified by job-to-job switchers

◦ Only identified for the “largest connected set”
◦ Limited mobility bias (Andrews et al. 2008)

• Computationally intensive

◦ AKM could only get approximate solutions
◦ CHK use an exact algorithm from Abowd et al. (2002)
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What is a “good worker”? What is a “good firm”?

• AKM’s original description:

◦ “A high-wage worker is a person with total compensation higher than

expected on the basis of observable characteristics like labor force

experience, education, region, or sex.”

◦ “A high-wage firm is an employer with compensation higher than

expected given these same observable characteristics.”

• Focus here is on wages, not necessarily productivity

◦ Worker FE: productive skills, negotiation, discrimination
◦ Firm FE: productive assets, union wages, efficiency wages
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Identifying assumptions

• The AKM model again:

yit = αi + φJ(i ,t) + x ′itβ + rit

• Key assumptions:

◦ Additive separability (in logs)
◦ Exogenous mobility
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Endogenous mobility

• Suppose rit has match, unit-root, and transitory components

rit = ηiJ(i ,t) + ζit + εit

• Some kinds of job mobility are perfectly fine

◦ High-α workers tend to move to high-φ firms
◦ More workers move to better firms than to worse firms

• Three forms of problematic job mobility

◦ Selection on match quality (J(i , t) correlated with η)
◦ Selection on “drift” (J(i , t) correlated with ζit)
◦ Selection on transitory shocks (J(i , t) correlated with εit)
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Testable implications of the identifying assumptions

• Selection on match quality?

◦ No: wage gains and losses are symmetric
◦ No: adding match FEs yields only slightly better fit

• Selection on drift?

◦ No: switchers don’t exhibit pre-trends (or post-trends)

• Selection on transitory shocks?

◦ No: we don’t see any “Ashenfelter’s dip” before a move
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Movers event study (1985–1991)
Symmetric gains/losses from upward/downward moves

For clarity the figures only show the wage profiles for work-
ers leaving quartile 1 and quartile 4 jobs (i.e., those with the
lowest-paid and highest-paid coworkers). Online Appendix
Table A.3 provides a complete listing of mean wages before and
after the job change event for each of the 16 cells in the two inter-
vals. In that table we also show the numbers of movers in each
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FIGURE V

Mean Wages of Job Changers Classified by Quartile of Mean Wage of Coworkers
at Origin and Destination Establishment (A) 1985–1991, (B) 2002–2009

Figure shows mean wages of male workers observed in 1985–1991 or 2002–
2009 who change jobs in the respective interval, and held the preceding job for
two or more years, and the new job for two or more years. ‘‘Job’’ refers to
establishment with most earnings in year, excluding part-time work. Each
job is classified into quartiles based on mean wage of coworkers.

move directly from job to job or have an intervening spell of nonemployment (or
part-time employment). Finally, since the sample periods include seven or eight
years, some individuals can appear in the event study more than once.
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Movers event study (2002–2009)
Gains and losses have grown over time

For clarity the figures only show the wage profiles for work-
ers leaving quartile 1 and quartile 4 jobs (i.e., those with the
lowest-paid and highest-paid coworkers). Online Appendix
Table A.3 provides a complete listing of mean wages before and
after the job change event for each of the 16 cells in the two inter-
vals. In that table we also show the numbers of movers in each
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FIGURE V

Mean Wages of Job Changers Classified by Quartile of Mean Wage of Coworkers
at Origin and Destination Establishment (A) 1985–1991, (B) 2002–2009

Figure shows mean wages of male workers observed in 1985–1991 or 2002–
2009 who change jobs in the respective interval, and held the preceding job for
two or more years, and the new job for two or more years. ‘‘Job’’ refers to
establishment with most earnings in year, excluding part-time work. Each
job is classified into quartiles based on mean wage of coworkers.

move directly from job to job or have an intervening spell of nonemployment (or
part-time employment). Finally, since the sample periods include seven or eight
years, some individuals can appear in the event study more than once.
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Systematic departures from additive separability—but small

4. Reassuringly, the mean residuals in each cell are small, and
uniformly less than 1% in magnitude.33 The largest deviations
appear among the lowest-decile workers and the lowest-decile
establishments: for these groups there appear to be small but
systematic departures from the additive separability assump-
tions of the AKM model. A complete investigation of these non-
separabilities is clearly a topic for future research, but given the
small magnitude of the deviations we suspect that they have rela-
tively little effect on our basic conclusions.

A related diagnostic focuses on the ability of the model to
capture wage dynamics associated with job changes. Figure VII
presents an event-study analysis for job transitions in the 2002–
2009 period, similar to the event study in Figure Vb but classify-
ing origin and destination workplaces by the quartile of their
estimated establishment effects. As in Figures Va and Vb, there
is little evidence of transitory wage shocks in the year just before
(or just after) a job change. The average wage gain for those who
move from a quartile 1 to a quartile 4 establishment is also very
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FIGURE VI

Mean Residuals by Person/Establishment Deciles, 2002–2009

Figure shows mean residuals from estimated AKM with cells defined by
decile of estimated establishment effect, interacted with decile of estimated
person effect. See column (4) of Table III for summary of model parameters.

33. We emphasize that there is no mechanical reason for the mean residuals in
each cell to be close to zero. Although there are 20 linear restrictions on the 100 cell
means, there are 80 remaining degrees of freedom.
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AKM estimates

TABLE III

ESTIMATION RESULTS FOR AKM MODEL, FIT BY INTERVAL

(1) (2) (3) (4)
Interval 1 Interval 2 Interval 3 Interval 4
1985–1991 1990–1996 1996–2002 2002–2009

Person and establishment parameters
Number person effects 16,295,106 17,223,290 16,384,815 15,834,602
Number establishment effects 1,221,098 1,357,824 1,476,705 1,504,095
Summary of parameter estimates
Std. dev. of person effects (across person-year obs.) 0.289 0.304 0.327 0.357
Std. dev. of establ. Effects (across person-year obs.) 0.159 0.172 0.194 0.230
Std. dev. of Xb (across person-year obs.) 0.121 0.088 0.093 0.084
Correlation of person/establ. Effects (across person-year obs.) 0.034 0.097 0.169 0.249
Correlation of person effects/Xb (across person-year obs.) !0.051 !0.102 !0.063 0.029
Correlation of establ. effects/Xb (across person-year obs.) 0.057 0.039 0.050 0.112
RMSE of AKM residual 0.119 0.121 0.130 0.135
Adjusted R-squared 0.896 0.901 0.909 0.927
Comparison match model
RMSE of match model 0.103 0.105 0.108 0.112
Adjusted R2 0.922 0.925 0.937 0.949
Std. dev. of match effect* 0.060 0.060 0.072 0.075
Addendum
Std. dev. log wages 0.370 0.384 0.432 0.499
Sample size 84,185,730 88,662,398 83,699,582 90,615,841

Notes. Results from OLS estimation of equation (1). See notes to Table II for sample composition. Xb includes year dummies interacted with education dummies, and quadratic
and cubic terms in age interacted with education dummies (total of 39 parameters in intervals 1–3, 44 in interval 4). Match model includes Xb and separate dummy for each job
(person-establishment pair).

*Standard deviation of match effect estimated as square root of difference in mean squared errors between AKM model and match effect model.
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Decomposing the rise of wage inequality

• Start with the AKM model:

yit = αi + φJ(i ,t) + x ′itβ + rit

• Apply law of total variance:

Var(yit) = Var(αi ) + Var(φJ(i ,t)) + Var(x ′itβ)

+ 2 Cov(αi , φJ(,it)) + 2 Cov(φJ(,it), x
′
itβ)

+ 2 Cov(αi , x
′
itβ) + Var(rit)

• Covariance terms reflect sorting

◦ Potential for positive assortative matching
◦ Emerges from assignment models under supermodularity

(Sattinger 1993, Tervio 2008)
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Results from the AKM decomposition
Main drivers: var of person FEs, var of estab. FEs, and assortative matching

TABLE IV

DECOMPOSITION OF THE RISE IN WAGE INEQUALITY

Interval 1 (1985–1991) Interval 4 (2002–2009) Change from interval 1 to 4

(1) (2) (3) (4) (5) (6)
Var.

component
Share

of total
Var.

component
Share

of total
Var.

component
Share

of total

Total variance of log wages 0.137 100.0 0.249 100.0 0.112 100
Components of variance:
Variance of person effect 0.084 61.3 0.127 51.2 0.043 39
Variance of establ. effect 0.025 18.5 0.053 21.2 0.027 25
Variance of Xb 0.015 10.7 0.007 2.8 –0.008 –7
Variance of residual 0.011 8.2 0.015 5.9 0.003 3
2cov(person, establ.) 0.003 2.3 0.041 16.4 0.038 34
2cov(Xb, person + establ.) –0.001 –1.0 0.006 2.4 0.007 7
Counterfactuals for variance of log wages*
1. No rise in correl. of person/estab. effects 0.137 0.213 0.077 69
2. No rise in var. of estab. effect 0.137 0.209 0.072 64
3. Both 1 and 2 0.137 0.184 0.047 42

Notes. See notes to Table II for sample composition. Calculations based on estimated AKM models summarized in Table III. Entry in column (5) is change in variance
component from interval 1 to interval 4. Entry in column (6) is ratio of the change in the variance component to the total change in variance of wages reported in first row of table
(as a percentage).

*Counterfactual 1 computes the counterfactual rise in variance assuming the correlation between the person and establishment effects remains at its interval 1 value—that is,
imposing the restriction that Cov4(person, establ.) =r1 Var4(person)1/2 x Var4(establ.)1/2 where the subscript 4 refers to the interval 4 value of the statistic and r1 is the correlation
between the person and establishment effects in interval 1. Counterfactual 2 assumes that the variance of establishment effects remains at its interval 1 level. Counterfactual 3
imposes both restrictions.
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Assortative matching, 2002–2009

As noted, the estimated person and establishment effects both
exhibit increasing dispersion over time. Perhaps even more strik-
ing is the rise in the correlation between these effects. This in-
crease suggests a fundamental change in the way workers are
sorted to workplaces.34 The increase in assortative matching is
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FIGURE VIII

Joint Distribution of Person and Establishment Effects (A) 1985–1991, (B)
2002–2009

Figure shows joint distribution of estimated person and establishment ef-
fects from AKM model for respective intervals. See Table III columns (1) and (4)
for summary of model parameters for 1985–1991 and 2002–2009.

34. It is important to remember that these components only provide a descrip-
tion of the covariance structure of wages. As pointed out by Lopes de Melo (2008),
Lentz and Mortensen (2010), and Eeckhout and Kircher (2011), the correlation
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Between-group inequality

• Group-specific wages depend on worker and employer FEs

Eg [yit ] = Eg [αi ] + Eg [φJ(i ,t)] + Eg [x ′itβ]

• Use estimated FEs to reevaluate between-group inequality

• Establishments account for much of the rise in . . .

◦ Rising inter-education wage gaps
◦ Rising inter-occupation wage gaps
◦ Rising inter-industry wage gaps
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Highly educated workers match with high-wage firms

groups can obtain, rather than by changes in the value of skills
that are fully portable across jobs.

VII.B. Occupation

Autor, Levy, and Murnane’s (2003) seminal study of techno-
logical change and task prices has led to renewed interest in the
study of the occupational wage structure.36 Our model provides a
new perspective on this issue. Specifically, equation (7) implies
that the between-occupation variance in mean wages can be
decomposed as:

Var Eg yit½ "
! "

¼ Var Eg !i½ "
! "

þ Var Eg  J i, tð Þ
# $! "

þVar Eg x0it"
# $! "

þ 2Cov Eg !i½ ", Eg  J i, tð Þ
# $! "

þ 2Cov Eg !i½ ", Eg x0it"
# $! "

þ 2Cov Eg  J i, tð Þ
# $

, Eg x0it"
# $! "

,

ð8Þ

where Eg :½ " denotes the expected value in occupation group g.
Evaluating this equation in different time intervals using
sample analogues, we can decompose changes in the variation
in wages across occupations into components due to rising disper-
sion in the mean person effect between occupations, rising

TABLE V

DECOMPOSITION OF CHANGES IN RELATIVE WAGES BY EDUCATION LEVEL, 1985–1991
VERSUS 2002–2009

(1) (2) (3) (4)
Change
in mean
log wage

relative to
apprentices

Change
in mean
person
effect

Change
in mean

establishment
effect Remainder

Highest education qualification
1. Missing/none –14.6 1.8 –12.2 –4.2
2. Lower secondary school or

less (no vocational training)
–10.5 –0.1 –6.3 –4.1

4. Abitur with or without
vocational training*

10.1 0.0 2.6 7.5

5. University or more 5.7 1.5 3.9 0.3

Notes. Wage changes are measured between intervals 1 (1985–1991) and 4 (2002–2009). Remainder
(column (4)) represents changing relative contribution of Xb component.

*Abitur refers to Allgemeine Hochschulreife, a certificate of completion of advanced level high school.

36. See Acemoglu and Autor (2011) for a review of the related literature.
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Why is employer dispersion rising?

• Last section offers suggestive evidence on mechanisms

◦ Breakdown of collective bargaining system
◦ Low-wage firms are newer, less likely to bargain
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Newer establishments exhibit greater wage dispersion

The pattern of the estimated standard deviations in Figure IX
suggests that there is a life cycle pattern in the measured hetero-
geneity of firms. The distribution of establishment effects is rela-
tively wide for new establishments but tends to narrow and then
stabilize over time.40 Among continuing establishments there is
not much rise in the dispersion of firm effects between interval 1
and interval 4. For example, among the large set of establish-
ments that are present in 1985, the standard deviation of esti-
mated effects only rises from 0.15 in interval 1 to 0.17 in
interval 4. In contrast, the standard deviation in estimated ef-
fects for all workplaces rises from 0.16 to 0.23 (see Table IV).
We conclude that much of the rising heterogeneity in establish-
ments is attributable to new establishments, particularly those
that emerge after 1996. Adjusting for life cycle effects,
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FIGURE IX

Standard Deviation of Establishment Effects and Fraction Covered by
Collective Agreements, by Birth Year of Establishment

Figure shows standard deviation of estimated establishment effects in a
given observation interval (1985–1991, 1990–1996, 1996–2002, or 2002–2009)
for establishments that are present in that interval and first appeared in the
IEB data in the ‘‘birth year’’ indicated on the horizontal axis. Figure also shows
fraction of establishments in a given birth year surveyed in the 1999–2008
LIAB that are covered by collective agreements.

40. The earliest estimate of the dispersion in establishment effects is particu-
larly wide for plants born in the last years of an interval. We suspect that this is
mainly due to the higher sampling errors for the estimated effects of establishments
that are only observed in a few years.
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Lowest-paying firms opting out of collective bargaining

establishments born in the late 2000s have about 25% higher
standard deviations in their establishment effects than those
born before 1996.

One potential explanation for the increasing dispersion of the
wage premiums at new establishments is a rise in the fraction of
plants that have opted out of the traditional collective bargaining
system and pay relatively low wages. To investigate this explan-
ation we merged collective bargaining status information from
the IAB’s Linked Employer Employee database (LIAB) to estab-
lishments in our analysis sample.41 Overall, the mean establish-
ment effect for plants with no collective bargaining is about 8–10
percentage points lower than the mean for plants with either
form of collective bargaining.42 Moreover, as shown in Figure X,
the dispersion in estimated effects is higher for uncovered
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FIGURE X

Distribution of Establishment Effects by Collective Bargaining Status, Based on
Establishment Effects for 1996–2002 and Bargaining Status in 2000 Wave of

LIAB

Figure shows distribution of collective bargaining coverage status (no col-
lective bargain, covered by firm-specific agreement, or covered by sectoral
agreement) for 7,080 establishments in 2000 wave of LIAB that can be linked
to IEB data. Establishments are classified into deciles of their estimated estab-
lishment effects from AKM model fit to 1996–2002 data.

41. See Alda, Bender, and Gartner (2005) for a description of the LIAB data
base. The LIAB has about 13,000–14,000 establishments in the years after 2000,
and a smaller sample in earlier years.

42. In a regression of the interval-3 establishment effect on dummies for a
sectoral or plant-specific agreement measured in the 2000 LIAB, the coefficients
are 0.10 (standard error = 0.01) for a sectoral agreement and 0.10 (standard

WORKPLACE HETEROGENEITY AND WAGE INEQUALITY 1009

 at M
IT Libraries on A

ugust 21, 2013
http://qje.oxfordjournals.org/

D
ow

nloaded from
 

(Card et al., 2013, Figure 10)
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What if you don’t work on workers?

• AKM has opened new doors in understanding wage structure

◦ Rising inequality (CHK; Song et al. 2018)
◦ Costs of job loss (Lachowska, Mas, and Woodbury 2018)
◦ Gender gap (Card, Cardoso, and Kline (2015)

• But (i , j) don’t have to be workers and firms!

◦ Finkelstein, Gentzkow, and Williams (2016):
healthcare utilization (patient and area FEs)

◦ Sacarny (2018): physician behavior (doctor and hospital FEs)
◦ Closely related to value-added modeling in education

• Key requirements: two-sided matching, mobility, large N
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