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Benchmark model used in 14.662 is fully competitive

Benchmark model used in 14.662 is fully competitive

• How comfortable should we be with that assumption?

Three recent, first-rate counterexamples

1 Labor market consequences of binding minimum wages

2 Using working sorting to measure firm amenities and rents

3 Implications of labor market ‘fissuring’ for wage structure



Agenda

1 Labor market consequences of binding minimum wages

2 Firm rents, compensating differentials, and worker mobility

3 Outsourcing and inequality



So many minimum wage studies...

Minimum wage research bonanza since Card-Krueger ’94

• Fraught topic

1 Strongly help priors

2 A certain lack of civility

• Research progress has been incremental since C&K ’94

1 State-by-year panels have clear weaknesses

2 Cross-state-border design is good — but not bulletproof

3 Several novel research designs, but subtle issues

4 Not much variation in minimum wage laws – until recently



Many good ideas for identification: DiNardo, Fortin, Lemieux
’96
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Many good ideas for identification: Lee ’99

variation in wage levels, is that if high-wage states tend to possess
greater latent wage dispersion, the use of the cross-sectional
variation illustrated in Figure IV would lead to an exaggerated
estimate of the impact of the minimum wage. A test of whether
overall latent wage dispersion is empirically related to wage levels
lies in being able to detect such a correlation where the minimum
wage is not likely to be a factor, such as at the upper tail of the
wage distribution. Figure III provides evidence to suggest that
such a systematic relation is not apparent in these data. The
average 75–50 differentials for the very highest- and lowest-wage
states appear to be comparable throughout the 1979–1991 period.

Of course, the assumption that this property also holds for the
lower tails of states’ latent wage distributions is, strictly speaking,
untestable. However, a signiécant, systematic relation between
latent wage dispersion in the upper tail and overall wage levels
(and hence the ‘‘effective’’ minimum wage) across regions would
seem to considerably weaken our conédence in its validity. Hence,
an examination of the relation between the relative minimum

FIGURE IV
Wage Distribution Density Estimates:

Low-, Medium-, and High-Wage States, 1979

WAGE INEQUALITY AND THE MINIMUM WAGE 987

Lee ’99



Many good ideas for identification such as Lee ’99 – but there
are hidden surprises
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inequality; thus they will have a more negative value of the left-hand side variable 
in our main estimating equation (1) for percentiles below the median, and a more 
positive value for percentiles above the median. Since the state median enters the 
right-hand side expression for the effective minimum wage with a negative sign, esti-
mates of the relationship between the effective minimum and wage inequality will be 
upward-biased in the lower tail and downward-biased in the upper tail.

Combined with our discussion above on potential biases stemming from the 
correlation between the transitory error components on both sides of equation (1), 
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Figure 6B. OLS Estimates of the Relationship between Trend log( p60) – log( p40)  
and Trend log( p50), 1979–2012

Notes: Estimates correspond with regressions from Appendix Table A2. The figures show the cross-state relation-
ship between the trend in log( p60) − log( p40) and the trend in log( p50) between 1979 and 2012. Alaska, which 
tends to be an outlier, is dropped for visual clarity, though this does not materially affect the slope of the line (Appendix Table A2 includes Alaska). Autor, Manning, Smith ’16



Many good ideas for identification: Seattle minimum wage
study (Jardim et al. ’17)

50 
 

Figure 2: Changes in the Wage Distribution in Seattle 

 

 
Notes: Authors calculations based on UI records from State of WA using the sample of jobs in 
locatable employers in Seattle. Wage rates and earnings are expressed in constant prices of 2015 
Q2. 
 

Jardim et al. ’17



Not much variation in minimum wage laws – until recently
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out the possibility of true spillovers. But they underscore that spillovers estimated 
with conventional household survey data sources must be treated with caution since 
they cannot necessarily be distinguished from measurement artifacts with available 
precision.

The paper proceeds as follows. Section I discusses data and sources of identifica-
tion. Section II presents the measurement framework and estimates a set of causal 
effects estimates models that, like Lee (1999), explicitly account for the bite of 
the minimum wage in estimating its effect on the wage distribution. We compare 
parameterized OLS and 2SLS models and document the pitfalls that arise in the 
OLS estimation. Section III uses point estimates from the main regression models 
to calculate counterfactual changes in wage inequality, holding the real minimum 
wage constant. Section IV analyzes the extent to which apparent spillovers may be 
due to measurement error. The final section concludes.

I. Changes in the Federal Minimum Wage and Variation in State Minimum Wages

In July of 2007, the real value of the US federal minimum wage fell to its lowest 
point in over three decades, reflecting a nearly continuous decline from a 1979 high 
point, including two decade-long spans in which the minimum wage remained fixed 
in nominal terms—1981 through 1990, and 1997 through 2007. Perhaps responding 
to federal inaction, numerous states have over the past two decades legislated state 
minimum wages that exceed the federal level. At the end of the 1980s, 12 states’ 
minimum wages exceeded the federal level; by 2008, this number had reached 
31 (subsequently reduced to 15 by the 2009 federal minimum wage increase).4 

4 Table 1 assigns each state the minimum wage that was in effect for the largest number of months in a calendar 
year. Because the 2009 federal minimum wage increase took effect in late July, it is not coded as exceeding most 
state minimums until 2010. 
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Notes: The figure plots estimates of the share of hours worked for reported wages equal to or less than the applicable 
state or federal minimum wage, corresponding with data from columns 4 and 8 of Tables 1A and 1B.

Autor, Manning, Smith ’16



516 minimum wage increases between 1979 and 2016

Figure A.2: Minimum Wage Increases between 1979 and 2016
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Notes: The figure shows all minimum wage increases between 1979 and 2016. There are a total of 516 minimum wage increases.
The blue circles show the primary minimum wage events used in estimating equation 4; the light orange triangles highlight
small minimum wage changes where minimum wage increased less than $0.25 (the size of our wage bins) or where less than 2
percent of the workforce earned between the new and the old minimum wage. The green circles indicate federal changes, which
we exclude from our primary sample of treatments because only the change in missing number of jobs, Db, is identified from
time-series variation for these events as there are no “control states” with wage floors lower than the new minimum wage (see
the text for details).
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A phalanx of state minimum wage laws since mid-2000’s

• But should we just hit this variation with another
state-by-year FE model?

• And if not, what provides the counterfactual for treated locations?

• New idea: Harasztosi and Lindner ’16

• Use distribution of employment prior to new minimum wage as a
measure of treated group

• Compare to distribution of employment above new minimum wage
as a measure of effect of treatment on employment



The idea: Contrast employment losses below MW with
employment gains above MW

Figure 1: An Illustration of the bunching approach: E�ect of a minimum wage on the number of jobs
!

!"! !" +!! !
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Notes: The figure shows the e�ect of the minimum wage on the frequency distribution of hourly wages. The red solid line shows
the wage distribution before, and the blue solid line after the minimum wage event. Since compliance is less than perfect, some
earners are uncovered and the post-event distribution starts before the minimum wage. For other workers, shown by the red
dashed area between origin and MW (�B), introduction of minimum wage may increase their wages, or those jobs may be
destroyed. The former group creates the “excess jobs above” (�A), shown by the blue shaded area between MW and MW +W ,
the upper limit for any e�ect of minimum wage on the earnings distribution.. The overall change in employment due to the
minimum wage (�E) is the sum of the two areas (�A+ �B).
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How does this differ from Diff-in-Diff?

Need a comparison group, so it’s like Diff-in-Diff, but...

1 Localized comparisons: considering local (to MW ) regions of
wage distribution

2 Using info about employment dist’n btwn MWold and MWnew

• This variation not used in prior work (perhaps
Autor-Manning-Smith ’16, but for a different objective)

3 Above/below MW comparison provides a sanity check

• If net effects on employment are large and positive: a concern
• If large effects at top of wage distribution: a concern



Hey, where did that spike come from?

In a conventional market-clearing setting, why would you have
a spike at minimum wage?

• Should just truncate wage distribution

• But there is a spike!

1004 
J. D

IN
A

R
D

O
, 

N
. 

FO
R

TIN
, A

N
D

 
T. LEM

IEU
X

 

L." 

1973 

L.u 

1974 

au- 

1975 

,.3. 

1976 

,,0 

1977 

.79 

- ~~~~~ 
~ ~~.75- 

.,75 

.75 

J "; J \ 
. .iJ 

. . s .i ^ bba 

>i@
a 

azht 

*i 

,5-, 

b .- . 

.n.0_ 
. N

, 

.20 

-_t\ 

1983 

L" 

1984 

C
a.s. 

1985 

i. 1986 

a 1987 

.72. 

~~~~~~~~.75- 

.5- 

.71- 

.5- 

.20. 

M
 

~~~~~~~~~~~~~~~~~~2-.25- 

.25 

1.20, 

1980 

im
. 

1989 

1 7 ? Z 

1990 

l991 

La 
5 1992 

FIG
U

TR
E 

IBK
em

el 

densit 

estim
te 

oeof 

w
vom

nsrea 
l lo 

w
agesr 

1973_199 

(t$1979) 



Where did that spike come from?

In a conventional market-clearing setting, why would you have
a spike at minimum wage?

• Should just truncate wage distribution

• But there is a spike!

CES prod f’n: worker types j differ by reservation wage ωj

Y =

(∫ ω̄

ω
φj l

σ−1
σ

j dj

) σ
σ−1

• Conditional on ωj , labor supply of worker type j is perfectly
elastic



Where did that spike come from?

CES prod f’n: worker types j differ by reservation wage ωj

Y =

(∫ ω̄

ω
φj l

σ−1
σ

j dj

) σ
σ−1

• Conditional on ωj , labor supply of worker type j is perfectly
elastic

This gives intuitive explanation for ‘bunching’

• Sub-MW workers pushed up to new MW because other groups
imperfect substitutes

• It does not explain spillovers b/c all groups equally substitutable

• Need distance-dependent-elasticities for that



Rationalizing (and learning from) the spike

CES production function where workers types j are
differentiated by their reservation wage ωj

Y =

(∫ ω̄

ω
φj l

σ−1
σ

j dj

) σ
σ−1

• Where lj is the quantity of labor type j used in production, φj is
its efficiency, σ is elasticity of substitution

• [Why do employers’ care about workers’ reservation wages as an
index of their productivity?]

• Assume (for now) that labor supply of each worker type is
perfectly elastic



Cost minimization

Cost minimization with fixed Y

min
lj

∫ ω̄

ω

ljwjdj s.t. Y =

(∫ ω̄

ω

φj l
σ−1
σ

j dj

) σ
σ−1

F.O.C. wj = λ

(∫ ω̄

ω

φj l
σ−1
σ

j dj

) σ
σ−1
−1(

φl
σ−1
σ
−1

j

)

• where λ is the multiplier on the constraint
• Take the ratio of FOCs for types i and j

φl
σ−1
σ

j = ljwj
φ

wi
l
σ−1
σ
−1

i

• Integrating between two wage levels∫ ω̄

ω

φj l
σ−1
σ

j dj =
φ

wi
l
σ−1
σ
−1

i

∫ ω̄

ω

ljwjdj ⇒ Y
σ−1
σ

= φ

wi
l
σ−1
σ
−1

i C (Y ,w)

where C (Y ,w) =
∫ ω̄
ω l∗j wjdj is the cost function



Cost minimization

After a lot of algebra

li = Yc (w)σ
(
φi

wi

)σ
with c (w) =

(∫ ω̄

ω

φσj l
σ−1
j dj

) 1
1−σ

Introducing a binding minimum wage

lj =

Y
(
φj

MW

)σ
c (MW ,w)σ if wj < MW

Y
(
φj

wj

)σ
c (MW ,w)σ if wj > MW

• Where c (MW ,w) =
(∫MW

ω φσj MW 1−σdj +
∫ ω̄
MW φσj w

1−σ
j dj

)
• Thus c (MW ,w) is the unit cost of prod’n given MW



The spike

The size of the spike is

• a =
∫MW
ω Y

(
φj

MW

)σ
c (MW ,w)σ dj

• where c (MW ,w) =
(∫MW

ω φσj MW 1−σdj +
∫ ω̄
MW φσj w

1−σ
j dj

)
1 If σ is small, spike is large because it’s harder to substitute away

from types j who would otherwise earn below MW

2 If σ =∞, then spike must be zero

3 Spike is also larger if area below MW is larger



Employment change and the spike

Employment change

d ln Emp

d lnMW
= −σ (1− sMW ) where sMW =

∫ MW

ω
φσj MW 1−σdj∫ MW

ω
φσj MW 1−σdj +

∫ ω̄
MW

φσj w
1−σ
j dj

Follows from Hicks-Marshall laws of demand

1 Larger response if σ is greater

2 Smaller employment response if a larger number of workers
affected (holding elasticity constant, limits substitution
possibilities)

3 Labor demand increases for workers who are above MW (this is
‘labor-labor substitution’)

Employment response versus spike

• If spike a is large, σ must be small, so d ln Emp small

• If spike a is small, σ must be large, so so d ln Emp large

• So, spike is a measure of bindingness scaled by elasticity



More realistic setting: Labor supply elasticity <∞

Labor supply
lwj = kjw

λ
j

Then
d lnEmp

d lnMW
= −σ

(
λ− sMWλ

λ+ sMWσ

)
︸ ︷︷ ︸

Substitution effect

− ηwMW︸ ︷︷ ︸
Scale effect

Follows from Hicks-Marshall laws of demand

1 Larger response if σ is greater

2 Small response if labor supply is more elastic, λ larger, b/c
supply response buffers wage changes at top

3 Larger response if output demand more elastic η larger



Wage effects: Pooled event studyFigure 5: Impact of Minimum Wages on Average Wage and on Employment Over Time (Pooled Event Study
Analysis)
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(a) Evolution of the average wage of the a�ected workers
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(b) Evolution of the employment of the a�ected workers

Notes: The figure shows the main results from our event study analysis (see equation 4) exploiting 138 state-level minimum
wage changes between 1979-2016. Panel (a) shows the e�ect on the average wage over time, which is calculated using equation 5.
Panel (b) shows the evolution of employment between $4 below the new minimum wage and $5 above it (relative to the total
employment 1 year before the treatment), which is equals to the sum of missing jobs below and excess jobs at and slightly above
the minimum wage, Db+ Da. The figure highlights that minimum wage had a positive and signficant e�ect on the average wage
of the a�ected population, but there is no sign for significant disemployment e�ects.
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Employment effects: Pooled event study

Figure 4: Impact of Minimum Wages on the Missing and Excess Jobs Over Time (Pooled Event Study
Analysis)
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Notes: The figure shows the main results from our event study analysis (see equation 4) exploiting 138 state-level minimum
wage changes between 1979-2016. The figure shows the e�ect of a minimum wage increase on the missing jobs below the new
minimum wage (blue line) and on the excess jobs at and slightly above it (red line) over time. The blue line shows the evolution
of the number of jobs (relative to the total employment 1 year before the treatment) between $4 below the new minimum wage
and the new minimum wage (Db); and the red lines show the number of jobs between the new minimum wage and $5 above it /
(Da). We also show the 95% confidence interval based on standard errors that are clustered at the state level.
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Net employment effects: Pooled event study

Figure 5: Impact of Minimum Wages on Average Wage and on Employment Over Time (Pooled Event Study
Analysis)
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(b) Evolution of the employment of the a�ected workers

Notes: The figure shows the main results from our event study analysis (see equation 4) exploiting 138 state-level minimum
wage changes between 1979-2016. Panel (a) shows the e�ect on the average wage over time, which is calculated using equation 5.
Panel (b) shows the evolution of employment between $4 below the new minimum wage and $5 above it (relative to the total
employment 1 year before the treatment), which is equals to the sum of missing jobs below and excess jobs at and slightly above
the minimum wage, Db+ Da. The figure highlights that minimum wage had a positive and signficant e�ect on the average wage
of the a�ected population, but there is no sign for significant disemployment e�ects.
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Employment losses – and gains – are monotonically rising in
the bite of the minimum wageFigure 8: Relationship between Excess Jobs, Missing jobs, Employment Change and the Minimum-to-Median

Wage Ratio Across Events
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(b) Employment change
Notes: The figure shows the binned scatter plots for missing jobs, excess jobs, and total employment changes by value of the
minimum-to-median wage ratio (Kaitz index) for the 130 event-specific estimates. The minimum-to-median wage ratio is the
new minimum wage MW Õ divided by the median wage at the time of the minimum wage increase (Kaitz index). The 130 events
exclude 8 minimum wage raising events in the District of Columbia, since those events are very noisily estimated in the CPS.
The binscatters and linear fits control for decade dummies, state-specific unemployment rate at the time of the minimum wage
increase, the urban share of the state’s population, and an indicator for being a Republican-leaning state. Estimates are weighted
by the event-specific inverse variance of the employment change estimate using the bootstrap procedure described in the text.
The slope (and robust standard error in parentheses) is from the weighted linear fit of the outcome on the minimum-to-median
wage ratio.
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Net effect on low wage employment as a function of minimum
wage bite

Figure 8: Relationship between Excess Jobs, Missing jobs, Employment Change and the Minimum-to-Median
Wage Ratio Across Events
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(b) Employment change
Notes: The figure shows the binned scatter plots for missing jobs, excess jobs, and total employment changes by value of the
minimum-to-median wage ratio (Kaitz index) for the 130 event-specific estimates. The minimum-to-median wage ratio is the
new minimum wage MW Õ divided by the median wage at the time of the minimum wage increase (Kaitz index). The 130 events
exclude 8 minimum wage raising events in the District of Columbia, since those events are very noisily estimated in the CPS.
The binscatters and linear fits control for decade dummies, state-specific unemployment rate at the time of the minimum wage
increase, the urban share of the state’s population, and an indicator for being a Republican-leaning state. Estimates are weighted
by the event-specific inverse variance of the employment change estimate using the bootstrap procedure described in the text.
The slope (and robust standard error in parentheses) is from the weighted linear fit of the outcome on the minimum-to-median
wage ratio.
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This plot is killer...

Figure 3: Impact of Minimum Wages on the the Wage Distribution (Pooled Event Study Analysis)
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Notes: The figure shows the main results from our event study analysis (see equation 4) exploiting 138 state-level minimum
wage changes between 1979-2016. The blue bars shows for each dollar bin (relative to the minimum wage) the estimated average
employment changes in that bin during the 5-year post-treatment relative to the total employment in the state one year before
the treatment. The error bars shows the 95% confidence interval using standard errors that are clustered at the state level shown
using the error bar. The red line shows the running sum of employment changes up to the wage bin it corresponds to.
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Even works well for Washington minimum wage hike in
2000-’04 (not recent hike studied by Jardim et al. ’17)

Figure 3: Impact of Minimum Wages on the the Wage Distribution (Pooled Event Study Analysis)
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Notes: The figure shows the main results from our event study analysis (see equation 4) exploiting 138 state-level minimum
wage changes between 1979-2016. The blue bars shows for each dollar bin (relative to the minimum wage) the estimated average
employment changes in that bin during the 5-year post-treatment relative to the total employment in the state one year before
the treatment. The error bars shows the 95% confidence interval using standard errors that are clustered at the state level shown
using the error bar. The red line shows the running sum of employment changes up to the wage bin it corresponds to.
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Much larger spike among incumbents than new hires —
Consistent with model of employer facing costly search

Incumbents New Hires

Figure 7: Impact of Minimum Wages on the Wage Distribution by New Entrants and Incumbents (Pooled
Event Study Analysis)
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(a) New entrants
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(a) Incumbents
Notes: The figure shows the main results by new entrants (panel a) and by incumbents (panel b) from our event study analysis
(see equation 4) exploiting 138 state-level minimum wage changes between 1979-2016. The blue (green) bars shows for each
dollar bin the estimated change in the number of new entrants (incumbents) in that bin 1-year post-treatment relative to the
total employment of the new entrants (incumbents) 1 year before the treatment. Incumbent workers are employed; whereas
new-entrants are not in the previous year. The error bars show the 95% confidence interval calculated using standard errors that
are clustered at the state level. The green (blue) line shows the the running sum of employment changes for the new entrants
(incumbents) up to the wage bin it corresponds to. The figures highlight that the ripple e�ect of the minimum wage is mainly
comes from incumbent workers.
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(a) Incumbents
Notes: The figure shows the main results by new entrants (panel a) and by incumbents (panel b) from our event study analysis
(see equation 4) exploiting 138 state-level minimum wage changes between 1979-2016. The blue (green) bars shows for each
dollar bin the estimated change in the number of new entrants (incumbents) in that bin 1-year post-treatment relative to the
total employment of the new entrants (incumbents) 1 year before the treatment. Incumbent workers are employed; whereas
new-entrants are not in the previous year. The error bars show the 95% confidence interval calculated using standard errors that
are clustered at the state level. The green (blue) line shows the the running sum of employment changes for the new entrants
(incumbents) up to the wage bin it corresponds to. The figures highlight that the ripple e�ect of the minimum wage is mainly
comes from incumbent workers.
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Main estimates

Table 1: Impact of Minimum Wages on Employment and Wages

(1) (2) (3) (4) (5) (6) (7) (8)

Missing jobs below new MW (Db) -0.018*** -0.018*** -0.018*** -0.016*** -0.016*** -0.015*** -0.018*** -0.018***
(0.004) (0.004) (0.004) (0.002) (0.002) (0.002) (0.004) (0.004)

Excess jobs above new MW (Da) 0.021*** 0.018*** 0.020*** 0.016*** 0.014*** 0.015*** 0.021*** 0.018***
(0.003) (0.003) (0.003) (0.002) (0.003) (0.003) (0.002) (0.003)

%D a�ected wages 0.068*** 0.057*** 0.068*** 0.049*** 0.043*** 0.050*** 0.069*** 0.058***
(0.010) (0.010) (0.012) (0.010) (0.010) (0.011) (0.009) (0.010)

%D a�ected employment 0.028 0.000 0.022 -0.002 -0.019 -0.000 0.036 0.000
(0.029) (0.023) (0.021) (0.021) (0.021) (0.023) (0.048) (0.026)

Employment elasticity w.r.t. MW 0.024 0.000 0.019 -0.001 -0.016 -0.000 0.031 0.000
(0.025) (0.020) (0.018) (0.018) (0.018) (0.019) (0.041) (0.022)

Emp. elasticity w.r.t. a�ected wage 0.411 0.006 0.326 -0.032 -0.449 -0.003 0.523 0.008
(0.430) (0.402) (0.313) (0.439) (0.574) (0.455) (0.676) (0.446)

Jobs below new MW (b–1) 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086
%D MW 0.101 0.101 0.101 0.101 0.101 0.101 0.101 0.101
Number of events 138 138 138 138 138 138 138 138
Number of observations 847,314 847,314 847,314 847,314 847,314 847,314 847,314 847,314
Number of workers in the sample 4,694,104 4,694,104 4,694,104 4,694,104 4,694,104 4,694,104 4,694,104 4,694,104

Controls
Bin-state FE Y Y Y Y Y Y Y Y
Bin-period FE Y Y Y Y Y Y Y Y
Bin-state linear trends Y Y Y Y
Bin-state quadratic trends Y Y
Bin-division-period FE Y Y Y
State-period FE Y
Bin-state upper tail wage controls Y

Notes. The table reports the e�ects of a minimum wage increase based on the event study analysis (see equation 4) exploiting 138 state-level minimum
wage changes between 1979 and 2016. The table reports five year averaged post-treatment estimates on missing jobs up to $4 below the new minimum
wage, excess jobs at and up to $5 above it, employment and wages. Column (1) shows the benchmark specification while Columns (2)-(6) explore
robustness to bin-state time trends and bin-division-period fixed e�ects. Column (7) reports triple di�erence specifications where we control for
state-by-period fixed e�ects. Column (8) controls for state-level wage shocks by interacting wage-bin-by-state specific e�ects and state-level average
wages of workers with hourly wages more than $15. Regressions are weighted by state-quarter aggregated population. Standard errors in parentheses
are clustered by state; significance levels are * 0.10, ** 0.05, *** 0.01.

Line-by-line description.The first two rows report the change in number of missing jobs below the new minimum wage (Db), and excess jobs above
the new minimum wage (Da) relative to the pre-treatment total employment. The third row, the percentage change in average wages in the a�ected
bins, (%DW), is calculated using equation 5 in Section 4.1. The fourth row, percentage change in employment in the a�ected bins is calculated by
dividing change in employment by jobs below the new minimum wage ( Da+Db

b̄≠1
). The fifth row, employment elasticity with respect to the minimum

wage is calculated as Da+Db
%DMW whereas the sixth row, employment elasticity with respect to the wage, reports 1

%DW
Da+Db
b̄≠1

. The line on the number of
observations shows the number of qurater-bin cells used for estimation, while the number of workers refers to the underlying CPS sample used to
calculate job counts in these cells.
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Robustness

Table 2: Robustness of the Impact of Minimum Wages to Alternative Workforce, Treatment and Sample Definitions

(1) (2) (3) (4) (5) (6) (7)

Missing jobs below new MW (Db) -0.027*** -0.020*** -0.013*** -0.033*** -0.016*** -0.018*** -0.017***
(0.003) (0.003) (0.003) (0.008) (0.004) (0.004) (0.003)

Excess jobs above new MW (Da) 0.026*** 0.019*** 0.016*** 0.036*** 0.017*** 0.022*** 0.019***
(0.002) (0.003) (0.003) (0.007) (0.003) (0.003) (0.002)

%D a�ected wages 0.065*** 0.067*** 0.073*** 0.094*** 0.082*** 0.077*** 0.070***
(0.007) (0.012) (0.012) (0.020) (0.014) (0.011) (0.010)

%D a�ected employment -0.009 -0.010 0.044 0.029 0.028 0.046 0.028
(0.034) (0.021) (0.033) (0.035) (0.039) (0.042) (0.030)

Employment elasticity w.r.t. MW -0.010 -0.009 0.029 0.029 0.017 0.039 0.022
(0.036) (0.019) (0.022) (0.035) (0.024) (0.036) (0.024)

Emp. elasticity w.r.t. a�ected wage -0.139 -0.157 0.601 0.306 0.337 0.590 0.401
(0.530) (0.326) (0.442) (0.392) (0.496) (0.536) (0.418)

Jobs below new MW (b–1) 0.099 0.083 0.067 0.104 0.061 0.087 0.079
%D MW 0.093 0.096 0.101 0.101 0.101 0.101 0.100
Number of events 44 369 138 138 138 138 138
Number of observations 847,314 847,314 847,314 847,314 847,314 847,314 847,314
Number of workers in the sample 4,694,104 4,694,104 4,561,684 2,824,287 4,402,488 4,694,104 4,694,104

Set of events No tip credit
states

State &
Federal Primary Primary Primary Primary Primary

Sample All workers All workers FTE Hourly
workers

Non-tipped
occupations CPS-Raw Unweighted

Notes. The table reports robustness checks for the e�ects of a minimum wage increase based on the event study analysis (see equation 4) exploiting minimum wage changes
between 1979 and 2016. All columns except column (2) are based on state-level minimum wage changes. The table reports five year averaged post-treatment estimates on
missing jobs up to $4 below the new minimum wage, excess jobs at and up to $5 above it, employment and wages. Column (1) reports estimates for the 44 events which
occured in states that do not allow tip credit. Column (2) reports estimates using 369 state or federal minimum wage increases. Column (3) uses full time equivalent job
counts and so takes changes in hours worked into account. Column (4) uses workers who directly reported being hourly workers in the survey. Column (5) uses workers in
non-tipped occupations only. Column (6) does not use the QCEW benchmarking, and instead reports the estimates calculated using the raw CPS counts (see Section 4.2 for
details). All regressions are weighted by state-quarter aggregated population except Column (7), where we report unweighted estimates. All specifications include wage
bin-by-state and wage bin-by period fixed e�ects. Robust standard errors in parentheses are clustered by state; significance levels are * 0.10, ** 0.05, *** 0.01.

Line-by-line description.The first two rows report the change in number of missing jobs below the new minimum wage (Db), and excess jobs above the new minimum wage
(Da) relative to the pre-treatment total employment. The third row, the percentage change in average wages in the a�ected bins, (%DW), is calculated using equation 5 in
Section 4.1. The fourth row, percentage change in employment in the a�ected bins is calculated by dividing change in employment by jobs below the new minimum wage
( Da+Db
b̄≠1

). The fifth row, employment elasticity with respect to the minimum wage is calculated as Da+Db
%DMW whereas the sixth row, employment elasticity with respect to the

wage, reports 1
%DW

Da+Db
b̄≠1

. The line on the number of observations shows the number of qurater-bin cells used for estimation, while the number of workers refers to the
underlying CPS sample used to calculate job counts in these cells.
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Estimates by sector

Table 4: Impact of Minimum Minimum Wages on Employment and Wages by Sectors (1992-2016)

(1) (2) (3) (4) (5) (6) (7) (8)

Missing jobs below new MW (Db) -0.019*** -0.016* -0.066*** -0.003 -0.011*** -0.101*** -0.033*** -0.017**
(0.004) (0.008) (0.007) (0.002) (0.003) (0.015) (0.003) (0.008)

Excess jobs above new MW (Da) 0.020*** 0.011 0.072*** 0.005 0.011*** 0.101*** 0.041*** 0.011
(0.003) (0.008) (0.011) (0.006) (0.002) (0.015) (0.010) (0.009)

%D a�ected wages 0.058*** 0.058 0.056*** 0.097 0.056*** 0.049*** 0.060*** 0.073
(0.011) (0.073) (0.014) (0.086) (0.013) (0.012) (0.021) (0.078)

%D a�ected employment 0.008 -0.111 0.022 0.051 0.009 -0.001 0.062 -0.101
(0.031) (0.136) (0.037) (0.163) (0.044) (0.026) (0.080) (0.145)

Employment elasticity w.r.t. MW 0.007 -0.056 0.060 0.019 0.005 -0.002 0.086 -0.052
(0.027) (0.069) (0.103) (0.059) (0.026) (0.117) (0.111) (0.074)

Emp. elasticity w.r.t. a�ected wage 0.140 -1.910 0.387 0.530 0.166 -0.011 1.040 -1.385
(0.523) (3.922) (0.597) (1.311) (0.763) (0.542) (1.058) (2.956)

Jobs below new MW (b–1) 0.087 0.050 0.270 0.036 0.057 0.434 0.136 0.050
%D MW 0.098 0.098 0.098 0.098 0.098 0.098 0.098 0.098
Number of events 118 118 118 118 118 118 118 118
Number of observations 554,931 554,931 554,931 554,931 554,931 554,931 554,931 554,931
Number of workers in the sample 2,652,792 358,086 384,498 274,812 1,504,643 156,634 315,397 349,749

Sector: Overall Tradable Nontradable Construction Other Restaurants Retail Manufacturing

Notes. The table reports the e�ects of a minimum wage increase by industries based on the event study analysis (see equation 4) exploiting 118 state-level minimum
wage changes between 1992 and 2016. The table reports five year averaged post-treatment estimates on missing jobs up to $4 below the new minimum wage, excess
jobs at and up to $5 above it, employment and wages for all sectors (Column 1), tradable sectors (Column 2), non-tradable sectors (Column 3), construction (Column
4), other sectors (Column 5), restaurants (Column 6), retail (Column 7), and manufacturing industries (Column 8). Our classification of tradable, non-tradable,
construction and other sectors follows Mian and Sufi (2014) (see Online Appendix part C for the details). Regressions are weighted by state-quarter aggregated
population. Robust standard errors in parentheses are clustered by state; significance levels are * 0.10, ** 0.05, *** 0.01.

Line-by-line description.The first two rows report the change in number of missing jobs below the new minimum wage (Db), and excess jobs above the new minimum
wage (Da) relative to the pre-treatment total employment. The third row, the percentage change in average wages in the a�ected bins, (%DW), is calculated using
equation 5 in Section 4.1. The fourth row, percentage change in employment in the a�ected bins is calculated by dividing change in employment by jobs below the
new minimum wage ( Da+Db

b̄≠1
). The fifth row, employment elasticity with respect to the minimum wage is calculated as Da+Db

%DMW whereas the sixth row, employment

elasticity with respect to the wage, reports 1
%DW

Da+Db
b̄≠1

. The line on the number of observations shows the number of qurater-bin cells used for estimation, while the
number of workers refers to the underlying CPS sample used to calculate job counts in these cells.
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Wage effects: Direct effects and spillover

Table 5: The Size of the Wage Spillovers

%D a�ected wage Spillover share of wage increase

%Dw %DwNo spillover
%Dw–%DwNo spillover

%Dw

Overall 0.068*** 0.041*** 0.397***
(0.010) (0.009) (0.119)

Less than high school 0.077*** 0.048*** 0.370***
(0.013) (0.009) (0.078)

Teen 0.081*** 0.053*** 0.347***
(0.015) (0.007) (0.059)

High school or less 0.073*** 0.043*** 0.402***
(0.013) (0.011) (0.100)

Women 0.070*** 0.045*** 0.359***
(0.011) (0.010) (0.120)

Black or Hispanic 0.045*** 0.037*** 0.179
(0.012) (0.010) (0.265)

Tradable 0.058 0.065** -0.114
(0.073) (0.028) (1.157)

Non-tradable 0.056*** 0.043*** 0.237
(0.014) (0.006) (0.191)

Incumbent 0.095*** 0.055*** 0.422**
(0.020) (0.011) (0.181)

New entrant 0.019 0.023*** -0.178
(0.013) (0.006) (0.748)

Notes. The table reports the e�ects of a minimum wage increase on wages based on the event
study analysis (see equation 4) exploiting 138 state-level minimum wage changes between 1979
and 2016. The table reports the percentage change in a�ected wages with (Column 1) and
without (Column 2) taking spillovers into account for all workers, workers without a high school
degree, teens, individuals with high school or less schooling, women, black or Hispanic workers,
in tradable industries, in non-tradable industries, those who were employed 1 year before the
minimum wage increase (incumbents); and those who did not have a job 1 year before (new-
entrants). The first column is the estimated change in the a�ected wages calculated according
to the equation 5 in Section 4.1, and the second column assumes no spillovers (see equation
6 in Section 4.5). In the last column, the spill-over share of the wage e�ect is calculated by
subtracting 1 from the ratio of the estimates in the second to the first column. Robust standard
errors in parentheses are clustered by state; significance levels are * 0.10, ** 0.05, *** 0.01.
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Observations

1 Methodology is compelling

• Results are frankly amazing—seizes the momentum of this
literature

• Probably the most persuasive min wage study since C&K ’94

2 Not clear that the model is a good fit

• Spike theory is interesting—addresses a puzzle

• Cannot rationalize wage spillovers

• Cannot explain why larger effects on incumbents than new entrants

• Perhaps a search model is a better conceptual fit...



Agenda

1 Labor market consequences of binding minimum wages

2 Firm rents, compensating differentials, and worker mobility

3 Outsourcing and inequality



Context: What determines a worker’s pay?

• Classical view in labor economics

• Market prices for human capital education

• Experience

• Other worker skills (possibly unobserved)

• Compensating differentials (Rosen ’86)

• Much new evidence from matched employer-employee data

• Firm FEs play a large role wage dispersion

• What are these FE’s:
1 Compensation for firm-level job disamenities?
2 Rents/profit-sharing?
3 Unobserved worker skills?



Sorkin QJE forthcoming: “Ranking Firms Using Revealed
Preference”

Frequent worker transitions to jobs with lower annual salary

• 37% of employment-to-employment transitions involve wage cuts

• 52% of EE transitions to firms with lower firm FE have earnings
cuts

• 43% of EE transitions are firms with lower firm FE



Probability of a quarterly wage decline following employer
change: LEHD data 2000–2008

Table II: Earnings declines, value changes, and firm-level pay

Panel A. Pr(y #) All EE ENE
Unconditional 0.429 0.374 0.469
Unconditional (nominal) 0.402 0.343 0.445
When moving to a
...higher-paying firm 0.297 0.268 0.321
...lower-paying firm 0.578 0.515 0.618
Panel B. Pr( ") All EE ENE
Unconditional 0.530 0.570 0.501
Panel C. Pr(Ṽ EE ") All EE ENE
Unconditional 0.621 0.664 0.589
When moving to a
...higher-paying firm 0.753 0.774 0.735
...lower-paying firm 0.472 0.519 0.442
Panel D. Pr(V e ") All EE ENE
Unconditional 0.521 0.566 0.488
When moving to a
...higher-paying firm 0.672 0.696 0.652
...lower-paying firm 0.351 0.394 0.324
Panel E. Correlations Spearman Pearson Pearson

(rank) (adjusted for noise)
Ṽ EE and  0.427 0.400 0.435
Ṽ EE [�10%, +20%] and  0.475 0.219 0.573
Ṽ EE (adjust for size and offers) and  0.542 0.551 0.571
V e and  0.514 0.530 0.543

Ṽ EE and log(size) 0.042 0.045 0.049
V e and log(size) 0.177 0.151 0.154
 and log(size) 0.069 0.093 0.094

Notes: The pay of a firm is defined by its firm effect ( ). y is the log of annualized individual earn-
ings. Ṽ EE uses information only in EE transitions. V e comes from estimating the full model. Size
is defined as the number of person-years at the firm over the entire sample. The Ṽ EE [�10%, +20%]
row uses only annual observations where the firm growth rates is between �10% and +20% to
compute Ṽ EE . The adjustment for size and offers is to multiply by the log size, and divide by
the log share of workers hired from nonemployment who are hired by firm j. The correlations
are adjusted for noise in ways described in Online Appendix H. The correlations are weighted by
person-years at the employer-level in column (4) of Table I. EE is employer-to-employer and ENE
is employer-to-nonemployment-to-employer.
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Sorkin QJE forthcoming: “Ranking Firms Using Revealed
Preference”

Why do workers switch to lower-wage jobs?



Sorkin QJE forthcoming: “Ranking Firms Using Revealed
Preference”

• Why do workers switch to lower-wage jobs?

1 Amenities

2 Investments

3 Involuntary terminations

• Sorkin: Job switching as a metric of revealed preference



Using revealed preference to rank firms

Additive fixed effects model for log wages

yit = αi + ΨJ(i ,t) + x ′itβ + rit

Variance decomposition

Var(yit) = Cov(αi , yit) + Cov
(
ψJ(i ,t), yit

)
+ Cov

(
x ′itβ, yit

)
• Share of the variance of earnings accounted for by firms

Cov
(
ψJ(i ,t), yit

)
Var(yit)

• In this decomposition in Sorkin’s LEHD data, firms account for
21% of variance



Variance decomposition: LEHD data 2000–2008

Table I: Summary statistics and the variance of earnings

All � 15 people-years Strongly Connected Strongly Connected
(per year) by EE by EE

(restrictions)
(1) (2) (3) (4)

Sample size
People-years 504, 945, 000 411, 088, 000 409, 550, 000 408, 961, 000
People 105, 921, 000 91, 142, 000 90, 895, 000 90, 803, 000
Employers 6, 155, 000 484, 000 476, 000 472, 000
Summary statistics
Mean log earnings 10.43 10.48 10.48 10.48
Variance of log earnings 0.70 0.67 0.67 0.67
Ensemble decomposition
Employers 0.21
People 0.57
Xb 0.11
Variance components
Variance of employer effect 0.14
Variance of person effect 0.51
Variance of Xb 0.07
2cov(person, employer) 0.10
2cov(Xb, person + employer) 0.08
Corr(person, employer) 0.19
Overall fit
Adjusted R2 0.86
Match effects model
Adjusted R2 0.92

Notes: Sample counts are rounded to the nearest thousand. The data is at an annual frequency. There is one observation per person
per year. The observation is the job from which a person made the most money, but only if she made at least $3, 250 (in $2011, using
the CPI-U). Earnings are annualized. The table includes person-years in which on December 31 the person was aged 18-61 (inclusive).
The restriction in column (2) is that the employer had on average 15 or more nonsingleton observations each year (a total of 90 or more
over the sample). The restriction in column (3) is that the employers lie in the set of firms strongly connected by employer-to-employer
mobility, where strongly connected is discussed in section IV. The extra restrictions in column (4) are that an employer hire a worker
from nonemployment, and appears in 20 or more of the 50 bootstrap repetitions. The ensemble decomposition reports the covariance of
earnings and the relevant characteristic relative to the overall variance of earnings. The variance components reports the variance of each
component relative to the overall variance of earnings. Both decompositions sum to the overall fit (with a degrees of freedom correction).
The match effects model adds interactions between employers and persons. Xb are the covariates. EE is employer-to-employer and ENE
is employer-to-nonemployment-to-employer.
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Probability of a quarterly earnings loss for an EE transition as a
function of ΨJ,New −ΨJ,Old

Figure I: Change in firm pay related to probability of an earnings cuts

(a) All

(b) EE

Notes: These figures show the probability of an earnings cut as a function of the change in firm
level pay for workers who switch annual dominant jobs. The earnings are the annualized earnings
in the last year at the previous job and in the first year at the new job. The top panel looks at all
transitions and the bottom panel looks at employer-to-employer (EE) transitions. In both panels,
the transitions are sorted on the basis of the change in firm effects into 20 bins with an equal number
of transitions in each bin.
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Here’s the idea

Suppose we observe N workers choosing between firms k and j

• Out of these N workers, Mo
kj workers choose k and

Mo
jk = N −Mo

kj choose j

• This is a simplistic setting because all choices observed (that’s
what o denotes)

• Leaves ambiguous how to think about workers choosing Mo
jj

• The observed choices will reflect firm desirability and worker
prefs

• Sorkin is interested in the desirability component



Setting up the inference

• Suppose that the common amenity value for firm k is Ṽ EE
k

• Workers take into account the common value k as well as an
idiosyncratic draw ι

• ι is distributed type I extreme value with scale parameter 1

• Probability of a worker of choosing j over k is

exp
(
Ṽ EE
k

)
exp

(
Ṽ EE
k

)
+ exp

(
Ṽ EE
j

)
• This would produce the following simple estimate of amenity

value of firm k over j

Mo
kj

N
× N

Mo
jk

=
Mo

kj

Mo
jk

=
exp

(
Ṽ EE
k

)
exp

(
Ṽ EE
j

)



Setting up the inference

Issues with this estimate of amenity value

Mo
kj

N
× N

Mo
jk

=
Mo

kj

Mo
jk

=
exp

(
Ṽ EE
k

)
exp

(
Ṽ EE
j

)
• May not be unique, e.g., j < k < l < j

• Not all j , k pairs observed

The big idea

• Relax pairwise restrictions, impose only one restriction per firm

• If j < k and k < l , then assume that j < l

• Provides an exactly identified system

• The conditions for a unique solution much weaker



Setting up the inference

Let Θ equal the set of all employers

Mo
kj

N
× N

Mo
jk

=
Mo

kj

Mo
jk

=
exp

(
Ṽ EE

k

)
exp

(
Ṽ EE

k

) ⇒ Mo
kj exp

(
Ṽ EE

j

)
= Mo

jk exp
(
Ṽ EE

k

)
, ∀j ∈ Θ

⇒
∑
j∈Θ

Mo
kj︸ ︷︷ ︸

# entering k

exp
(
Ṽ EE

k

)
=
∑
j∈Θ

Mo
jk︸ ︷︷ ︸

# exiting k

exp
(
Ṽ EE

k

)

Rearranging
value weighted entry︷ ︸︸ ︷∑

j∈Θ

Mo
kj exp

(
Ṽ EE

k

)
∑
j∈Θ

Mo
jk︸ ︷︷ ︸

exits

= exp
(
Ṽ EE

k

)
︸ ︷︷ ︸

amenity value of firm k



Setting up the inference

Implies one linear restriction per firm, i.e., on Ṽ EE
k

value weighted entry︷ ︸︸ ︷∑
j∈Θ

Mo
kj exp

(
Ṽ EE
j

)
∑
j∈Θ

Mo
jk︸ ︷︷ ︸

exits

= exp
(
Ṽ EE
k

)
︸ ︷︷ ︸

amenity value of firm k

• Of course Ṽ EE
k is defined in terms of all Ṽ EE

j∈Θ: recursive
definition

• Must be solved recursively, analogous to page rank algorithm

• “Good firms hire from other good firms and few workers
leave”



Aside: Note on recursion

Recursive factorial procedure

define factorial(x){

factorial(x) ==

{
if x > 1, x · factorial(x − 1)
if x = 1, 1

}

factorial(4) = 4× factorial(3)

= 4× 3× factorial(2)

= 4× 3× 2× factorial(1)

= 4× 3× 2× 1

= 24



Matrix version of this equation

∑
j∈Θ

Mo
kj exp

(
Ṽ EE

j

)
/
∑
j∈Θ

Mo
jk = exp

(
Ṽ EE

k

)
︸ ︷︷ ︸

amenity value of firm k

• Define a diagonal matrix So with kth diagonal entry
So
kk =

∑
j∈Θ Mo

kj

• Define Mo to be the matrix with the (j , k) entry being Mo
jk

• exp
(
Ṽ EE

)
is |Θ| × 1 vector of firm-level exp

(
Ṽ EE
k

)
’s

S0,−1M0︸ ︷︷ ︸
normalized flows

exp
(
Ṽ EE

k

)
= exp

(
Ṽ EE

k

)

• Thus, vector exp
(
Ṽ EE

)
is a fixed point of this system for the

strongly connected set SC

• SC defined recursively: employer is in SC if she hires a worker
from SC and one of her workers is hired by employer in SC



Estimated relationship between Ψ and V e

Figure V: Relationship between values and earnings

(a) Overall

bin mean of  (sorted on V e)

standard deviation of  w/in bin

(b) Sector

admin/support/waste

manufacturing

construction

mining

hotels/restaurants
education

utilities

public admin

arts/ent./rec.retail trade

other services

agriculture

real estate

health care

transport/warehousing

management

finance and insurance

wholesale trade
prof/scientific/tech. service

information

Notes: The top panel sorts firms on the basis of firm-level values. The circles plot 20 bins with the
same number of person-years, while the solid line plots the regression line estimated on the firm-level
data. The thin-dashed line shows plus and minus one standard deviation of the firm-level earnings
within each value bin. The bottom panel of this figure plots the sector-level means of the earnings
and values. The thick-solid line plots the regression line run at the sector level and weighting by
the number of person-years represented by each sector.
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Sector relationships between Ψ and V e

Figure V: Relationship between values and earnings

(a) Overall

bin mean of  (sorted on V e)

standard deviation of  w/in bin

(b) Sector
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Notes: The top panel sorts firms on the basis of firm-level values. The circles plot 20 bins with the
same number of person-years, while the solid line plots the regression line estimated on the firm-level
data. The thin-dashed line shows plus and minus one standard deviation of the firm-level earnings
within each value bin. The bottom panel of this figure plots the sector-level means of the earnings
and values. The thick-solid line plots the regression line run at the sector level and weighting by
the number of person-years represented by each sector.
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Vertical slices of figure: Rosen compensating differentials
Interpretation: Patterns across Sectors

Compare	the	average	firms	for	the	mining	vs.	educa6on	sectors:	
-  ca.	120%	(80	log	points)	higher	earnings	in	mining	
-  but	workers	value	mining	just	slightly	higher	

Dorn (U. Zurich) Ranking Firms January 2017 7 / 13
Dorn ’17: comment on Sorkin, QJE forthcoming



High compensating differential sectors seem to have long hoursInterpretation: Hours by Sector

Compare	the	average	firms	for	the	mining	vs.	educa6on	sectors:	
-  ca.	120%	(80	log	points)	higher	earnings	in	mining	
-  ca.	100%	higher	annual	hours	in	mining	(Census	2000)	

1670	hrs/yr	

841	hrs/yr	

Dorn (U. Zurich) Ranking Firms January 2017 9 / 13
Dorn ’17: comment on Sorkin, QJE forthcoming



High compensating differential sectors seem to have long hoursInterpretation: Hours by Sector

Sectors	with	unaFrac6ve	ameni6es	(top	leG)	have	longer	work	hours	
	

1670	hrs/yr	
1357	hrs/yr	

1138	hrs/yr	

1088	hrs/yr	

841	hrs/yr	

Dorn (U. Zurich) Ranking Firms January 2017 10 / 13

Dorn ’17: comment on Sorkin, QJE forthcoming



How do compensating differentials affect inequality?

Depends on the correlation between nonpay characteristics
and overall inequality

1 High wage workers often have good working conditions

• Monetizing nonpay job characteristics would raise measured
inequality

2 MIT administrative assistants: moderate pay but 9-to-5 jobs
with limited after-work stress

• Monetizing their nonpay job characteristics would reduce measured
inequality



Monetizing compensating differentials moderates inequality by
pulling in lower tail...

Figure VII: Counterfactual inequality

(a) Counterfactual

(b) “Naive” counterfactual

Notes: The top panel of this figure plots the distribution of earnings in the data and in a counterfac-
tual where I equalize nonpay characteristics. The bottom panel considers a “naive” counterfactual
where I deflate all the firm components of earnings by a constant fraction and then recompute
earnings.
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1 Labor market consequences of binding minimum wages

2 Firm rents, compensating differentials, and worker mobility

3 Outsourcing and inequality



Evolution of Wage Inequality in West Germany, 1990 – 2008

Dustmann, Fitzenberger, Schönberg and Spitz-Oener, 2014

From Sick Man of Europe to Economic Superstar: Germany’s Resurgent Economy     171

If the increase in wage inequality and the modest growth in wages overall—and If the increase in wage inequality and the modest growth in wages overall—and 
in particular the dramatic decline in real wages at the bottom of the wage distribu-in particular the dramatic decline in real wages at the bottom of the wage distribu-
tion—has contributed to the favorable evolution of unit labor costs in Germany tion—has contributed to the favorable evolution of unit labor costs in Germany 
relative to the United States and other eurozone countries, then one should expect relative to the United States and other eurozone countries, then one should expect 
this development to have been particularly pronounced in the tradable manu-this development to have been particularly pronounced in the tradable manu-
facturing sector—the backbone of the German exporting industries accounting facturing sector—the backbone of the German exporting industries accounting 
for 80 percent of German exports. This insight turns out to hold true, but in an for 80 percent of German exports. This insight turns out to hold true, but in an 
unexpected way.unexpected way.

 To further explore the increase in wage inequality, we classify sectors with  To further explore the increase in wage inequality, we classify sectors with 
export volumes below the 25th percentile of the distribution of export volumes in export volumes below the 25th percentile of the distribution of export volumes in 
1995 as “nontradable sectors,” and those with export volumes above this threshold 1995 as “nontradable sectors,” and those with export volumes above this threshold 
as “tradable sectors.” “Tradable manufacturing” are all those tradable sectors that as “tradable sectors.” “Tradable manufacturing” are all those tradable sectors that 
belong to the manufacturing sector, and “tradable services” are all other trad-belong to the manufacturing sector, and “tradable services” are all other trad-
able sectors.able sectors.33 Figure  3 breaks down the evolution of real wages along the wage  Figure  3 breaks down the evolution of real wages along the wage 

 3 Details on the construction of these categories can be found in Appendix A, available with this paper 
at http://e-jep.org.

Figure 2
Indexed Wage Growth of the 15th, 50th, 85th Percentiles, West Germany, 1990–2008

Notes: Calculations based on SIAB Sample for West German Full-Time Workers between 20 and 60 years 
of age. The fi gure shows the indexed (log) real wage growth of the 15th, 50th, and 85th percentiles of 
the wage distribution, with 1990 as the base year. Nominal wages are defl ated using the consumer price 
index (1995 = 100) provided by the German Federal Statistical Offi ce.
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Trends in percentiles of real log daily wage west German men
relative to 1996 base

Card, Heining, Kline 2013

Figure 1a: Trends in Percentiles of Real Log Daily Wage

West German Men Relative to 1996 Base
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Note: 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 multiplied by 100.
 

Figure 1b: Trends in Percentiles of Real Log Hourly Wages 
U.S. Men Relative to 1979 base
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Note: figure shows percentiles of log real hourly wage for male workers, deviated from value of same percentile in 1996 and 
multiplied by 100.  Wage data are from monthly Current Population Surveys, as tabulated in Economic Policy Institute (2009).

 



Where did all of the food, cleaning, security and logistics
workers (FCSL) go?

G
oldschm

idt and Schm
ieder2015

Figure I: Share of Firms with any Food/Cleaning/Security/Logistics workers, by In-
dustry
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Notes: The Figure shows the fraction of West German establishments with at least 100 workers in 4
major industries (retail, manufacturing, finance and hospitals), who are employing at least 1 worker
in the respective occupations (food, cleaning, security, driver or warehouse worker). The data covers
1975 to 2008 and in each year is based on the employee composition on June 30th.
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Growing employment in temp agencies, cleaning, security,
logistics, and business service firms

G
oldschm

idt and Schm
ieder2015

Figure II: Share of Workers employed by Business Service Firms and Temp Agencies
over time
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Notes: The top figure shows the share of all fulltime workers in West Germany from 1975 to 2008
who are working in either a cleaning, security or logistics business service firm or for a temp agency.
The bottom figure shows the share of workers in food, cleaning, security or logistics occupations who
are employed in business service firms or temp agencies. For food occupations the time series in the
bottom figure starts in 1999, since earlier industry codes did not differentiate between restaurants
and food business services industries, such as canteens and catering. We also exclude food workers
employed in the restaurant, hotel and air travel industries.
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Large share of FCSL workers now employed in temp agencies
and business services

G
oldschm

idt and Schm
ieder2015

Figure II: Share of Workers employed by Business Service Firms and Temp Agencies
over time
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Notes: The top figure shows the share of all fulltime workers in West Germany from 1975 to 2008
who are working in either a cleaning, security or logistics business service firm or for a temp agency.
The bottom figure shows the share of workers in food, cleaning, security or logistics occupations who
are employed in business service firms or temp agencies. For food occupations the time series in the
bottom figure starts in 1999, since earlier industry codes did not differentiate between restaurants
and food business services industries, such as canteens and catering. We also exclude food workers
employed in the restaurant, hotel and air travel industries.
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Establishments with on-site outsourcing events

Figure 1: Frequency of On-site Outsourcing Events by Year
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(b) Number of Outsourcing Establishments by Type of Outsourcing

Notes: The figure shows the number of on-site outsourcing events in Germany by year, where on-
site outsourcing events are defined as groups of workers leaving large establishments and moving to
business service firms. The top figure breaks this up by East and West Germany, while the bottom
breaks it up by outsourcing type. Only the bottom figure includes outsourcing to temp agencies.
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On-site outsourcing events by occupation

Figure 1: Frequency of On-site Outsourcing Events by Year
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(b) Number of Outsourcing Establishments by Type of Outsourcing

Notes: The figure shows the number of on-site outsourcing events in Germany by year, where on-
site outsourcing events are defined as groups of workers leaving large establishments and moving to
business service firms. The top figure breaks this up by East and West Germany, while the bottom
breaks it up by outsourcing type. Only the bottom figure includes outsourcing to temp agencies.
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Event studies of outsourced workers versus matched
comparison groups
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Figure IV: Employment Outcomes of Outsourced and Non-Outsourced Workers Be-
fore and After On-site Outsourcing
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At Outsourced Job before and after Outsourcing

(d) Probability of working at outsourced job

Notes: The figures follow two group of workers: the first is a group of workers who are outsourced
between year t=-1 and t=0 (the first year at the new establishment), while the second group is a
control group of non-outsourced workers. The control group was chosen by finding workers employed
in the same industry and occupation with similar tenure and establishment size in the year prior to
outsourcing, and have similar wages 2 and 3 years prior to outsourcing as the outsourced workers.
The figures show average characteristics of the workers in the two groups before and after the
outsourcing event. Panel (a), (c) and (d) show data from the unbalanced panels of workers in
the outsourced and control group. Panel (b) restricts the data to a balanced panel of individuals
observed in each year from 5 years before to 10 years after the outsourcing event.
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Log wage comparisons: Outsourced workers versus matched
comparison groups
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Figure V: Regression Estimates of the Effect of On-site Outsourcing on Log Daily
Wages
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(d) Comparison to workers within outsourcing estab-
lishments

Notes: The figures show regression estimates of the effects of being outsourced between t=-1 and
t=0 (the first year at the new establishment) on log wages before and after the outsourcing event
(see equation 2). The omitted category is year -1. The bands are 95 percent confidence intervals
(SE clustered on the level of the outsourcing establishment). The regressions control for individual
fixed effects and year dummies. The figures follow two group of workers: the first is a group of
workers who are outsourced between year t=-1 and t=0, while the second group is a control group
of non-outsourced workers. Panel (a) shows results irrespective of whether they move to other
establishments in later years. Panel (b) restricts the sample to workers who are at the outsourced
job, i.e. at the same establishment as in time t=-1 in all years before outsourcing, and in the same
establishment as in time t=1 in all years after outsourcing. Panel (c) shows results for the same
restriction as (b) but alternative establishment level control variables in the matching algorithm and
Panel (d) uses a control group of workers at the outsourcing establishment who are not outsourced.
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Wage comparisons: Outsourced workers remaining at same job
versus matched comparison groups
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Figure V: Regression Estimates of the Effect of On-site Outsourcing on Log Daily
Wages
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Notes: The figures show regression estimates of the effects of being outsourced between t=-1 and
t=0 (the first year at the new establishment) on log wages before and after the outsourcing event
(see equation 2). The omitted category is year -1. The bands are 95 percent confidence intervals
(SE clustered on the level of the outsourcing establishment). The regressions control for individual
fixed effects and year dummies. The figures follow two group of workers: the first is a group of
workers who are outsourced between year t=-1 and t=0, while the second group is a control group
of non-outsourced workers. Panel (a) shows results irrespective of whether they move to other
establishments in later years. Panel (b) restricts the sample to workers who are at the outsourced
job, i.e. at the same establishment as in time t=-1 in all years before outsourcing, and in the same
establishment as in time t=1 in all years after outsourcing. Panel (c) shows results for the same
restriction as (b) but alternative establishment level control variables in the matching algorithm and
Panel (d) uses a control group of workers at the outsourcing establishment who are not outsourced.
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Establishment characteristics of outsourced and
non-outsourced jobs before and after outsourcing

Figure 7: Establishment Characteristics of Outsourced and Non-outsourced Jobs be-
fore and after Outsourcing
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(b) Average Log Wage of Coworkers
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 before and after Outsourcing

(c) AKM Effect of Employer

Notes: Sample restricted to workers who are at the same establishment as in time t=-1 in all years
before outsourcing, and in the same establishment as in time t=1 in all years after outsourcing. The
figures follow two group of workers: the first is a group of workers who are outsourced between year
t=-1 and t=0, while the second group is a control group of non-outsourced workers. The figures show
average characteristics of the establishments where the workers in the two groups are working before
and after the outsourcing event. The AKM effect is the estimated establishment fixed effect from a
wage regression including a full set of worker and establishment fixed effects using the universe of
wage records in Germany.

48

G
oldschm

idt and Schm
ieder2015



Evolution of AKM effects among outsourced workers
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Figure VI: On-site Outsourcing and Establishment (AKM) Effects
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(b) Wage Losses by AKM Effect of Outsourcing Establishment (1st / bot-
tom vs. 4th / top Quartile)

Notes: Panel (a) shows the average estimated establishment (AKM) effect of the establishments
where the workers in the outsourced and control groups are working before (t=-1) and after (t=0)
the outsourcing event. The AKM effect is estimated from a wage regression including a full set of
worker and establishment fixed effects using the universe of wage records for fulltime male workers
in Germany. Panel (b) shows regression estimates of the effects of being outsourced on log wages
before and after the outsourcing event separately for workers who are outsourced from high and
low AKM effect establishments. The bands are 95 percent confidence intervals (SE clustered on the
level of the outsourcing establishment). The sample is restricted to workers who are at the same
establishment as in time t=-1 in all years before outsourcing, and in the same establishment as in
time t=1 in all years after outsourcing.
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Evolution of AKM effects of cleaning, service, and logistics
establishments versus others: Incumbents and entrants
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Figure VII: Market Entry of New Establishments of Business Service Firms over Time
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(a) AKM Effects of New and Existing Establishments by Year
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(b) Market Concentration of Business Service Firms by Year

Notes: The top figure shows the AKM effect (estimated over the entire duration of an establishments
existence) of establishments by the year the establishment was founded (first appears in the data).
The figure is restricted to establishments with at least 10 employees in West Germany 1976-2008. The
bottom figure shows the average county level index of employment weighted market concentration
among business service firms. The index can be interpreted as the probability that two randomly
picked workers at business service firms in a particular year and county are working for the same
firm. The data is restricted to West Germany 1975-2008.
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Decoupling of wages in logistics, cleaning and security
occupations from overall German wage growthFigure 10: Decoupling of Wages in Logistics, Cleaning and Security Occupations from

General Wage Growth
3.

6
3.

7
3.

8
3.

9
4

4.
1

4.
2

4.
3

4.
4

4.
5

Lo
g 

Re
al

 W
ag

e 
(im

pu
te

d)

1970 1980 1990 2000 2010
Year

Other Occupations Cleaning
Security Logist

Log Daily Wage by Year and Occupation − Baseline

(a) Evolution of Wages by Occupations

3.
6

3.
7

3.
8

3.
9

4
4.

1
4.

2
4.

3
4.

4
4.

5
Lo

g 
Re

al
 W

ag
e 

(im
pu

te
d)

1970 1980 1990 2000 2010
Year

Non−FCSL Occupations FCSL Occ − Not Outsourced
FCSL Occ − Outsourced

Log Daily Wage by Year and Occupation / OS Status

(b) Evolution of Wages by Outsourced Status

1.
2

1.
3

1.
4

1.
5

1.
6

Es
ta

bl
ish

m
en

t e
ffe

ct

1970 1980 1990 2000 2010
Year

Other Occupations Cleaning
Security Logist

AKM effect by Year and Occupation − Baseline

(c) Evolution of AKM effects by Occupations
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(d) Evolution of AKM Effects by Outsourced Sta-
tus

Notes: The figures show how wages in logistics, cleaning, and security (LCS) occupations have
evolved relative to wages in other occupations. Panel (a) shows the log wage for the different
occupations. Panel (b) Shows how wages for LCS workers have evolved depending on whether
they are outsourced or not, relative to workers in other (non-LCS) occupations. Panel (c) the
establishment (AKM) effect by occupation, and panel (d) shows the AKM effects for LCS workers
by outsourcing status and the AKM effects for all other occupations.
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DFL AKM counterfactual: Holding FCLS at 1985 level
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Figure X: The Evolution of the West German Wage Structure for Men, Actual and
DFL Reweighted
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Notes: The figures shows how the variance of log daily wages and its components has evolved over
time for fulltime male workers in West Germany. Panel (a) shows the variance of log wages, panel (b)
shows the variance of the estimated establishment effect (AKM effect) over time, and panel (c) the
covariance between establishment effects and the individual fixed effect. Panel (d) shows percentiles
of the log wage distribution. The solid line is the actual evolution over time, while the dashed
line shows the counterfactual evolution if outsourcing of cleaning, security and logistics workers had
remained constant at the 1985 level, where the counterfactual is constructed using the reweighting
method described in the text.
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Complementary evidence on ‘Superstar firms’

-2.7% 
-0.7% 

-7.9% 

-4.9% 

-2.2% 

-2.8% 

2.3% 2.3% 

-14.0% 

-12.0% 

-10.0% 

-8.0% 

-6.0% 

-4.0% 

-2.0% 

0.0% 

2.0% 

4.0% 

1982 - 1997 1997 - 2012

Entry

Exit

Between

Within

Notes: MP decomposition over 5 year periods, aggregated to two 15 year periods

Autor, Dorn, Katz, Patterson, Van Reenen ’17



The Onion | Study Finds Jack Shit

 
        

Mobile/PDA | Print Edition | Text Version

 
VOLUME 39 ISSUE 

21 4 JUNE 2003

 Front Page  News   Previous Issue  Archives

 

BALTIMORE—A team of scientists at Johns Hopkins University announced Monday that a five-year 
study examining the link between polyphenols and lower cholesterol rates has found jack shit.

"I can't explain what happened," head researcher Dr. Jeremy Ingels said. 
"We meticulously followed correct scientific procedure. Our methods were 
sufficiently rigorous that they should have produced some sort of result. 
Instead, we found out nothing."

Added Ingels: "Nothing!"

As Ingels stepped aside to compose himself, fellow researcher Dr. Thomas 
Chen took the podium to discuss the $7 million jack-shit-yielding study.

"We are all very upset," Chen said. "When we began, this looked so promising, I would have 
bankrolled it myself. Now, after five years, I couldn't tell you if polyphenols even exist."

The study, which Chen characterized as a "huge waste of time and money," was financed by a 
Johns Hopkins alumni grant to determine the effects of the compound polyphenol on cholesterol. A 
known antioxidant found in herbs, teas, olive oil, and wines, polyphenol was originally thought to 
lower cholesterol—a theory that remains unproven because the Johns Hopkins researchers 
couldn't prove squat.

"We can't say zip about whether it lowers cholesterol," Ingels said. "We don't know if it raises 
cholesterol. Hell, we don't know if it joins with cholesterol to form an unholy alliance to take over 
your gall bladder. At this point, I couldn't prove that a male donkey has nuts if they were swinging 
in my face."

When a study's results are inconclusive, a 
research team often asks for more time and 
money to finish. Such is not the case with the 
Johns Hopkins project.

"No. No fucking way," Ingels said. "I don't 
know about Dr. Chen, but I know that Dr. 
[Kerri] Bruce, who has been a real trouper 
through all of this, is quitting science to start 
a catfish farm in Louisiana. Me, I have a long 
date with my bed and cable TV. I may still do 
something in science, but if I do, it'll probably 
be something easy, like re-linking cigarette 
smoking with lung cancer, just to get my 
confidence back up. It's too early to say. I'll 
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