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Appendix A Empirical Appendix

A.1 National time-series analysis

Basic processing of the March CPS data. I use the March Annual Demographic Files of
the Current Population Survey from 1964 to 2017, which report earnings from 1963 to 2016.
Thus, throughout when I refer to any year, I am using data from the following year’s March
CPS.

I restrict my sample to workers age 16 to 64 during the earnings year. I drop respon-
dents with missing schooling, missing or negative earnings, missing weeks worked, or
with a negative weight. I additionally drop those who are self employed or engage in un-
paid family work and anyone with allocated earnings. Finally, I drop respondents who are
part of the 3/8 redesign in the 2014 ASEC sample. Following Autor, Katz and Kearney
(2008) I multiply top-coded earnings by 1.5.

In composition adjusting, I bin workers into one of 100 groups, denoted by g, defined
by the interaction of 5 age bins (16-25, 26-35, 36-45, 46-55, and 56-64), 2 genders, 2 races
(white and all other self-reported races), and 5 education levels (high school dropout, high
school graduate, some college, college complete, and graduate training).1 The lowest three
educations—high school dropouts, those with a high school degree, and those with some
college—are allocated to non-college; the highest two educations—college graduates and
graduate training—are allocated to college.

Constructing Wages and Supplies. In each year t and for each of the 100 groups g I con-
struct total hours worked and total wage and salary income (using sample weights) and,
from this, the average wage of each group-year pair, wgt for group g. Within each year I av-
erage across the logarithm of the wages of all groups with at least a college degree (denot-
ing the set of these groups by Gh) and, separately, across all groups without (denoting the
set of these groups by Gℓ) using time-invariant weights. For instance, for college-educated
workers, I have

log wht = ∑
g∈Gh

ωg log wgt

where ωg is the time-invariant weight applied to group g. These weights are constructed
using the average across years of the share of hours worked of each group g within the set

1Up to and including 1991, I use the highest grade of school completed; I define college complete as having
finished the fourth year of college and graduate training as having more than four years of college. Starting
in 1992 I use degree completion, assigning associate’s degrees to some college.
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Figure A.I: Detrended National College Premium and the Predicted Impact of the Minimum Wage
and Supply
Notes: “Observed” is the observed national college wage premium detrended using a cubic polynomial of
time . To construct the remaining plots, I regress the detrended college premium on a constant, detrended
supply of college workers, and detrended real minimum wage (each using a cubic polynomial). “Both mw
and supply” plots the predicted value of the detrended college premium. “Only mw” and “Only supply”
plot the predictions of the detrended college premium using the estimated minimum wage (omitting supply)
or estimated supply (omitting the minimum wage) coefficient.

of college groups Gh and, separately, within the set of non-college groups Gℓ.2 The resulting
averages are the composition-adjusted wages log wht and log wℓt used in the analysis.

I construct three measures of supply of college and non-college workers. First, I mea-
sure supply using a composition-adjusted measure of changes in efficiency-unit hours
worked. The hours-based measure is constructed as follows. In the first step, for each
year and college group (Gh and Gℓ), I construct a composition-adjusted weighted aver-
age wage, where the fixed-over-time weights are identical to those used in the construc-
tion of composition-adjusted wages, ωg, as follows (I focus on h in what follows): w̃ht =

∑g∈Gh
ωgwgt. In the second step, I then divide the average wage of each labor group in that

year-college pair by the average across all labor groups (in the corresponding year-college
pair) created in the first step: w̃gt = wgt/w̃ht for g ∈ Gh. This provides a year-specific
measure of the relative wage of each group within the college-educated and, separately,
within the non-college-educated. In the third step, I take an average across years of this

2I drop any group g that has no observations in at least one year. Keeping such a group yields a
composition-adjusted wage (for the corresponding education group of either college or non-college work-
ers) in which the total weights sum to less than one in any year in which that group is not observed.
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relative wage within each labor group: w̃g = (1/T)∑t w̃gt. This average across years
is a measure of the average efficiency units supplied by each hour of labor of this labor
group relative to the average labor group in the same college group. In the fourth step,
I take a weighted average across all labor groups in the year-college pair of the product
of observed hours worked (hoursgt) and the time-invariant efficiency units supplied by
each hour of labor, using the same weights as in the construction of composition-adjusted
wages: ∑g∈Gh

hoursgtw̃gωg.3 Finally, I take the logarithm of this composition-adjusted
weighted average of efficiency-unit hours worked. I refer to this as the hours-based mea-
sure of supply.

Second, I measure supply using a composition-adjusted measure of changes in efficiency-
unit populations. Here, I follow the same first three steps as in the construction of the
hours-worked measure of supply. In the fourth step, I take a weighted average across
all labor groups in the year-college pair of the product of populations (rather than hours
worked) and the time-invariant efficiency units supplied by each hour of labor, using the
same weights as in the construction of composition-adjusted wages. The measure of the
population of each labor group in each year is constructed before dropping respondents
with allocated, missing, or negative earnings and before dropping respondents who are
self employed or engage in unpaid family work. I refer to this as the population-based
measure of supply.

My final measure of supply, used only in Table A.II, is the dual of the composition-
adjusted wage measures. In particular, I set log Supplyht = log Incht − log wht where Incht

is the total income of college-educated workers in raw (weighted) data in year t. I similarly
construct log Supplyℓt.

Constructing real minimum wages. I construct annual real minimum wages mt as fol-
lows. In 1974-2016, I use data from Cengiz et al. (2019) to measure state-year minimum
wages, m̃rt. For each state and quarter, Cengiz et al. (2019) report the minimum, mean,
and maximum effective nominal minimum wage (the maximum of the legislated state and
federal minimum wages). For each state and year, I take the average across quarters within
the year of the average within-quarter minimum wage.

For the years 1963-1973 I obtain the federal (FLSA) minimum wage from the Depart-
ment of Labor and state minimum wages from FRED. For each state, I use the maximum
of the state’s minimum wage and the federal minimum wage to measure m̃rt.

To construct the national time series of real minimum wages, I additionally take the fol-
lowing steps. After constructing the state-year series of annual nominal minimum wages

3This variable’s units are irrelevant, since I take its logarithm and include a constant in the regression.
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I average across states in each year using fixed-across-time weights. These weights are
defined as follows. For the years in which the March CPS contains 51 ‘states’ (including
Washington DC), I construct the share of the national population in each of the states. For
each state, I take an average across all years of this share and use this as the fixed weight for
each state. Finally, I deflate the resulting nominal minimum wage using the GDP deflator
from FRED.

Alternative measures of supply in Table I. Here, I replicate the first six columns of Table
I using alternative measures of the relative supply of college workers. Table A.I displays
results of estimating the reduced-form specification, using OLS and defining the relative
supply of college workers using the population-based measure. Table A.II displays results
using 2SLS as in the baseline, but replacing the hours-worked-based measure of the relative
supply of college workers with the supply measure constructed using the dual of wages.

In both tables, the estimated coefficient on the real minimum wage remains negative
and significant across all specifications. Moreover, the estimated coefficients in the 1963 –
1987 period are more similar to those in the full sample period in the extended canonical
model in columns (3) and (4) than in the canonical model in column (1) and (2). However,
in the case in which the relative supply of college workers is measured using the dual of
wages, estimates still change substantially across sample periods.
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1963-1987 1963-2016 1963-1987 1963-2016

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

Relative supply of college workers -0.806 -0.317 -0.737 -0.555 -0.816 -0.632
(0.134) (0.058) (0.130) (0.060) (0.083) (0.101)

Real minimum wage -0.221 -0.307 -0.257 -0.132
(0.068) (0.053) (0.058) (0.047)

Time 0.027 0.014 0.024 0.019
(0.005) (0.001) (0.005) (0.001)

Constant -0.008 0.007 0.008 0.010 -0.027 0.035
(0.017) (0.009) (0.017) (0.009) (0.016) (0.027)

Time Polynomial 1 1 1 1 2 3
Observations 25 54 25 54 54 54
R-squared 0.532 0.912 0.694 0.941 0.949 0.972

Table A.I: Reduced-Form Regression Models for the National College Premium

Notes: Replicating the first six columns of Table I estimating the reduced-form specification of equation (1)
in columns (1) and (2) and of equation (2) in columns (3) – (6), replacing the hours-worked measure of the
relative supply of college workers with the population-based measure and estimating using OLS.

1963-1987 1963-2016 1963-1987 1963-2016

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

Relative supply of college workers -1.166 -0.388 -1.059 -0.584 -0.724 -0.745
(0.302) (0.055) (0.243) (0.063) (0.085) (0.118)

Real minimum wage -0.236 -0.207 -0.158 -0.171
(0.094) (0.044) (0.054) (0.060)

Time 0.045 0.017 0.040 0.022
(0.011) (0.001) (0.009) (0.002)

Constant -0.021 0.018 -0.003 0.024 0.009 0.002
(0.021) (0.008) (0.021) (0.008) (0.012) (0.022)

Time Polynomial 1 1 1 1 2 3
Observations 25 54 25 54 54 54
R-squared 0.048 0.948 0.328 0.967 0.966 0.965

Table A.II: Regression Models for the National College Premium: Dual Measure of Supply

Notes: Replicating the first six columns of Table I, but using the dual of wages to measure the relative supply
of college workers. See the Notes of Table I for details.
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(1) (2) (3) (4) (5)

Relative supply of college workers -0.632 -0.703 -0.608 -0.619 -0.387
(0.069) (0.077) (0.104) (0.119) (0.134)

Real minimum wage -0.220 -0.199 -0.133 -0.129 -0.132
(0.048) (0.059) (0.052) (0.064) (0.046)

Time 0.021
(0.002)

Time Polynomial 1 2 3 4 5

Table A.III: Regression Models for the National College Wage Premium: Higher Dimensional Poly-
nomials of Time

Notes: Columns (1), (2), and (3) in this table replicate columns (4), (5), and (6) of Table I exactly. Columns (4)
and (5) in this table include higher-dimensional polynomials of time, with column j including polynomials
of time up to and including degree j.

Comparison of results with Autor, Katz and Kearney (2008). Table A.III displays esti-
mates of the extended canonical model in equation (2) using my data and including higher
dimensional polynomials of time than displayed in Table I. Across all specifications, the
coefficient on the real minimum wage remains negative and statistically significantly dif-
ferent from zero. Moreover, the coefficient stabilizes at −0.13 across the third-, fourth-, and
fifth-degree polynomial specifications.

The top panel of Table A.IV estimates equation (2) with a linear (column 1) to a quintic
(column 5) polynomial of time, as in columns 1 – 5 of Table A.III, but using data from the
replication package for Autor, Katz and Kearney (2008) (although I use the GDP deflator
from FRED rather than the deflator in their replication package). Outside of the specifica-
tion with a cubic time trend, results that can be obtained using their data are similar to my
baseline national results displayed in Tables I and A.III.

The bottom panel of Table A.IV replicates the top panel, but replaces the nominal min-
imum wage from Autor, Katz and Kearney (2008), which is the federal minimum wage,
using my baseline measure of the real minimum wage, which averages minimum wages
across states. The coefficient on the real minimum wage tends to be larger in the bottom
panel of Table A.IV than the top panel. This is similar to the comparison between columns
(4) and (7) in my Table I. As there, using the federal minimum wage introduces bias, since
it doesn’t apply in many states, especially starting in the late 1990s.

Separate elasticities of college and non-college wages. In Table A.V I decompose the
estimated elasticities of the college premium into separate elasticities of college and non-
college real wages. To do so, I estimate equation (2) replacing log (wht/wℓt) with log wht

and, separately, with log wℓt. The elasticity of the college real wage minus the elasticity
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Using AKK data

(1) (2) (3) (4) (5)

Relative supply of college workers -0.431 -0.607 -0.612 -0.216 0.013
(0.051) (0.077) (0.091) (0.113) (0.104)

Real minimum wage -0.112 -0.108 -0.064 -0.174 -0.123
(0.049) (0.049) (0.048) (0.052) (0.040)

Using my baseline real minimum wage

(1) (2) (3) (4) (5)

Relative supply of college workers -0.459 -0.605 -0.610 -0.244 -0.019
(0.051) (0.078) (0.089) (0.108) (0.106)

Real minimum wage -0.150 -0.139 -0.087 -0.184 -0.119
(0.051) (0.053) (0.057) (0.059) (0.050)

Time Polynomial 1 2 3 4 5
Observations 43 43 43 43 43

Table A.IV: Regression Analysis for the National College Premium: Using Data From the Replica-
tion Package for Autor, Katz and Kearney (2008)
Notes: The top panel displays results of estimating (2) using the college premium, the relative supply of
college workers, and the nominal minimum wage from Autor, Katz and Kearney (2008). I deflate their
nominal minimum wage using the GDP deflator from FRED rather than deflator in their replication package.
The bottom panel replicates this exercise but uses my baseline measure of the real minimum wage. Robust
standard errors are reported in parentheses.

of the non-college real wage equals the elasticity of the college premium. I do so for the
specifications that include a linear time trend, an additional quadratic time trend, and an
additional cubic time trend, corresponding to columns (4) – (6) of Table I.

Across specifications, a higher minimum wage raises the average real wage of workers
without a college education, wℓt; and this effect is statistically significant in each specifi-
cation. On the other hand, the impact of the minimum wage on the average real wage of
college-educated workers, wht, is not robust across specifications.

A.2 State, labor group, and time analysis

Basic processing of the Merged Outgoing Rotation Groups CPS data. I use the Current
Population Survey Merged Outgoing Rotation Groups (MORG CPS) from 1979 to 2016 in
the state-level estimation. The MORG CPS reflects current wages. Because of missing im-
putation flags—the CPS did not flag workers with missing wages—in all of 1994 and the
first eight months of 1995, I do not include 1994 or the first half of 1995; and I measure
the second half of 1995 using wage data only from September – December. As in the na-
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Linear Quadratic Cubic

(Premium) (High) (Low) (Premium) (High) (Low) (Premium) (High) (Low)

Relative supply -0.632 -0.414 0.218 -0.703 -1.029 -0.327 -0.608 -1.117 -0.509
(0.069) (0.127) (0.123) (0.077) (0.140) (0.139) (0.104) (0.158) (0.103)

Real minimum wage -0.220 -0.104 0.117 -0.199 0.083 0.282 -0.133 0.022 0.155
(0.048) (0.059) (0.058) (0.059) (0.077) (0.066) (0.052) (0.091) (0.063)

Time 0.021 0.020 -0.002
(0.002) (0.003) (0.002)

Table A.V: Separate Regression Models for National College and Non-College Real Wages
Notes: The three columns labeled “Premium” replicate columns (4), (5), and (6) of Table I exactly. The three
columns labeled “High” replicate these columns but replacing the dependent variable with the log of the
college wage whereas the columns labeled “Low” do the same but with the non-college wage. Each estimate
in the “High” column minus the corresponding estimate in the “Low” column equals the estimate in the
“Premium” column. See the Notes of Table I for additional details.

tional analysis, I restrict attention to workers aged 16 to 64. As in the national analysis
described in Section A.1, I bin workers into one of 100 groups, denoted by g, defined by
the interaction of 5 age bins (16-25, 26-35, 36-45, 46-55, and 56-64), 2 genders, 2 races (white
and all other self-reported races), and 5 education levels (high school dropout, high school
graduate, some college, college complete, and graduate training).

In processing the files, I broadly follow the approaches of Lemieux (2006) and Autor,
Katz and Kearney (2008), using hourly wages for workers paid by the hour and using usual
weekly earnings divided by hours worked last week for non-hourly workers. I multiply
top-coded constructed hourly wages by 1.5. I drop respondents with allocated earnings
flags.

Constructing real minimum wages. I construct bi-annual state-specific real minimum
wages as follows. I use data from Cengiz et al. (2019) to construct bi-annual state-specific
nominal minimum wages. For each state and quarter, Cengiz et al. (2019) report the mini-
mum, mean, and maximum effective nominal minimum wage (the maximum of the of the
legislated state and federal minimum wages). For each state and half-year, I take the max-
imum across quarters within the half year of the maximum minimum wage within each
quarter. Finally, I deflate using the GDP deflator from FRED, using the maximum value of
the GDP deflator across months within the half year.

Summary statistics. Figure A.II displays summary statistics of the inputs used in esti-
mating regression (10). Table A.VI provides additional statistics on the minimum wage
bite across all g, r, t triplets (among the balanced estimation sample of g, r pairs), as well
as among the subsamples of workers who are college educated, non-college educated, and

A.8



do not have a high school degree.

0
20

40
60

D
en

si
ty

-.1 0 .1 .2 .3
Half-year log change in the real minimum wage

(a) Real minimum wage changes

0
.5

1
1.

5
2

2.
5

D
en

si
ty

-2 -1 0 1 2
3.5-year log change in the real wage

(b) Real wage changes

0
20

40
60

D
en

si
ty

0 .2 .4 .6 .8 1
Share of g,r,t wage income ≤ 1.05 x minimum wage

(c) Minimum wage bites

Figure A.II: Distributions of changes in real minimum wages and real wages and the distribution of
minimum wage bites

Notes: Panel (a) displays the distribution across states and periods in half-year changes in the real minimum
wage. Panel (b) displays the distribution across labor groups, states, and periods in 3.5-year changes in
the real minimum wage. Panel (c) displays the distribution across labor groups, states, and periods in the
minimum wage bite. Panels (b) and (c) use the balanced sample of g, r pairs.

Full Population College-Educated Non-College Educated Without a High School Degree

Mean 0.039 0.006 0.050 0.135
Standard Deviation 0.076 0.016 0.085 0.151

Table A.VI: Minimum Wage Bite Summary Statistics

Notes: The first column displays the mean and standard deviation of the minimum wage bite across all g, r, t
triplets among the balanced estimation sample of g, r pairs. The second, third, and fourth columns replicate
this on the subsamples of workers who are college educated, non-college educated, and do not have a high
school degree.

Additional state-group-time-level results. In this section I display additional empirical
results described in Section 5. Figure A.III displays results from estimating the reduced-
form specification of equation (10).
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Figure A.III: Reduced-Form Specification of Equation (10)

Notes: Reduced-form estimates of regression (10), in which bg,r log
mr,t−j

mr,t−j−1
replaces bg,r,t−j−1 log

mr,t−j
mr,t−j−1

, and in

which the regression is estimated using OLS. Results display µ0 and the linear combinations of (µj−1 + µj)/2
for j > 0 and of −(µj + µj−1)/2 for j < 0, with corresponding 90% confidence intervals; robust standard
errors are clustered by state.

Figures A.IV and A.V consider other sample restrictions on worker groups, with Figure
A.IV focusing on male and, separately, non-white workers and with Figure A.V focusing
on college-educated and, separately, older workers.
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Figure A.IV: Time-Varying Magnification Elasticities: Additional Heterogeneity Analysis (Male and
Non-White Workers)

Notes: Replicating Figure IV separately on the samples of male and non-white workers.
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Figure A.V: Time-Varying Magnification Elasticities: Additional Heterogeneity Analysis (Older and
College-educated Workers)

Notes: Replicating Figure IV separately on the samples of older (aged ≥ 36) and college workers.

As the wage cutoff rises (for example), more workers are included in the set of min-
imum wage workers and the value of the minimum wage bite, bg,r,t, rises mechanically.
If all minimum wage bites rise proportionately, then the lag weight estimates fall propor-
tionately, but the overall elasticity of the real wage with respect to the real minimum wage
is unaffected. In practice, of course, it is not the case that all minimum wage bites are
proportionately affected. Figure A.VI shows that this logic applies, with higher magnifica-
tion elasticities when using a wage cutoff of 1.00 and lower magnification elasticities when
using a cutoff of 1.10.
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Figure A.VI: Time-Varying Magnification Elasticities: Alternative Minimum Wage Cutoffs

Notes: Replicating Figure IV defining workers as earning the minimum wage if earning a wage no greater
than 1.00, 1.05 (as in Figure IV), or 1.10 times the minimum wage.

The baseline estimation sample is balanced across time periods: I restrict the sample
to those (g, r) pairs for which there are observations in every t in the estimation sample.
Figure A.VII shows that results are very similar when I do not impose this restriction on
sample inclusion.
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Figure A.VII: Time-Varying Magnification Elasticities: Unbalanced Panel

Notes: Replicating Figure IV including all (g, r) pairs (i.e., without restricting to those (g, r) pairs with for
which there are observations in every t).

In the baseline, the dependent variable is a 3.5-year time difference in real wages. Figure
A.VIII displays results using a 3-year time difference whereas Figure A.IX displays results
using a 4-year time difference.
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Figure A.VIII: Time-Varying Magnification Elasticities: Shorter Time Difference

Notes: Replicating Figure IV using a 3-year time difference in the dependent variable.
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Figure A.IX: Time-Varying Magnification Elasticities: Longer Time Difference

Notes: Replicating Figure IV using a 4-year time difference in the dependent variable.
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Appendix B Theoretical appendix

B.1 Details of the steady-state analysis

These results are proven under the stated assumption that m < Ps.

Steady-state wage ladder. Consider a skill s for which the minimum wage is binding: m ≥
(1 − βs) vs + βsPs. The wage on the first rung of the job ladder is w1,s = m. Starting from
any rung j ≥ 1, the wage of the next rung j + 1 on the job ladder is wj+1,s = (1 − βs)wj,s +

βsPs for j ≥ 1. This recursive system yields the following explicit solution for the wage at
each rung

wj,s = (1 − βs)
j−1m + βsPs

j−2

∑
k=0

(1 − βs)
k for all j > 1 if m ≥ (1 − βs) vs + βsPs (A1)

Next, consider a skill s for which the minimum wage is not binding: m < (1 − βs) vs +

βsPs. The wage on the first rung of the job ladder is w1,s = (1 − βs) vs + βsPs. Starting
from any rung j ≥ 1, the wage of the next rung j + 1 on the job ladder is simply wj+1,s =

(1 − βs)wj,s + βsPs for j ≥ 1. This recursive system yields the following explicit solution
for the wage at each rung

wj,s = (1 − βs)
jvs + βsPs

j−1

∑
k=0

(1 − βs)
k for all j ≥ 1 if m < (1 − βs) vs + βsPs (A2)

Steady-state distribution across the job ladder. Solving the recursive system displayed in
equation (3) and using the fact that these densities must sum to one across all j = 0, ..., ∞,
yields both

us =
δs

δs + γsu
(A3)

and

gs(wj) =

(
(1 − δs)γse

δs + (1 − δs)γse

)j−1 γsu

δs + (1 − δs)γse

δs

δs + γsu
for j ≥ 1 (A4)

Steady-state average wage. The average wage of the employed is given by

ws ≡
1

1 − us
∑
j≥1

wj,sgs(wj,s)
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Substituting in from equations (A3) and (A4) yields

ws =
δs

δs + (1 − δs)γse
∑
i≥0

wi+1,s

(
(1 − δs)γse

δs + (1 − δs)γse

)i

(A5)

First consider a skill s for which the minimum wage is binding: m ≥ (1 − βs) vs + βsPs.
Substituting into equation (A5) both w1,s = m and equation (A1) yields

ws =
δs

δs + (1 − δs)γse

{
m ∑

i≥0

[
(1 − δs)(1 − βs)γse

δs + (1 − δs)γse

]i

+ βsPs ∑
i≥1

[
i−1

∑
k=0

(1 − βs)
k

] [
(1 − δs)γse

δs + (1 − δs)γse

]i
}

Simplifying the above expression yields equation (4) in Section 3.2.
Next, consider a skill s for which the minimum wage is not binding: m < (1 − βs) vs +

βsPs. Substituting into equation (A5) both w1,s = (1 − βs) vs + βsPs and equation (A2)
yields

ws =
δs

δs + (1 − δs)γse

{
vs(1 − βs) ∑

i≥0

[
(1 − δs)(1 − βs)γse

δs + (1 − δs)γse

]i

+Psβs ∑
i≥0

[
i

∑
k=0

(1 − βs)
k

] [
(1 − δs)γse

δs + (1 − δs)γse

]i
}

Simplifying the above expression yields

ws =
δs(1 − βs)

δs + βs(1 − δs)γse
vs +

(
1 − δs(1 − βs)

δs + βs(1 − δs)γse

)
Ps (A6)

Equation (4) is a weighed average of m and Ps and equation (A6) is a weighted average of
vs and Ps. The weight on vs in equation (A6) is (1 − βs) times the weight on m in equation
(4). The reason equation (4) places a higher weight on m than equation (A6) places on
vs is that the wage on the first rung of the job ladder associated with equation (4) is m,
whereas the wage on the first rung of of the job ladder associated with equation (A6) is
(1 − βs)vs + βsPs.

Across steady state comparative statics for given changes in Ps. Here, I consider the im-
pact of given changes in m and Ps.

First, consider the case in which the minimum wage binds for skill s. In this case,

A.15



equation (4) implies

d log ws =
δs

δs + βs(1 − δs)γse

m
ws

d log m +

(
1 − δs

δs + βs(1 − δs)γse

)
Ps

ws
d log Ps

Equation (4), the definition of bs = mgs(m) [(1 − us)ws]
−1, and the solutions for us and

gs(m) in equations (A3) and (A4) imply

m
ws

= bs
δs + (1 − δs)γse

δs

and
Ps

ws
=

δs + βs(1 − δs)γse

βs(1 − δs)γse
×

(
1 − δs + (1 − δs)γse

δs + βs(1 − δs)γse
bs

)
The three previous expressions imply

d log ws =
δs + (1 − δs)γse

δs + βs(1 − δs)γse
bsd log m +

(
1 − δs + (1 − δs)γse

δs + βs(1 − δs)γse
bs

)
d log Ps

This equation is the same as equation (5) given the definition of Ms in equation (6).
Next, consider the case in which the minimum wage binds for skill s. In this case,

equation (A6) implies

d log ws =

(
1 − δs(1 − βs)

δs + βs(1 − δs)γse

vs

ws

)
d log Ps (A7)

where vs/ws is a measure of the unemployment replacement rate for skill s (the ratio of
unemployment real income to the average real wage).

Determining changes in Ps across steady states and the extended canonical model. Since
final good producers—who combine the output of firms producing skill-specific output—
are always on their labor demand curves, value marginal products of labor will be deter-
mined exactly as in a neoclassical model featuring the same aggregate production function,
but with employment L̃s = (1 − us)Ls replacing labor supply Ls. Here, I assume that the
aggregate production function is given by

Y =

{(
Ah L̃h

) η−1
η

+
(

Aℓ L̃ℓ

) η−1
η

} η
η−1

(A8)

where each employed worker produces As units of output. The value marginal product of
s labor is Ps = ∂Y/∂L̃s. In what follows, I maintain the assumption that m < Ps for all s, so
that the unemployment rate is fixed. All derivations that follow are, therefore, standard.
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Equation (A8) then implies

Ps =Y
1
η A

η−1
η

s L̃
−1
η

s

d log Y =
1
Y ∑

s∈{h,ℓ}
Y

1
η

(
As L̃s

) η−1
η
(d log As + d log Ls)

where I imposed dus = 0 in the second expression. The previous expressions yield

d log Y =

[
Ph L̃h

Y
(d log Ah + d log Lh) +

Pℓ L̃ℓ

Y
(d log Aℓ + d log Lℓ)

]

d log Ps =
1
η

d log Y + d log As −
1
η
(d log As + d log Ls)

which in turn imply

d log Ps =
1
η

Ps′ L̃s′

Y

(
d log

As′

As
+ d log

Ls′

Ls

)
+ d log As for s′ ̸= s (A9)

I now use the previous result to prove Proposition 1.

Proof of Proposition 1. Suppose that across steady states, represented by t, there is linear
growth in Aht and Aℓt, with mean zero deviations. Additionally suppose that Mh = Mℓ (a
sufficient condition for which is δh = δℓ, γhe = γℓe, and βh = βℓ). Then combining equation
(A9) with equations (5) and/or (A7)—depending on whether the minimum wage binds the
wages of h and/or ℓ—yields (2), where the residual is a function of the deviations of the
rate of skill-biased technical change from the linear trend. In equation (2), the coefficient
νm on the real minimum wage is M(bh − bℓ).4

If the minimum wage only binds for one skill, then parameters needn’t satisfy Mh =

Mℓ, since only the value of Ms for the skill group bound by the minimum wage is relevant.

B.2 Proof of Proposition 2

I focus on a single skill s that is bound by the minimum wage, m ≥ (1 − βs) vs + βsPs, and
omit skill subscripts where possible. I consider a one-time increase in the real minimum
wage, starting from a steady state, from m to m′ < (1− β)m+ βP that occurs during date 0.
This constraint on m′ implies that the second rung of the initial job ladder is not constrained
by the new minimum wage.

4The particular values of νL and νAs in equation (2) also depend on which skills are bound by the minimum
wage.
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Proof of Results (i) and (ii) of Proposition 2: Result (i) is proven below the proposition.
The wage ladder associated with m (original) and the wage ladder associated with m′ (new)
are denoted by wj and w′

j, respectively. Since s is bound by m, the wage on the first rung of
each ladder is given by w1 = m and w′

1 = m′, respectively. Wages wj and w′
j for each j > 1

are then given by equation (A1), using minimum wage m in the original wage ladder and
m′ in the new wage ladder. Because the wage on rung j is increasing in the minimum wage
in equation (A1), Result (ii) of Proposition 2 directly applies: w′

j > wj for each j ≥ 1.

Proof of Result (iii) of Proposition 2: Let gt,j and g′t,j denote the shares of all workers at
time t ≥ 0 employed on rung j of the wage ladders associated with m and m′, respectively.
Let gj denote the share of all workers on rung j in the steady state before the shock. I now
show that gt,j + g′t,j = gj for all j and any t ≥ 0.

Consider t = 0, just after the shock. The assumption that m′ < (1 − β)m + βP implies
that g′0,j = 0 and g0,j = gj for any rung j ≥ 2. The additional assumption that m′ > m
implies g′0,1 = g1 and g0,1 = 0. Since all unemployed exit unemployment on the new job
ladder, I assign the unemployed to the new job ladder in all dates. And since m, m′ < P, the
unemployment rate is unaffected on impact. Hence, g′0,0 = g0 and g0,0 = 0. In summary,
just after the shock g0,j + g′0,j = gj for all j.

Now suppose that gt,j + g′t,j = gj for all j for some t ≥ 0. Then at date t + 1 and for any
j > 1, we have

gt+1,j = gt,j(1 − δ)(1 − γe) + gt,j−1(1 − δ)γe

g′t+1,j = g′t,j(1 − δ)(1 − γe) + g′t,j−1(1 − δ)γe

Summing these expressions yields

gt+1,j + g′t+1,j = gj(1 − δ)(1 − γe) + gj−1(1 − δ)γe = gj

where the first equality follows from gt,j + g′t,j = gj at date t and the second equality follows
from the steady-state derivation of gj. The same applies for j = 1, except the term (1− δ)γe

must everywhere be replaced by λu. Since ∑∞
j=0

(
gt,j + g′tj

)
= 1, this implies g′t+1,0 = g0.

Hence, part (ii) of Proposition 2 is proven by induction.

Proof of Result (iv) of Proposition 2: To obtain a contradiction, suppose that there exists a
(t, j) pair satisfying gt+1,j − gt,j > 0. Such a (t, j) pair must satisfy j > 1, since gt,1 = 0 for
all t ≥ 0. If j > 1 and t ≥ 0 then

gt+1,j = xgt,j + ygt,j−1 (A10)
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where I have defined x ≡ (1 − δ)(1 − γe) as the probability a worker who starts on any
rung j ≥ 1 on the original ladder remains there the following period and y ≡ (1 − δ)γe as
the probability that a worker who starts on any rung j ≥ 1 moves up to rung j + 1 in the
following period. Hence, for j > 1 and t ≥ 0, gt+1,j − gt,j > 0 is equivalent to

(1 − x)gt,j < ygt,j−1

If t = 0, the previous expression is equivalent to gj(1 − x) < gj−1y, where gj denotes the
steady-state share; this contradicts the steady-state relationship gj(1 − x) = gj−1y. If t > 0,
then gt,j can be substituted out of the previous expression using equation (A10), with each
time period lagged once, to obtain

y
[
gt,j−1 − gt−1,j−1

]
> x

[
(1 − x)gt−1,j − ygt−1,j−1

]
(A11)

If the right-hand side of equation (A11) is weakly positive, then the left-hand-side of equa-
tion (A11) must be strictly positive, which requires that gt,j−1 − gt−1,j−1 > 0. This is con-
tradicted if j = 2 (since gt,1 = 0 for all t ≥ 0) or if t = 1 (since g1,j = g2,j = gj for all
j > 2). If, on the other hand, the right-hand side of equation (A11) is strictly negative,
(1 − x)gt−1,j < ygt−1,j−1, then substituting out xgt−1,j = gt,j − ygt−1,j−1 using equation
(A10), yields gt,j − gt−1,j > 0. This is contradicted if t = 1 (since g1,j = g0,j = gj for all
j > 2).

If no contradiction is reached, the same process restarts. However, now instead of as-
suming gt+1,j − gt,j > 0, either both t and j are reduced by one (gt,j−1 − gt−1,j−1 > 0)
if the right-hand side of equation (A11) is weakly positive or only t is reduced by one
(gt,j − gt−1,j > 0) if the right-hand side of equation (A11) is strictly negative. This argu-
ment proceeds until a contradiction is reached.

Proof of Result (v) of Proposition 2: On impact, the wage on the first rung on the old
job ladder, m, becomes constrained by the new, higher minimum wage. Because surplus
in each match remains positive, every worker earning m moves instantly to the first rung
of the new ladder, m′. The increase in the minimum wage does not constrain the second
rung of the initial wage ladder (given the assumption that m′ < (1 − β)m + βP), so no
other workers are affected. This implies that the instantaneous, or impact elasticity of the
average wage of skill s equals bs.

Proof of Result (vi) of Proposition 2: The average wage at time t is

wt ≡
1

1 − us
∑
j≥1

(
wjgt,j + w′

jg
′
t,j

)
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Results (ii), (iii), and (iv) imply that wjgt,j + wj′g′t,j is weakly increasing in t for each j, with
a strict inequality for at least one value of j.

B.3 Wage-posting model

In the baseline model, workers and firms bargain over wages. I assume that agents are not
forward looking to facilitate solving the transition in response to a sequence of aggregate
shocks; and the model counterfactually predicts that expected job duration is independent
of the worker’s wage. Here, I show that steady-state results are broadly similar in the
canonical wage-posting model of Burdett and Mortensen (1998) with homogeneous work-
ers (within a skill) and firms, extended to include a minimum wage, as in van den Berg
and Ridder (1998). In this framework, agents are forward looking and job duration is in-
creasing in the worker’s wage. I consider the case of a single skill s (omitting s subscripts),
since this is sufficient to show which results are robust, and I focus on steady states, since
solving for the transition to an aggregate shock is not straightforward.

According to equation (2.10) in van den Berg and Ridder (1998), the equilibrium earn-
ings density is

g(w) =
δ (P − m)1/2

2λe
(P − w)−3/2 for all w ∈ [m, wmax]

under the assumption that the minimum wage m is binding (an assumption I make through-
out), where

wmax ≡
(

δ

δ + λe

)2

m +

(
1 − δ

δ + λe

)2

P

In these expressions, I have used my notation: P is the value marginal product of labor,
δ is the exogenous separation rate, λe is the rate at which workers receive offers when
employed, and wmax is the (endogenous) supremum of offered wages. Integrating this
yields the probability a worker earns less than w,

G(w) =
δ

λe

(
P − m
P − w

)1/2

− δ

λe
for all w ∈ [m, wmax]

which is the earnings distribution (conditional on employment).

Impact of a change in the minimum wage on the distribution of wages. Define Wc(m) to
be the wage at centile c ∈ [0, 100]. The above distribution of wages implies

c
100

=
δ

λe

(
P − m

P − Wc(m)

)1/2

− δ

λe
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The previous expression can be inverted to obtain an explicit solution for the wage at cen-
tile c as a function of the minimum wage m,

Wc(m) = P − (P − m)

(
100δ

cλe + 100δ

)2

This implies

Wc′(m)

Wc(m)
=

P − (P − m)
(

100δ
c′λe+100δ

)2

p − (P − m)
(

100δ
cλe+100δ

)2

Differentiating with respect to m yields

d
[
Wc′(m)

/
Wc(m)

]
dm

< 0 ⇐⇒ c′ > c

Hence, as in my baseline model, an increase in the minimum wage increases the relative
wage of centile c to centile c′ for any W(c′) > W(c). That is, Wc(m) is log sub-modular in
c, m in both models. This result has been previously documented quantitatively by Engbom
and Moser (2022).

The average wage. The average wage is given by w =
∫ wmax

m wg(w)dw. Using a change of
variables, the average wage can alternatively be expressed using the Wc(m) function (the
wage at centile c), noting that the distribution across centiles is uniform (by definition) with
density g̃(c) = (wmax − m)−1. This density can be expressed as

g̃(c) =
(

1 − δ

δ + λe

)−2

(P − m)−1

Using this formulation, I obtain

w =
(100δ)2

(wmaxλe + 100δ)(mλe + 100δ)
m +

(
1 − (100δ)2

(wmaxλe + 100δ)(mλe + 100δ)

)
P

The previous expression gives the average wage. As in the baseline model, see equation
(4), the average wage can be expressed as a weighted average of the minimum wage m and
the value marginal product of labor, P. Unlike the baseline model, the weights themselves
depend on the minimum wage.

Key differences across models for my analysis. From the perspective of my analysis,
there are two key distinctions between this model and my baseline model. First, studying
the transition analytically is straightforward in my baseline model whereas solving even
quantitatively for the transition in response to an aggregate shock (changing the minimum
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wage) in Burdett and Mortensen (1998) is more difficult. Second, in my baseline model—
as in the data—a mass of workers earn exactly the minimum wage; in the Burdett and
Mortensen (1998) model there are no mass points in the wage distribution. Hence, in re-
sponse to a marginal increase in the minimum wage, the direct effect in my baseline model
is positive whereas it is zero here.5

5Related to both points: Engbom and Moser (2022) studies the impact of changes in minimum wages in
the Burdett and Mortensen (1998) model, focusing exclusively on the steady state, and also extends the model
to incorporate a mass point at the minimum wage.
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