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Labor Earnings Inequality in Manufacturing During the Great Depression

Abstract

We study labor earnings inequality during the Great Depression using establishment-
level information from the Census of Manufactures. Inequality as measured by the
interquartile range in earnings per worker declines by 10 log points between 1929 and
1933. However, by 1935, this difference has recovered to its 1929 level. In a decom-
position, this decline and then rise in inequality is entirely explained by returns to
observable factors, most notably the skill premium and regional differentials. The exit
of establishments plays an important role in the initial decline in inequality but barely
any role in the recovery.

Keywords : Great Depression, Inequality, Establishments, Skill premium.
JEL Codes : N12, J24, J31.
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Introduction

Economic historians and macroeconomists have documented in great detail the aggregate be-

havior of the U.S. economy during the Great Depression. However, much less is known about

the distributional consequences of the downturn. Work going back to Kuznets (1953), Gold-

smith et al. (1954), and Tucker (1938) has attempted to measure changes in the distribution

of income and to identify which sectors, regions, and individuals were most affected by this

unprecedented event. Measuring and explaining these distributional changes is important

not just in determining who bore the cost of this event but also for understanding the ag-

gregate dynamics themselves. As Robert Margo (1993) wrote, “[D]isaggregation [can reveal]

aspects of economic behavior hidden in the time series[.]” For example, a central controversy

surrounding the labor market is why real wages were “sticky” in the face of unprecedented

levels of unemployment. Solving this puzzle requires understanding the wage-setting be-

havior of workers and businesses at a disaggregated level. A major problem for economists

wanting to take this disaggregated approached has been fragmentary datasources.

Our first contribution is to fill in this gap in the datasources available by constructing

an establishment-level dataset consisting of 25 industries from the Census of Manufactures

(COM) between 1929 and 1935. We use this dataset to study the effects of the Depression

on the distribution of earnings per worker. Our dataset allows us to confirm earlier work

that used data disaggregated to the industry (Bernanke and Powell, 1986) or regional level

(Rosenbloom and Sundstrom, 1999). However, we can go beyond earlier work to address

questions such as the role of establishment entry and exit on the earnings distribution that

are not possible with existing sources. Our dataset, while not covering all of manufacturing,

is representative of this sector along many dimensions: geographic, types of products, and

scale of production. For each establishment, we observe the earnings of wage earners and of

salaried workers, which we refer to as blue and white collar workers.1 From this, we measure

1This distinction is very close to that of production and non-production workers commonly used today
(Davis and Haltiwanger, 1991). To support the claim that this distinction is related to skill as measured
by educational differences, we show in the online appendix that there is a positive relationship between
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earnings per worker for each skill group.2

We first characterize the distribution of establishment-level earnings per worker and the

observable factors which affect this distribution. Both the difference between the 75th and

25th percentiles and between the 90th and 10th percentiles decline from 1929 to 1933 by

around 10 log points. While the 75-25 difference subsequently returns to its 1929 level by

1935, these changes are driven by shrinking gaps between the bottom and median of the

distribution offsetting widening gaps between the top of the earnings distribution and the

median. In particular, the 90-50 difference increases by 22 log points between 1929 and 1933

before falling 25 log points between 1933 and 1935. Conversely, the 50-10 difference declines

30 log points between 1929 and 1933 before increasing 10 log points between 1933 and 1935.

The changes in the overall earnings distribution are almost totally driven by changes in the

blue collar earnings distribution since the white collar distribution shows very little change.

We next use the decomposition of Juhn, Murphy, and Pierce (1993) to account for the

changes in the earnings per worker distribution by decomposing the changes into changes in

observables, returns to those observables, and unobservables. Changes in the distribution of

observables, if anything, act to increase inequality over time, but the magnitude relative to

the overall change is quite small. At the same time, changes in the unobservable component

play no role over time. Instead, the initial compression in earnings across establishments is

driven almost entirely by changes in returns to observables, in particular, regional differences.

For example, the East South Central region has observable earnings per worker 41 log points

below New England in 1929, 24 points in 1933, and 25 in 1935, confirming some of the

results from Rosenbloom and Sundstrom (1999). On the other hand, changes in the skill

premium work in the opposite direction to widen inequality. After controlling for observable

establishment characteristics, the gap between earnings per blue and white collar workers

increases from 34 log points in 1929 to 72 log points in 1933 before declining to 55 log points

educational attainment and the share in white collar employment using data from the 1940 Population
Census.

2In some years, we can estimate earnings per hour for blue collar workers under certain assumptions. We
analyze the distribution of earnings per hour in the online appendix.
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in 1935.

This latter result qualifies our understanding of the remarkable compression in earnings by

skill over the first half of the 20th century (Goldin and Margo, 1992).3 While the patterns

in the skill premium we find match those of clerk wages relative to unskilled weekly wages

(see their Fig. II), we find less evidence to support their claim that “inequality narrowed

after 1933, probably because of the minimum wages of the National Industrial Recovery

Act” for the simple reason that for blue collar employees, the 75-25 differential increased

between 1933 to 1935 and the 90-10 differential barely changed. Wright (1997, p. 214)

also points to the role of minimum wage particularly in explaining the convergence of the

South. However, we find that the convergence happens before 1933, when the minimum

wages were implemented in the New Deal. In fact, our results are exactly what would be

expected if, as Goldin and Margo claim, “unemployment...was disproportionately borne by

the least educated and lesser skilled,” and as the economy recovers from its trough in 1933,

less productive workers were hired back.

In light of Goldin and Margo’s claim about the importance of selection, we study the

effects of entry and exit of establishments on the evolution of the earnings distribution. This

explanation of changes in inequality is connected to one explanation of why real wages were

sticky in the Great Depression, and in recessions more generally. That is, the apparent

stickiness is an artifact of aggregation (Stockman, 1983). This theory posits that the first

workers to be fired or to have their hours cut in a recession are the least productive and,

hence, paid the least. Furthermore, these workers are the last to be hired back as the

economy recovers. All else equal, this shift in the composition of worker quality would

lead to a countercyclical aggregate real wage masking procyclical real wages at the level of

the worker.4 Direct empirical evidence for this theory for the Great Depression is rather

3In comparing our results to theirs, it is important to keep in mind they use worker-level data from
the Population Censuses on weekly wages among other sources. Note that they are implicitly focusing on
inequality of employed like we are. They consider both occupational and educational based measures of skill.

4Studying post WWII business cycles, Solon, Barsky, and Parker (1994) find there is a large composition
bias in the aggregate wage series, which obscures the “true” procyclicality of wages at the individual-level.
Baily (1983) argues that an implicit contract theory could explain the puzzling behavior of the real wage
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limited. In particular, Margo (1991, p. 333) states that the newly unemployed were “drawn

disproportionately from the low-wage portion of the labor force,” but this is based on one-

time surveys in Buffalo in 1929 and 1930, Michigan and Philadelphia in 1935, and the 1940

Census of Population. In addition, Margo (1993), citing a paper by Lebergott (1989), claims

that workers who were laid off were less productive and paid less.

While we cannot observe this selection process at the level of the worker, we can examine

selection at the establishment-level and the extent to which higher or lower paying estab-

lishments differentially exited or entered. We find that, in fact, white collar workers at both

entering and exiting establishments had lower earnings of between 3 and 14 log points de-

pending on the year and specification than those at continuing establishments. The same

penalty is generally present for blue collar workers at exiting and entering establishments,

but overall these differences are much smaller in magnitude. These findings complement

existing work that has studied the role of productivity in determining exit of establishments

during the Depression (Bresnahan and Raff, 1991; Scott and Ziebarth, 2013; Lee, 2014).

To quantify the effects of entry and exit on changes in inequality, we construct two coun-

terfactuals. The first predicts what earnings per worker would have been for exiting estab-

lishments if they had not exited based on changes in earnings of establishments with similar

characteristics that did not exit. We calculate inequality measures for this counterfactual

earnings distribution including the continuing establishments and imputed values for the

exiting ones. We find that the 75-25 and 90-10 differentials of the exit counterfactual dis-

tribution for blue collar workers are 6 log points higher in 1933, which would explain about

one third of the decline in those statistics over the same period, and negligibly different in

1935. The second counterfactual simply removes the penalty associated with entering estab-

lishments in a given year. The counterfactual distribution here is only marginally different

than the actual distribution across all years and skill classes. These results show that the

exit margin played an important role in the decline in inequality over the first half of the

during the Depression.
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Depression, consistent with a version of Goldin and Margo’s claim and the aggregation bias

explanation of sticky wages. However, this effect was asymmetric with exit playing very

little role in the rise in inequality between 1933 and 1935.

While there are clear strengths of our dataset, it is important to keep in mind its limi-

tations for extrapolating to the overall earnings distribution. First, we lack information on

those not employed in manufacturing. Employment in manufacturing only comprised about

one third of total non-farm employment in 1929, but, because of the sharp declines in man-

ufacturing employment between 1929 and 1933, the declines in this industry explain about

43% of the total decline in non-farm employment. This makes it particularly important to

study manufacturing for understanding the Depression, and its importance is reflected in the

long literature that focuses on this sector of the economy (Bernanke, 1986; Bernanke and

Parkinson, 1991; Bresnahan and Raff, 1991; Rosenbloom and Sundstrom, 1999). The second

limitation is that the changes in the earnings distribution we measure are for the employed.

The Great Depression saw a large increase in unemployment, from just over 3% in 1929 to a

peak of 22.6% in 1932 (Darby, 1978). The earnings of workers who were formerly employed

in manufacturing and became unemployed or employed in a different sector are not captured

by our sample.

A final limitation is that, with few exceptions, the literature on inequality has used data

drawn from household surveys to estimate earnings inequality at the worker -level while we

use establishment-level data. The resulting measures of inequality are distinct and the com-

parison between our results and those in the literature using worker data is a bit more

difficult. At the same time, our approach is consistent with a new literature that has em-

phasized the importance of demand side factors in determining inequality (Card, Heining,

and Kline, 2013; Barth et al., 2016; Song et al., 2019). This new view that emphasizes firm

and establishment characteristics should be contrasted with the older, supply-side view that

emphasized worker characteristics such as education or experience. Though our use of labor

demand side information is partially motivated by data availability, our results, particularly
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those focused on the extensive margin, highlight the importance of this side of the labor

market.

There is an existing literature on the Great Depression studying various dimensions of

inequality. For example on the geographic dimension, Hanna (1954), Schmitz and Fish-

back (1983), and Creamer and Merwin (1942) all study changes in earnings across states.

Mendershausen (1946) uses the Financial Survey of Urban Housing, which contains city-level

information about income in 1929 and 1933, to calculate inequality statistics. There are also

a handful of papers that focus on the industry dimension, including the classic work by

Bernanke (1986) cited earlier. He studies a sample of eight industries with information on

employment and wages, drawing on data first studied by Beney (1936). Hanes (2000), follow-

ing work by Shister (1944) and Dunlop (1944), examines industry characteristics and their

relationship to wage rigidity during the Depression and two other downturns in 1893 and

1981. Hausman (2016) shows that much of the geography of the 1937 recession is explained

by industry differences, particularly the sharp decline in the automobile industry. Finally,

on a racial dimension of inequality, Sundstrom (1992) finds that black unemployment went

up more than did unemployment among whites during the Depression. Unemployment rates

were actually close to parity at start of the downturn, but by 1931, black individuals were

1.5 times more likely to be unemployed.

Data and Data Issues

Data Source: Census of Manufactures (COM)

We use the COM, for which the original, establishment-level schedules from 1929, 1931,

1933, and 1935 are available in their original form at the National Archives in Washington,

DC.5 The COM was collected in other years, including during the Depression, but the

establishment-level schedules from the first half of the 20th century do not exist other than

5The records are located in Record Group 29 “Records of the Bureau of the Census, 1790 - 2007.”
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for these four years. The schedules provide a wealth of detail including a breakdown of

outputs and inputs into quantities and values. For our purposes, there is also information

on labor use broken down by type of worker, number employed, and total earnings. We

draw on a sample of 25 industries summarized in Table 1.6 As discussed in the paper by

Vickers and Ziebarth (2019), the sample is the work of many different people who collected

industries for their own individual purposes.7 While not chosen to be representative, these

industries cover a wide variety of manufactured products from business durables to consumer

non-durables to “high tech” products like radios, autos, and aircraft. Table 2 shows that

our sample comprises about 20% of the total value of output in manufacturing, 10% of the

establishments, and 20% of the total wage bill.

The sample was built in this “curated” way rather than by, for example, randomly sampling

some unit (establishments, industries, states) for a number of reasons. First, given how the

schedules are organized at the National Archives, it is much easier to sample industries than,

say, geographic units because the schedules are arranged by industry and then by state within

an industry. We also did not sample at the establishment-level since in our view, this would

have limited the value provided by the establishment-level nature of the original schedules.

For one, there are a number of important questions about competitive behavior in this

period that require complete data from a particular industry. For example, Chicu, Vickers,

and Ziebarth (2013) and Vickers and Ziebarth (2014) use the schedules from two industries

to study collusion under the National Industrial Recovery Act (NIRA). In addition, one of

the benefits of establishment-level data is the ability to follow establishments over time. If

we just randomly sampled establishments, for example, this would lead to a very small set of

establishments that we observe in multiple years (even ignoring the high rates of turnover).

We also did not sample whole industries randomly for the simple fact that we thought certain

industries were of more interest than others for the purposes of studying the Depression.

6These data are from ICPSR Study 37114 (Vickers and Ziebarth, 2018).
7For autos, see Bresnahan and Raff (1991). For concrete, see Morin (2015). For blast furnaces, see Bertin,

Bresnahan, and Raff (1996). Some of these industries are also available as ICPSR studies: 35604 and 31761
(motor vehicles); 35605 (cotton goods); 37211 (sugar refining); 37208 (blast furnaces); and 31761 (textiles).
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On the balance, we would argue that our sample is fairly representative of manufacturing

as a whole. In the online appendix, we provide a number of maps showing the geographic

coverage of our sample in terms of covering manufacturing totals at the county-level. While

reflecting manufacturing across the country, our sample covers a particularly large portion

of manufacturing employment in the Carolinas and Georgia because of the dominance of

textiles in those states. On county-level demographic and economic characteristics, we show

in the online appendix that our sample is (slightly) over-representative of counties that grew

faster between 1920 and 1930, voted more Democratic in presidential elections, had lower

literacy rates, and had more African Americans.8 We would argue that these demographic

differences reflect again the fact that the textile industry, which is part of our sample,

dominates southern manufacturing, and so the geographic areas where the coverage of our

sample is highest tends to be predominantly from the South. As for economic characteristics,

there are only minor differences if we consider bank failure rates or the change in retail sales.

Finally, in the online appendix, we show that in 1929, industries that make up our sample are

similar to those in industries not in our sample in terms of size as measured by employment

and revenue, as well as revenue per blue collar worker and earnings per blue collar worker.

Similar to the papers by Davis and Haltiwanger (1991) and Atack, Bateman, and Margo

(2004) (ABM), we will run regressions explaining labor earnings with establishment-level

covariates. Davis and Haltiwanger (1991), who work with the post-1963 COM, include size

as measured by number of employees, age, ownership, energy costs, product specialization,

and capital intensity as well as regional and industry fixed effects. ABM (2004), who work

with the 19th century COM, include number of employees, capital intensity, use of steam

power, as well as regional and industry fixed effects. In the COM data we employ, information

about region, industry, and size as measured by total employment (or our preferred measure

of revenue) is all available. On the other hand, the information for age is sparse. The

8The online appendix also discusses the quality of these data. We cite a number of other studies that
examine parts of this question. We also provide evidence that the rate of rounded values does not change
over time, which suggests, at least, a similar degree of measurement error in each of the censuses.
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form for the 1929 census asks if the plant had begun operation before January 1, 1928,

but other than that there is no information on age. None of the other censuses ask such a

question.9 We also have information on the incorporation status of an establishment as well

as whether the establishment is part of a single-plant or multi-plant firm as used in Davis and

Haltiwanger (1991).10 As for other variables emphasized by Davis and Haltiwanger (1991),

we have information for energy sales for 1929 and 1935 only. The most important limitation

of our COM data is the lack of a measure of capital, which is by and large absent. There are,

in some cases, industry-specific measures of physical capital stock; for example, the amount

of compression capacity in the manufactured ice industry. However, nothing is systematic

enough to use in regressions pooling across industries and years.

Skill Categories and Their Comparability Across Years

We now turn to a discussion of how we measure the skill of the workers and their earnings.

The forms do not provide any information on, for example, educational attainment of work-

ers. Instead, we will distinguish between wage and salaried employees, or what we will call

blue versus white collar jobs. Blue collar workers were presumably mainly production work-

ers on the factory floor, but they could also include hourly janitorial staff or workers on the

loading dock. White collar workers in this classification were clerks, administrative officers,

and office workers generally. In the modern COM, the labor force breakdown provided is

into production and non-production workers. Dunne, Haltiwanger, and Troske (1997) de-

fend the use of non-production workers as a measure of skilled workers. Our breakdown is

quite similar to this.11 All of our salaried workers would fall into the modern category of

non-production workers. On the other hand, there are surely some hourly workers such as

janitors that would be classified as non-production workers in the modern taxonomy, but

9Of course, for establishments which are linked across censuses, we at least know a lower bound for age.
That is, an establishment in both the 1931 and 1929 censuses must be at least 2 years old in 1931.

10This is constructed by matching on the name of the operating firm.
11In the online appendix to bolster this skill interpretation, we show that individuals with white collar

occupations have higher levels of educational attainment using data from the 1940 Census of Population.
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are blue collar wage earners in ours.

For blue collar workers, in all four censuses, the form asks for the number of wage earners

employed in each month.12 In computing earnings per blue collar worker, we divide the total

annual wage bill by the average of the monthly employment figures. As noted by Rosen-

bloom and Sundstrom (1999), the Census Bureau itself cautioned about how to interpret

the wage earner employment number. In particular, it listed some possible reasons why

the employment numbers are inflated relative to the “true” number of full-time equivalent

employees. First, the establishments might have reported part-time workers as well. Sec-

ond, workers that were laid off might have stayed on the payroll for a time and still been

potentially counted as working at the establishment. The earnings variable is much more

straightforward and comes from a question that does not change over the years asking for

the “total amount paid to wage earners.”13

For the white collar skill group, the computation of earnings per worker is somewhat

more complex. First, we exclude officers and proprietors from the totals since we have no

information about their earnings. Next, in 1929, the Census Bureau asked about the number

of “managers, superintendents, and other responsible administrative employees; foremen

and overseers who devote all or the greater part of their time to supervisory duties; clerks,

stenographers, bookkeepers, and other clerical employees on salary”, as well as the total

12Precisely, the census forms in 1929 and 1933 ask establishments to include “skilled and unskilled workers
of all classes, including engineers, firemen, watchmen, packers, etc.” along with “foremen and overseers in
minor positions who perform work similar to that done by the employees under their supervision.” The
question for these groups in 1935 was somewhat different, asking respondents to include “all time and piece
workers employed in the plant”, not including employees included in the other enumerated categories of
officers, managers, clerks, and “technical employees.”

13As a way to allay concerns about the earnings of blue collar workers, we can compare average earnings
per worker in our data to an external source. Leo Wolman in NBER Bulletin 46 published in 1933 reports
on BLS statistics showing that the average weekly earnings per worker in manufacturing in 1929 was $27.36
in nominal units. If we multiply this by 51 weeks and apply the inflation adjustment we use, we arrive at
an annual earnings per worker of $19,228 in 2015 units. We interpret the BLS study as being about blue
collar workers. In our data in 1929, this average is $20,642. These numbers do differ but not by an order
of magnitude. The average earnings of the industries in our sample is slightly higher than industries not
included so if we could adjust for this difference, the difference between our average and that from the BLS
would be even smaller. Also, to be sure, the BLS average is not derived from a strictly random sample of
establishments as (Lebergott, 1989) points out. With all of these caveats in mind, we would argue that the
similarity of these two averages is support for the quality of our data.
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amount that this group was paid. In 1933, this category is split between the managers and

clerks reported separately, along with their total wage bills, with no mention of foremen.14

For 1935, the same three white collar categories of officers, managers, and clerks are reported,

with the total number of clerks being reported for four separate months. Unfortunately, the

1931 census form does not contain any information about the number of or payment to white

collar workers.

Establishment-level Earnings Measurement

To emphasize, we will be comparing earnings per worker by “collar” color computed by divid-

ing total earnings by total workers in that type of job at an establishment. The establishment-

level nature of this measure is different than much of the rest of the literature on inequality

that measures worker -level variation in earnings. All earnings are measured in 2015$ ad-

justing for inflation using the CPI-U price index. The 1% tails are winsorized to limit the

role of measurement error. Winsorizing or trimming the tails of the distributions is common

in the literature that works with (modern) establishment-level data, for example, Davis and

Haltiwanger (1991). Atack, Bateman, and Margo (2004) also trim the tails in their dataset

from the 19th century COM.15

To clarify the relationship between the measures at the establishment and worker levels, let

y be worker-level earnings and x be an establishment identifier (ignoring the skill dimension

for now). Then the law of total variance states

V ar(y) = V ar(E[y|x]) + E[V ar(y|x)].

where V ar(y) is the worker-level variance of earnings, V ar(E[y|x]) the variance of average

earnings between establishments, and E[V ar(y|x)] the average variance of earnings within

14In both 1929 and 1933, the schedule specifically includes foremen in “minor positions who perform work
similar to that done by the employees under their supervision” in the wage earner category.

15In the online appendix, we discuss the information we have on hours worked per week and our ability
to infer earnings per hour for blue collar workers.

13



an establishment.16 What we actually observe is the term V ar(E[y|x]), the establishment-

level variance of earnings per worker. So our establishment based measured of inequality will

underestimate worker-level inequality because we do not observe the within establishment

term E[V ar(y|x)], which is strictly positive. Because of this, the levels of our inequality

measures are not directly comparable to others in the literature using worker-level data.

The relevant question for us is whether changes in our measure reflect changes in worker-

level inequality, which, in turn, depends on the changes in within-establishment inequality.

The most plausible theory in our view, based on modern evidence (Solon, Barsky, and Parker,

1994) as well as in the Depression where the evidence is much more indirect (Lebergott, 1989;

Margo, 1991; Sundstrom, 1992), is that the least productive and lowest paid workers within

an establishment are the first to be fired, meaning E[V ar(y|x)] would decline in recessions.

This would imply that changes in our measure of inequality V ar(E[y|x]) understate changes

in the worker-level measure V ar(y).

An additional question in measuring earnings per worker is how to handle establishments

that report no employees (and, hence, pay nothing to workers) yet have positive revenue.

These make up a non-trivial fraction of establishments in our dataset and presumably are

cases where the owner, besides managing the establishment’s operations, also works directly

in production. Margo (2015) discusses this same problem in the 19th century COM and

its effects on estimates of the returns to scale of the production function. While potentially

important for the question of returns to scale and estimating overall labor income shares, it is

not obvious what the effects of these establishments have on earnings inequality of workers,

our particular interest. One could construct scenarios where the individuals running these

businesses are on average more able and, therefore, their shadow earnings as an employee

are high relative to the mean of the observed earnings distribution. One might also imagine

that because the owner has to do many different tasks, he is relatively less productive than

a worker specialized in doing one task. In this case, the shadow earnings as an employee

16Note that we will not be studying the variance, but rather differences in percentiles, as our measure of
inequality. So this formula does not strictly apply to our case, but the same intuition holds.

14



of a sole proprietor would be low relative to the mean of the observed distribution. While

both of these theories would affect the level, it is more difficult to see how they would affect

changes in measured inequality. We have chosen to drop this set of establishments.

Changes in the Earnings Distributions

The first panel of Figure 1 shows the overall distribution of earnings pooling blue and white

collar workers, where each establishment-“collar” is weighted by the number of workers.

We emphasize that this distribution is not the “true” distribution of worker earnings in

manufacturing, since we are implicitly treating all workers at a given establishment as earning

the same amount. This will surely mask variation in earnings within an establishment and

skill group, so the inequality measures based on this distribution will be lower than the

measures from the distribution where we observed every individual employee’s earnings.

However, the Davis and Haltiwanger (1991) decomposition for modern data shows that over

half of the variance in manufacturing earnings per hour inequality can be accounted for by

between-establishment differences. This suggests that a substantial fraction of changes in

the worker-level earnings distribution can be captured using changes in establishment-level

earnings distribution.

The distribution goes from being bimodal in 1929 to unimodal in 1933 and then back

again in 1935.17 Panel A of Table 3 reports the changes in various differences in percentiles

for this distribution. Focusing on the 75-25 measure of inequality, there is a decline in 10

log points between 1929 and 1933. By 1935, the 75-25 differential is nearly back to its

pre-Depression 1929 value. We consider this as evidence that the Depression did not have

permanent effects on the “bulk” of the manufacturing earnings distribution as reflected in

the 75-25 differential. On the other hand, the 90-10 inequality measure shows a decline over

this six year period, though this is almost totally concentrated in the distribution of earnings

17In the online appendix, we do a variance of earnings decomposition into within and between industry
components. We find that the ratio of within to between declines monotonically over this period for white
collar earnings and follows a U-shaped pattern for blue collar.

15



for blue collar workers, a point we return to later.

This finding needs to be qualified since this is the distribution of earnings for those em-

ployed, and the Depression is a time of large declines in the number of people working.18

To think about the effects of changes on this margin, assume that with probability 1 − p,

a person receives 0 income and with complementary probability, a person receives income

w drawn from distribution F with standard deviation σ. We think of this setup as cap-

turing a case where there is a fixed pool of “manufacturing workers” who work in that

sector or are unemployed (and receive nothing). Then the standard deviation of the earn-

ing distribution including those that are unemployed is SD(w) = pσ, or, in log differences,

∆ logSD(w) = ∆ log p + ∆ log σ. The second piece ∆ log σ is what we are estimating here.

We could estimate ∆ log p as the log change in total manufacturing employment ignoring

changes in the overall population. Note that decreases in p, which are increases in man-

ufacturing unemployment, all else equal reduce overall inequality. This is because in our

example, all unemployed workers receive earnings of 0. The same logic would apply if those

that became unemployed received an income draw from some less dispersed distribution

(though the effect on changes in overall inequality would be more muted).

We now decompose the overall earnings into the distributions for blue and white collar

workers in the other panels of Figure 1. Quite clearly, the qualitative changes in the overall

earnings distribution are being inherited from the blue collar earnings distribution. The

1929 and 1935 distributions for white collar are nearly identical. Panels B and C of Table

3 report the changes in the differences in percentiles for these distributions. As is evident

from the figures, the changes in the overall earnings distribution are driven by changes in

the blue collar earnings distribution. This is also due to the fact that blue collar blue collar

workers make up the lion’s share of total employment. So the overall earnings distribution

18On the other hand, unless tax data is being used, studies on inequality from this time period are in effect
studies of inequality for the employed because of the datasources available. These data such as those from
the Conference Board (Bernanke, 1986) are not representative samples of the population, but of employed
workers.
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places much more weight on changes in the blue collar distribution.19

Decomposition of the Earnings Distribution

We now decompose the sources of those changes using the procedure developed by Juhn,

Murphy, and Pierce (1993) (JMP). We write the earnings per worker t establishment i in

year t as

yit = Xitβt + uit (1)

where yit is log earnings per worker and Xit a vector of observables characteristics, and a

residual unobserved component uit. The observable characteristics include establishment-

level characteristics as well as whether the earnings corresponds to white or blue collar

workers. The “white collar” indicator is an estimate of the skill premium in establishment-

level earnings per worker. Let Ft be the distribution of the residuals, which is potentially

time-varying.20 Then uit = F−1
t (θit) where θit is the percentile in the earnings distribution.

Changes in the earnings distribution can come from three possible sources: (1) changes in

average establishment characteristics Xit (“observables” in the language of JMP); (2) changes

in the relationship between these characteristics and incomes represented by βt (“prices”);

or (3) changes in the distribution of unobservables Ft (“residuals”). To see this analytically,

take 1929 as the base year and define β̄ = β̂1929 and F̄−1(θit) = F̂−1
1929(θit). Now if the

distribution of residuals and the coefficients βt were fixed over time, then earnings would be

y1it = Xitβ̄ + F̄−1(θit).

So changes in the distribution of y1it are those attributable to changes in the observable

19In the online appendix, we show this change is further concentrated in durable goods industries, which
were most affected by the Depression.

20Following the literature, we assume that Ft does not depend on Xit. Note that under this assumption of
full independence, we would be justified in calculating standard errors based on homoskedasticity. We again
follow the literature here and report the usual heteroskedasticity robust standard errors.
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characteristics of the establishments. Now if the coefficients βt can change as well as the

value of the covariates Xit, then earnings would be

y2it = Xitβt + F̄−1(θit).

So any additional change in the distribution of y2it relative to y1it is due to changes in the

returns to the observables, what JMP call prices. Finally, if we further allow the distribution

of residuals to change, then earnings are given by

y3it = Xitβt + F−1
t (θit),

which is the actual level of earnings. Any additional changes to y3it = yit relative to y2it can

be attributed to changes in the residuals.

To understand what we will report in the end, let Yt be a statistic of the earnings distribu-

tion in year t such as the interquartile range (d7525) or the 90-10 gap (d9010). Also, let Y k
t

be the same statistic calculated using the distribution of ykit for k = 1, 2, 3. Then we write

the following decomposition

Yt − Y1929 = [Y 1
t − Y 1

1929] + [(Y 2
t − Y 2

1929)− (Y 1
t − Y 1

1929)] + [(Y 3
t − Y 3

1929)− (Y 2
t − Y 2

1929)],

where we will refer to the first term on the right hande side as “Observables”, the second

“Prices”, and the third “Residuals” while the term on the left hand side is what we call the

“Totals” term. These four terms are what we will report. By construction, each of these

terms will be equal to 0 in 1929, and clearly the sum of the three components on the right

hand side will add up to the total change in the statistic between year t and 1929.

It is important to remember that this is just an accounting decomposition and should not

be interpreted structurally. Besides the original paper by JMP, a number of authors working

with manufacturing data have employed this procedure, such as Davis and Haltiwanger
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(1991) using modern COM data and ABM (2004) using the 19th century COM. In estimating

the regression and constructing the residuals, we “pool” both blue and white collar workers

and weight each establishment-“color” by the number of workers in that group. For the

vector of characteristics Xit, we include in the log of revenue, a binary variable for whether

or not the establishment is part of an incorporated firm or not, whether the firm owns

multiple establishments or plants, as well controls for Census regions and industry as well

as the “white collar” indicator.21

Table 4 shows the results from the regressions for each year pooling both types of workers

weighted by the number of employees with robust standard errors.22 First, and not surpris-

ingly, we find a large skill premium—more precisely, difference in average earnings between

white and blue collar workers—of 34 log points in 1929, increasing to 72 points in 1933, and

falling back to 55 log points. While Goldin and Margo (1992) report an increase between

1929 and 1933 in the ratio of monthly income for clerks to laborers in the railroad indus-

try of about 21 log points, these numbers are not strictly comparable, as our blue collar

workers are not “unskilled” and white collar workers include all salaried workers, not clerks

only. Qualitatively speaking, the skill premium patterns we identify are consistent with the

summary of Goldin and Margo (1992): “Although inequality [as measured by the skill pre-

mium] widened at the beginning of the 1930s, it narrowed after 1933, probably because of

the minimum wages of the National Industrial Recovery Act. Most series we have uncovered

show little overall change from 1929 to 1939, although the wage structure changed within

the decade.”23

There is a significant and stable establishment size premium across all three years with the

21We use Census regions even though we have much finer geographic detail available to be consistent with
earlier work that used these geographic categories.

22In the online appendix, we report the results of the JMP decomposition for both earnings per hour and
hours per workweek.

23On the other hand, in regressions not reported here, we have tried to explain these changes at an
industry-level through the NIRA minimum wages with little success. One reason for this failure in our view
is the fact that minimum wages were region (and industry) specific, which limited to what extent they were
actually binding.
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coefficient on (log) revenue between 0.05 and 0.07.24 This positive size premium is consistent

with modern literature on this relationship (Davis and Haltiwanger, 1991). On the other

hand, this is different from the patterns in the 19th century as estimated by ABM (2004),

who broadly speaking find a negative size gradient. They interpret this negative gradient

in the context of the Goldin and Katz (1998) model of skill-technology complementarity.

A positive relationship is relatively straightforward to explain in a model with differences

in productivity, decreasing returns to scale, and rent sharing. Then higher productivity

firms have higher labor demand and, hence, are larger. Furthermore, they share this higher

productivity with their workers due to a less than perfectly competitive labor market.

The overall pattern of the regional differences in average earnings (the New England region

is the excluded category) is as expected, with a large negative coefficient associated with

being located in the South, and all regions having lower average earnings than New England.

What is striking is the decline between 1929 and 1933 in the penalty for being in the South,

which includes the East and West South Central as well as the South Atlantic regions. These

findings echo the results of Rosenbloom and Sundstrom (1999), who find that the Depression

was comparatively mild in the South after controlling for industry composition (and long-run

trends).

In Figure 2, we show the values from the JMP decomposition for all workers, taking 1929 as

the base year and defining changes relative to that year.25 We plot the decomposition results

for both the difference between the 75th and 25th percentiles (d7525) and the difference

between the 90th and 10th percentiles (d9010). The “Totals” figure replicates the pattern

observed in the summary statistics of a fanning out of the earnings distribution in 1933

24We use revenue as our measure of size rather than employment, which was used by ABM (2004). One
reason for this is that it avoids a potential mechanical reason for finding a negative size gradient due to
measurement error in the employment variable. Since they use employment in the denominator of their
dependent variable of earnings per worker-month, mismeasurement in employment will generate a spurious
negative relationship between earnings per worker and employment. In the online appendix, we show our
results are not sensitive to this choice.

25In the online appendix, we provide a table with the exact numbers for the components of the decompo-
sition. We also show that the results are insensitive to the choice of base year as well as using the winsorized
earnings variable.
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and then a return to the pre-Depression spread by 1935 in the 75-25 differential. Clearly,

changes in the residuals play no role, and while changes in observables matter slightly, the

vast majority of the changes in inequality as measured by the 75-25 differential are driven by

changes in prices, or the returns to observables. The fact that prices matter is similar to the

original paper by JMP, who argue that much of the increase in earnings per week inequality

between 1963 and 1989 was due to increases in the returns to skill (though a substantial

role is still played by changes in the residuals). On the other hand, ABM (2004) find almost

no role is played by changes in prices in explaining increasing dispersion in the earnings per

month during the 19th century. Instead, two thirds of the increase are due to increasing

residual dispersion and the rest to changes in observables.26

The compression in regional earnings differences is the main reason why changes in the

prices component explain much of the changes in inequality. While the convergence of the

South with New England is consistent with the findings in Wright (1997, Table 7.7, p. 217),

the timing is not consistent with Wright’s explanation. He argues that this convergence was

due to the minimum wages imposed by the NIRA, which had a stronger effect in the South

because region’s relatively lower average wages. However, the NIRA was not passed until

June 1933, and furthermore, the minimum wages were set on an industry by industry basis in

a so-called “Code of Fair Conduct.” In addition, many of them also specified lower minimum

wages for establishments operating in the South. There were other policies beyond the NIRA

that may have had regionally heterogeneous effects. During the decline, the responses of the

regional Federal Reserve banks to the collapse of the banking were quite heterogeneous. The

Atlanta Federal Reserve was on one extreme in responding aggressively to limit the fallout

from the panics. On the other extreme, the actions of the St. Louis Federal Reserve, at

best, abated the panics and, at worst, exacerbated it (Richardson and Troost, 2009). In the

recovery period, New Deal spending was allocated in a heterogeneous way across the country

with some areas favored for political reasons (Wallis, 1998). We leave it to future work to

26In the online appendix, we redo this decomposition separately for durable and non-durable industries.
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examine the role of these policies on regional convergence.

On the other hand, holding the quantities of skilled and unskilled labor fixed, the increase

in the skill premium between 1929 and 1933 will increase inequality. Why might the skill

premium change over the business cycle? One reason might be that the elasticity of sub-

stitution between high and low skilled labor is not equal to one so that changes in demand

lead to changes in relative demand for these two types of labor. Our finding that the skill

premium rises is suggestive that in response to declines in output demand, establishments

want to substitute away from unskilled labor toward skilled. Another interpretation for the

changing skill premium is that there are differing levels of selection on unobserved produc-

tivity between these groups. In particular, our results are consistent with establishments

first laying off the least productive and lowest paid skilled worker. This would lead to an

increase in the average earnings of skilled relative to unskilled. It just so happens that the

changes in the geographic differences dominate the changes in the skill premium and so price

changes end up contributing to a decline in inequality.

The Role of Establishment Entry and Exit

We now study the role of the extensive margin of establishment entry and exit in driving

changes in the earnings distribution in manufacturing. To do this, we exploit the panel

structure of our dataset. To get a sense of the importance of the extensive margin for

employment, we can decompose the change in total employment between two consecutive

censuses ∆Emp into changes due to entry and exit as well as continuing establishments. By

definition,

∆Empt = ∆EmpCONT
t + EmpEnteredt − EmpExitingt−1

where ∆EmpCONT
t is change in total employment for continuing establishments between

consecutive censuses, EmpEnteredt total employment of entering establishments in the current

census, and EmpExitingt−1 total employment of exiting establishments in the preceding census.
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Between 1929 and 1933, more than 100% of the change in blue collar employment, and 70%

for white collar employment, can be explained by exit. This shows the important role played

by the extensive margin of establishment entry and exit for total employment.

The fact that the extensive margin played such a large role should not be surprising given

the tremendous amount of churn in establishments during this period of time. In particular,

in our sample, about 60% of the establishments appeared in only a single year. What is

perhaps surprising is that this churn is due not just to particularly high rates of exit but also

high rates of entry.27 One concern is whether this churn is simply due to measurement error.

To the extent that this measurement error is uncorrelated with observable characteristics, it

will generate an attenuation bias that obscures differences in earnings between continuing,

entering, and exiting establishments.28

Unlike the modern COM, the Census Bureau at this time did not assign unique identifiers

to establishments, which would allow for (relatively) error free linking over time. Instead,

our definition of entry and exit is defined as whether we are able to identify a particular

establishment over time based on the “sticky” information reported on the schedules. This

information includes the name of the establishment and its location. A number of papers

using these data (Chicu, Vickers, and Ziebarth, 2013; Ziebarth, 2015; Hansen and Ziebarth,

2017; Vickers and Ziebarth, 2019) have examined this issue in a variety of ways from ex-

amining particular industries with external datasources to internal data checks on whether

exit is predictable. All of them come to the conclusion that these links reflect real exits and

entries. Finally, we note that this rate of churn is not orders of magnitude greater than the

rate in the modern COM. For example, Dunne, Roberts, and Samuelson (1989) find 5-year

exit rates for manufacturing establishments of around 36% in the “normal” period of the

1970s. 29

27For example, in 1933 entrants make up 27% of the sample, compared to 37% in 1935.
28One way in which measurement error might be correlated with observables is if the Census did a better

job of canvassing the larger establishments.
29It is not possible to calculate such a rate for the 19th century since the existing samples are just repeated

cross-sections and the information for identifying was not recorded.
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The relationship between establishment entry and exit and the earnings distribution de-

pends, in part, on whether what drives entry and exit is correlated with earnings. One

closely studied driver of establishment survival in this period is productivity. While the lit-

erature disagrees about the proper way to measure productivity, whether in terms of physical

output or revenue, there is wide agreement that it is an important determinant of exit.30

Furthermore, in regressions not reported here, we document a positive relationship between

productivity and earnings in the data. So at least, the establishment-level connection be-

tween the extensive margin and earnings is a plausible one.31

We study this relationship between skill group earnings across establishments comparing

those establishments that enter or exit relative to those that continue. In particular, for skill

group s at establishment i observed in COM t,32 we estimate cross-sectional regressions for

(log) earnings per worker yit that include dummies for entry and exit along with a set of

controls including industry and region fixed effects:

yist = β1 · Exitingit + β2 · Enteredit +Xistγ + εist.

Regressions are weighted using employment weights and Xist includes the same set of controls

as the JMP regressions. There are a few issues of timing worth noting. First, the exit

indicator is defined as whether the establishment exits between COM t and the next COM

t + 1. This means that the exit indicator in 1929 is based on whether an establishment

exited by 1931, not 1933 when we next have information on blue collar earnings. On the

other hand, the entry indicator is defined as whether the establishment enters between COM

t− 1 and COM t. Thus, the entry indicator in 1933 is based on whether the establishment

30For the automobile industry, see Bresnahan and Raff (1991); Lee (2014). For the radio industry, see Scott
and Ziebarth (2013). For a modern study on the importance of revenue- versus quantity-based productivity
for selection, see Foster, Haltiwanger, and Syverson (2008).

31The link between these two does not need to be driven by productivity. For example, if size by itself
was correlated with entry and exit and earnings, as it is in the data, this would be enough to generate this
relationship.

32For simplicity, we define the COM at 1929 to be t = 1, 1933 to be t = 2, and 1935 to be t = 3.
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entered between 1931 and 1933, not 1929 and 1933.33 Because of this timing convention, we

can only include both entry and exit indicators in 1933. For 1929, we do not know the entry

status of an establishment and for 1935, we do not know the exit status.

Table 5 reports the results of these regressions for exit and entry for blue collar workers by

year. To make the regressions easier to compare within a year, we hold fixed the same set

of establishments within a year that are not missing any of the covariates. Columns 1-4 of

Table 5 shows that in general, exiting establishments pay less than continuing establishments

though this is sensitive to controlling for other observables. The 5 log point penalty in 1929

after controlling for industry and region almost completely disappears with the additional

controls, particularly log revenue. On the other, Columns 5-8 show a very stable penalty

associated with entry across specifications and years of between 5 and 7 log points.

Table 6 reports the same set of regressions for white collar workers. We find in columns

1-4 that, unlike blue collar workers, there is a negative relationship between earnings per

worker and exit. This penalty of around 3-4 log points is smaller in magnitude in 1933

than in 1929 when it is 8-12 log points. Columns 5-8 show that, consistently, across years

and specifications, establishments that enter pay less than continuing establishments. These

penalties range from 5 log points in the case of 1935 with additional controls to 14 log points

in 1933 with no controls. Taken as a whole, these results, which show, on the whole, that

earnings per worker are related to the entry and exit of establishments, provide motivating

evidence for the role of the extensive margin in contributing to changes in the earnings

distribution.

Quantifying the Effects of the Exit Margin

We now consider how changes in exit affect the observed earnings distribution by considering

a counterfactual that imputes earnings and employment for exiting establishments. To do

33This is important to remember because it keeps the comparison of coefficients on entry and exit across
the years “fair” by comparing in both cases (1929 and 1933 for exit, 1933 and 1935 for entry) extensive
margin changes over 2 years.
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this, we first estimate the following specification on the set of surviving establishments

between adjacent censuses:

∆yit+1 = βXit + εit,

where Xit includes log revenue and fixed effects for year, state, and industry.34 With these

regression results (not reported here), we impute earnings per worker for exiting establish-

ments based on their characteristics as ŷit+1 = yit + β̂Xit. The assumption is that exits are

random once we condition on the pre-determined observables in Xit. Under this assumption,

we can predict the earnings of exiting establishments based on the growth rate of earnings

for continuing establishments with similar characteristics. Put differently, we assume that,

after conditioning on a set of observables, there are no unobservables that simultaneously

determine whether an establishment exits and its employment or earnings growth. This as-

sumption does not imply that the levels of earnings for exiting and continuing establishments

are necessarily the same conditional on observables. Instead our assumption is consistent

with an establishment having to pay too high of wages as an explanation for its subse-

quent exit. Our assumption does require that in the counterfactual of this establishment not

existing, it would still continue to pay relatively high wages in the next census.

We also assume that there are no general equilibrium effects. That is, the distribution

of earnings at continuing establishments would be unaffected in the counterfactual of no

exits. To impute counterfactual employment for weighting the distribution, we use the

same approach as when imputing earnings. Note that the “Actual” distributions in 1933

and 1935 exclude any establishments entering in those years, respectively. This is also

why the “Actual” distributions here will differ from the “Actual” distributions in the entry

counterfactual that we discuss later. So these figures show how the distribution of earnings

would have evolved for establishments in the preceding census if there had been no exit.

Table 7 shows the difference between the counterfactual and the actual measures of in-

34In the online appendix, we show that the results are not too sensitive to the set of controls included in
this regression.
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equality over time for the two skill groups.35 We calculate standard errors for these statistics

using a bootstrap procedure that samples with replacement within the strata of year and

industry. We then recalculate these statistics using the bootstrap sample and do this 50

times. We report the standard deviation of the bootstrap values of this statistic. For the

blue collar distribution in 1933, both the 75-25 and 90-10 differentials would have been 6

log points higher, about one third of the change (see Panel B of Table 3), if there had been

no exit. Based on the bootstrap errors and an assumption of asymptotic normality, this is a

statistically significant change. Exit between 1933 and 1935 appears to have no statistically

or economically significant effect on inequality. For the white collar distribution, exit plays

a substantial role in compressing inequality. For example, the 90-10 spread would have been

16 log points higher in 1933 if not for exit and 13 points in 1935, though this change is

not statistically significant. Given the small changes in the white collar inequality measures

overall (see Table 3), the counterfactual analysis shows that exit masked a large change in

inequality for white collar workers in continuing establishments. In both of these years, the

differences are driven mainly by the lower tail of the earnings distribution. Exiting estab-

lishments pay white collar workers less than do continuing establishments, conditional on

observables, so removal of these relatively low earning paying firms plays a compressive role.

Taken together, these results support the “first out” theory where the lowest paying es-

tablishments, which are perhaps the lowest productivity, are the first to exit in a downturn.

These exits lead to a decline in the establishment-level earnings distribution mainly driven

by compression in the difference between the median and lowest percentiles. However, this

mechanism is not symmetric in that we do not observe the exit margin pushing up inequality

during the recovery period of 1933 to 1935. One possible explanation is that during periods

of rising demand, exits tend to be driven by “idiosyncratic” shocks. The question then is

whether the entry margin works “in reverse.”

35In the online appendix, we plot out the counterfactual and actual distributions.
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Quantifying the Effects of the Entry Margin

Our next counterfactual considers the other extensive margin of entry. The counterfactual

we compute removes the earnings penalty associated with entrants based on the results in

columns 6 and 8 of Tables 5 and 6. We then recalculate various measures of inequality for

the counterfactual distribution of earnings per worker with entrants’ earnings adjusted in

this way.36 No adjustment is made to incumbent establishments. We calculate standard

errors for these statistics using the same bootstrap procedure as described above.

Table 8 shows the difference in some measures of inequality between the counterfactual

and the actual distribution.37 There are only minor differences due to entry for either blue

or white collar workers in either year. Relative to some of the statistics related to the exit

margin, these entry effects are precisely estimated. We conclude that the entry margin does

not work like the “opposite” of the exit margin.

Conclusion

We introduced a new, detailed, and comprehensive establishment-level dataset covering a

sizable fraction of manufacturing during the Great Depression. These data allow us to study

distributional changes in earnings per worker between 1929 and 1935 along a number of di-

mensions: skill, industry, and geography. Using these data, we find that the 75-25 differential

of the overall earnings distribution declined between 1929 and 1933 and then recovered by

1935. From an accounting perspective, this was driven by changes in the blue collar earn-

ings distribution. The distribution of earnings for white collar workers was little changed.

When decomposing these results, we find changes in the returns to observable characteristics,

36While we make this adjustment to earnings for entrants, we do not adjust any differences for entrants in
terms of employment. In the online appendix, we show that making this further adjustment does not affect
the results substantially.

37In the online appendix, we plot out the counterfactual distribution relative to the actual one. In addition
to adjusting earnings, we adjust the employment weights by the effect of entry. With these modified weights,
we estimate this counterfactual distribution and find very little difference to these results.
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particularly skill and geography, explain the bulk of the changes in the earnings distribution.

We then examine the role of the extensive margin of establishment entry and exit in

explaining these changes. Using a procedure to impute earnings of exiting establishments,

we find that this played an important role in reducing inequality between 1929 and 1933 for

blue and white collar workers mainly by reducing the gap between the median and bottom

percentiles of the earnings distribution. On the other hand, exit played little role in the

increase in inequality between 1933 and 1935. The entry margin was not important for

measured earnings inequality in either year or type of skill. Taken together, these results

are consistent with a selection mechanism that operates only on the exit margin only in bad

times.

Going forward, it would be interesting to go beyond the mainly descriptive analysis in

this paper to identify drivers of these changes. One potential such driver is New Deal relief

spending and relief employment. A number of other papers have examined the effects of New

Deal relief spending on employment or total labor earnings.38 But there is no work that

examines the distributional consequence of this spending. This is an interesting question

given that Darby (1978) argues that relief jobs provided by the New Deal were better paid

than comparable private sector jobs. We leave it for future work to identify how this spending

affected not just average earnings or employment but also the distribution of earnings.

There were also a number of other labor market interventions during this period that would

presumably have direct distributional consequences. Taylor (2011) studies one such policy:

work sharing under the Presidential Reemployment Agreement of 1933. Using industry-level

data from the NBER Macrohistory database, he finds that employment in terms of bodies

increased under this program, but there was not much effect on the intensive margin of aggre-

gate hours worked. Unsurprisingly, these changes are reflected in declines in pay per worker.

A larger labor market policy was the NIRA and its myriad of labor provisions including the

minimum wage and maximum workweek. If one took the view that its effects were mainly

38Papers by Fleck (1999) and Neumann, Fishback, and Kantor (2010) are two examples of work studying
the relationship between relief spending and earnings as well as employment.
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through its effects on the workweek and largely orthogonal to the earnings distribution, then

this policy prevented regional convergence in annual earnings from happening more quickly

than it would have otherwise by artificially suppressing the length of the workweek in the

lower wage South. This effect has to be set against the possible effects the NIRA had on

reducing regional disparities in hourly wages themselves through minimum wages. We leave

disentangling these possible effects of policy induced changes in inequality for future work.

30



References

Atack, Jeremy, Fred Bateman, and Robert A. Margo. 2004. “Skill Intensity and Rising
Wage Dispersion in Nineteenth-Century American Manufacturing.” Journal of Economic
History 64:172–192.

Baily, Martin N. 1983. “The Labor Market in the 1930’s.” In Macroeconomics, Prices, and
Quantities, edited by James Tobin. Washington, DC: The Brookings Institution.

Barth, Erling, Alex Bryson, James C. Davis, and Richard Freeman. 2016. “It’s Where You
Work: Increase in Earnings Dispersion Across Establishments and Individuals in the U.S.”
Journal of Labor Economics 34:S67–S97.

Beney, M. Ada. 1936. Wages, Hours and Employment in the United States, 1914-1936. New
York: National Industrial Conference Board.

Bernanke, B. and M.L. Parkinson. 1991. “Procylical Labor Productivity and Competing
Theories of the Business Cycle: Some Evidence from Interwar U.S. Manufacturing Indus-
tries.” Journal of Political Economy 99:439–459.

Bernanke, Ben S. 1986. “Employment, Hours, and Earnings in the Depression: An Analysis
of Eight Manufacturing Industries.” American Economic Review 76:82–109.

Bernanke, Ben S. and James L. Powell. 1986. “The Cyclical Behavior of Industrial Labor
Markets: A Comparison of the Prewar and Postwar Eras.” In The American Business
Cycle, edited by Robert J. Gordon. Chicago: University of Chicago Press.

Bertin, Amy L., Timothy Bresnahan, and Daniel M.G. Raff. 1996. “Localized Competi-
tion and the Aggregation of Plant-level Increasing Returns: Blast Furances, 1929-1935.”
Journal of Political Economy 104:241–266.

Bresnahan, Timothy and Daniel M.G. Raff. 1991. “Intra-industry Heterogeneity and the
Great Depression: The American Motor Vehicles Industry, 1929-1935.” Journal of Eco-
nomic History 51:317–331.

Card, David, Jörg Heining, and Patrick Kline. 2013. “Workplace Heterogeneity and the Rise
of West German Wage Inequality.” Quarterly Journal of Economics 128:967–1015.

Chicu, Mark, Chris Vickers, and Nicolas L. Ziebarth. 2013. “Cementing the Case for Collu-
sion Under the NRA.” Explorations in Economic History 50:487–507.

Creamer, Daniel and Charles Merwin. 1942. “State Distribution of Income Payments, 1929-
1946.” Survey of Current Business :18–26.

Darby, Michael R. 1978. “Three-and-a-Half Million U.S. Employees Have Been Mislaid: Or,
an Explanation of Unemployment, 1934-1941.” Journal of Political Economy 84:1–16.

Davis, Steve J. and John Haltiwanger. 1991. “Wage Dispersion Between and Within U.S.
Manufacturing Plants, 1963-86.” Brookings Papers on Economic Activity :115–200.

31



Dunlop, John T. 1944. Wage Determination Under Trade Unions. New York: Macmillan.

Dunne, Timothy, John Haltiwanger, and Kenneth R. Troske. 1997. “Technology and Jobs:
Secular Changes and Cyclical Dynamics.” Carnegie-Rochester Conference Series on Public
Policy 46:107–178.

Dunne, Timothy, Mark J. Roberts, and Larry Samuelson. 1989. “The Growth and Failure
of U. S. Manufacturing Plants.” Quarterly Journal of Economics 104:671–698.

Fleck, Robert K. 1999. “The Marginal Effect of New Deal Relief Work on County-Level
Unemployment statistics.” Journal of Economic History 59:659–687.

Foster, Lucia, John Haltiwanger, and Chad Syverson. 2008. “Reallocation, Firm Turnover,
and Efficiency: Selection on Productivity or Profitability?” American Economic Review
98:394–425.

Goldin, Claudia and Lawrence F. Katz. 1998. “The Origins of Technology-Skill Complemen-
tarity.” Quarterly Journal of Economics 113:693–732.

Goldin, Claudia and Robert A. Margo. 1992. “The Great Compression: The Wage Structure
in the United States at Mid-Century.” Quarterly Journal of Economics 107:1–34.

Goldsmith, Selma, George Jaszi, Hyman Kaitz, and Maurice Liebenberg. 1954. “Size Distri-
bution of Income Since the Mid-Thirties.” Review of Economics and Statistics 36:1–32.

Hanes, Christopher. 2000. “Nominal Wage Rigidity and Industry Characteristics in the
Downturns of 1893, 1929, and 1981.” American Economic Review 90:1432–1446.

Hanna, Frank A. 1954. State Income Differentials, 1919-1954. Durham, NC: Duke University
Press.

Hansen, Mary E. and Nicolas L. Ziebarth. 2017. “Credit Relationships and Business
Bankruptcies During the Great Depression.” American Economic Journal: Macroeco-
nomics 9:228–255.

Hausman, Joshua. 2016. “What Was Bad for General Motors Was Bad for America: The
Auto Industry and the 1937-38 Recession.” Journal of Economic History 76:427–477.

Juhn, Chinhui, Kevin M. Murphy, and Brooks Pierce. 1993. “Wage Inequality and the Rise
in Returns to Skill.” Journal of Political Economy 101:410–442.

Kuznets, Simon. 1953. Shares of Upper Income Groups in Income and Savings. Cambridge,
MA: NBER.

Lebergott, Stanley. 1989. “Wage Rigidity in the Depression: Concept or Phrase?” Unpub-
lished, Wesleyan University.

Lee, Changkeun. 2014. “Was the Great Depression Cleansing? Evidence from the American
Automobile Industry, 1929-1935.” Unpublished, University of Michigan.

32



Margo, Robert A. 1991. “The Microeconomics of Depression Unemployment.” Journal of
Economic History 51:333–341.

———. 1993. “Employment and Unemployment in the 1930s.” Journal of Economic Per-
spectives 7:41–59.

———. 2015. “Economies of Scale in Nineteenth Century American Manufacturing Revis-
ited: A Solution to the ’Entrepreneurial Labor Input Problem’.” In Enterprising America:
Businesses, Banks, and Credit Markets in Historical Perspective, edited by William Collins
and Robert A. Margo. Chicago: University of Chicago Press.

Mendershausen, Horst. 1946. Changes in Income Distribution During the Great Depression.
Cambridge, MA: NBER.

Morin, Miguel. 2015. “The Labor Market Consequences of Technology Adoption: Concrete
Evidence from the Great Depression.” Unpublished, Cambridge University.

Neumann, Todd C., Price V. Fishback, and Shawn Kantor. 2010. “The Dynamics of Re-
lief Spending and the Private Urban Labor Market During the New Deal.” Journal of
Economic History 70:195–220.

Richardson, Gary and William Troost. 2009. “Monetary Intervention Mitigated Banking
Panics during the Great Depression: Quasi-experimental Evidence from a Federal Reserve
District Border, 1929-1933.” Journal of Political Economy 117:1031–1073.

Rosenbloom, Joshua L. and William A. Sundstrom. 1999. “The Sources of Regional Variation
in the Severity of the Great Depression: Evidence from US Manufacturing, 1919–1937.”
Journal of Economic History 59:714–747.

Schmitz, Mark and Price V. Fishback. 1983. “The Distribution of the Income in the Great
Depression: Preliminary State Estimates.” Journal of Economic History 43:217–230.

Scott, Peter M. and Nicolas L. Ziebarth. 2013. “The Determinants of Plant Survival in
the U.S. Radio Equipment Industry During the Great Depression.” Journal of Economic
History 75:1097–1127.

Shister, Joseph. 1944. “A Note on Cyclical Wage Rigidity.” American Economic Review
34:110–116.

Solon, Gary, Robert Barsky, and Jonathan A. Parker. 1994. “Measuring the Cylicality of
Real Wages: How Important Is Composition Bias?” Quarterly Journal of Economics
109:1–25.

Song, Jae, David J. Price, Fatih Guvenen, Nicholas Bloom, and Till von Wachter. 2019.
“Firming Up Inequality.” Quarterly Journal of Economics 134:1–50.

Stockman, Alan C. 1983. “Aggregation Bias and the Cyclical Behavior of Real Wages.”
Unpublished, University of Rochester.

33



Sundstrom, William A. 1992. “Last Hired, First Fired? Unemployment and Urban Black
Workers During the Great Depression.” Journal of Economic History 52:415–429.

Taylor, Jason E. 2011. “Work-sharing During the Great Depression: Did the ‘President’s
Reemployment Agreement’ Promote Reemployment?” Economica 78:133–158.

Tucker, Rufus. 1938. “The Distribution of Income Among Income Taxpayers in the United
States, 1863-1935.” Quarterly Journal of Economics 52:547–587.

Vickers, Chris and Nicolas L. Ziebarth. 2014. “Did the NRA Foster Collusion? Evidence
from the Macaroni Industry.” Journal of Economic History 74:831–862.

———. 2018. “United States Census of Manufactures, 1929-1935. ICPSR37114-v1.” Inter-
university Consortium for Political and Social Research.

———. 2019. “The Census of Manufactures: An Overview.” In Handbook of Cliometrics,
vol. 2, edited by Claude Diebolt and Michael J. Haupert. Springer.

Wallis, John Joseph. 1998. “The political economy of New Deal spending revisited, again:
With and without Nevada.” Explorations in Economic History 35 (2):140–170.

Wright, Gavin. 1997. Old South, New South: Revolutions in the Southern Economy Since
the Civil War. Baton Rouge, LA: LSU Press.

Ziebarth, Nicolas L. 2015. “The Great Depression Through the Eyes of the Census of
Manufactures.” Historical Methods 48:185–194.

34



Table 1: Summary Statistics for the Industries in Our Sample

Industry Establishments Log Employees Incorporated Durable

Beverages 14,907 1.35 43.79 0
Ice cream 10,105 1.52 54.03 0
Ice, manufactured 13,242 1.57 78.98 0
Macaroni 1,269 2.18 49.38 0
Malt 131 3.09 96.90 0
Sugar, cane 279 4.53 71.96 0
Sugar, refining 77 6.47 88.31 0
Cotton goods 4,483 5.08 91.74 0
Linoleum 23 6.41 100.00 1
Matches 82 4.99 93.83 0
Planing mills 12,582 2.39 66.94 1
Bone black 223 3.25 98.17 0
Soap 1,004 2.45 80.91 0
Petroleum refining 1,547 4.13 94.96 0
Rubber tires 224 5.37 95.28 1
Cement 638 4.66 98.69 1
Concrete products 5,733 1.58 57.51 1
Glass 923 5.01 94.00 1
Blast furnaces 329 5.12 100.00 1
Steel works 1,720 5.77 98.59 1
Agricultural implements 916 3.34 80.47 1
Aircraft and parts 376 3.48 92.07 1
Motor vehicles 627 5.02 93.91 1
Cigars and cigarettes 145 4.24 77.21 0
Radio equipment 786 4.04 86.94 1

Sources: Authors’ calculations.

Notes: All statistics are calculated pooling all the census years. The column “Establishments” is the

total number of establishments. The column “Log Employees” is the average number of log employees

including both white and blue collar workers. The column “Incorporated” is the percentage of estab-

lishments that are incorporated. We equally weight the establishments in calculating the average size

and the percentage. The column “Durable” is whether we coded an industry’s product as durable.
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Table 2: Percent of National Total Covered by Our Sample

Year 1929 1931 1933 1935

Establishments 11.3 10.5 9.91 9.48
Blue collar earnings 20.5 17.4 19.0 20.7
Revenue 21.1 18.4 21.3 18.8

Sources: Authors’ calculations.

Notes: All of the national totals are from the 1935 pub-

lished report on the Census of Manufactures. Besides re-

porting the values for 1935, it also reported the previous

years’ totals.
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Table 3: Summary Statistics of Earnings Variables

Difference between percentiles...
75-25 75-50 50-25 90-10 90-50 50-10

Panel A: Earnings per worker
1929 0.72 0.26 0.46 1.34 0.47 0.87
1933 0.62 0.33 0.28 1.22 0.69 0.52
1935 0.70 0.27 0.43 1.11 0.44 0.67

Panel B: Blue collar earnings per worker
1929 0.72 0.24 0.48 1.27 0.42 0.86
1933 0.54 0.27 0.27 1.08 0.58 0.50
1935 0.68 0.24 0.44 1.05 0.40 0.65

Panel C: White collar earnings per worker
1929 0.39 0.18 0.22 0.83 0.34 0.48
1933 0.38 0.15 0.23 0.86 0.28 0.57
1935 0.41 0.16 0.25 0.82 0.28 0.55

Sources: Authors’ calculations.

Notes: The statistics correspond to the difference between the two percentiles listed. Each establishment is

weighted by the number of workers in the particular “color” group. All variables are log transformed.
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Table 4: Regressions of Earnings per Worker

Earnings per worker
Year 1929 1933 1935

(1) (2) (3)

White collar 0.34∗∗∗ 0.72∗∗∗ 0.55∗∗∗

(0.02) (0.02) (0.02)
Incorporated -0.00 0.04 0.01

(0.02) (0.05) (0.02)
Multiplant firm 0.01 -0.00 0.02

(0.02) (0.02) (0.02)
Revenue 0.06∗∗∗ 0.07∗∗∗ 0.05∗∗∗

(0.00) (0.01) (0.01)
Mid-Atlantic -0.07∗∗∗ -0.11∗∗∗ -0.09∗∗∗

(0.02) (0.03) (0.03)
East North Central -0.04∗ -0.05 -0.10∗∗∗

(0.03) (0.03) (0.03)
West North Central -0.11∗∗∗ -0.19∗∗ -0.15∗∗∗

(0.03) (0.08) (0.06)
South Atlantic -0.35∗∗∗ -0.23∗∗∗ -0.20∗∗∗

(0.02) (0.02) (0.02)
East South Central -0.41∗∗∗ -0.24∗∗∗ -0.25∗∗∗

(0.03) (0.03) (0.03)
West South Central -0.31∗∗∗ -0.28∗∗∗ -0.26∗∗∗

(0.03) (0.04) (0.03)
Mountain 0.00 -0.07 0.03

(0.05) (0.05) (0.04)
Pacific -0.07∗∗ 0.02 -0.02

(0.03) (0.03) (0.03)

Observations 32141 21520 25201

Sources: Authors’ calculations.

Notes: The earnings per worker variable is log transformed

and the 1% tails are winsorized. In addition to white collar

status, the set of controls includes log revenue, dummies for

incorporation and multiplant status as well as region and in-

dustry fixed effects. An observation is an establishment and

each establishment is weighted by the number of employees

in a particular “color” group. The excluded region is New

England. Standard errors are robust.
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Table 5: The Extensive Margin and Blue Collar Earnings per Worker

Blue collar earnings per worker
(1) (2) (3) (4) (5) (6) (7) (8)

Exited -0.01 -0.05∗ -0.00 -0.00
(0.02) (0.03) (0.02) (0.02)

Entered -0.05∗ -0.07∗∗∗ -0.05 -0.07∗

(0.03) (0.03) (0.04) (0.04)
Incorporated -0.01 0.04 0.04 0.00

(0.02) (0.05) (0.05) (0.02)
Multiplant firm 0.01 0.00 0.00 0.02

(0.02) (0.02) (0.02) (0.02)
Revenue 0.06∗∗∗ 0.07∗∗∗ 0.07∗∗∗ 0.05∗∗∗

(0.01) (0.01) (0.01) (0.01)

Observations 18591 18591 12213 12213 12213 12213 14460 14460

Sources: Authors’ calculations.

Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. All regres-

sions include region and industry fixed effects. Standard errors are robust and the regression is weighted

by employment totals. The variable “Entered” is a binary for whether an establishment entered between

the current and preceding census. The variable “Exiting” is a binary for whether an establishment will

exit between the current and next census. Because of this timing convention, we only observe exit status

in 1929 and 1933 and entry status in 1933 and 1935.
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Table 6: The Extensive Margin and White Collar Earnings per Worker

White collar earnings per worker
(1) (2) (3) (4) (5) (6) (7) (8)

Exited -0.08∗∗ -0.12∗∗∗ -0.03 -0.04
(0.04) (0.04) (0.03) (0.04)

Entered -0.12∗∗∗ -0.14∗∗∗ -0.05∗ -0.07∗∗

(0.04) (0.04) (0.03) (0.03)
Incorporated 0.05∗∗∗ 0.17∗∗∗ 0.17∗∗∗ 0.19∗∗∗

(0.02) (0.04) (0.04) (0.02)
Multiplant firm -0.00 -0.07∗∗ -0.07∗ 0.02

(0.03) (0.04) (0.04) (0.03)
Revenue 0.05∗∗∗ 0.08∗∗∗ 0.08∗∗∗ 0.06∗∗∗

(0.01) (0.01) (0.01) (0.01)

Observations 13540 13540 9304 9304 9304 9304 10740 10740

Sources: Authors’ calculations.

Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. All regres-

sions include region and industry fixed effects. Standard errors are robust and the regression is weighted by

employment totals. The variable “Entered” is a binary for whether an establishment entered between the

current and preceding census. The variable “Exiting” is a binary for whether an establishment will exit be-

tween the current and next census. Because of this timing convention, we only observe exit status in 1929

and 1933 and entry status in 1933 and 1935.

40



Table 7: Role of Establishment Exit on the Earnings per Worker Distribution

Difference between actual and counterfactual...
d7525 d7550 d5025 d9010 d9050 d5010

Panel A: Blue collar
1933 0.06 0.04 0.03 0.06 0.01 0.05

(0.03) (0.03) (0.01) (0.03) (0.03) (0.02)
1935 -0.01 0.00 -0.01 0.01 0.00 0.01

(0.01) (0.02) (0.02) (0.02) (0.02) (0.02)

Panel B: White collar
1933 0.07 0.02 0.05 0.16 0.03 0.14

(0.03) (0.02) (0.03) (0.04) (0.02) (0.04)
1935 0.04 0.00 0.04 0.13 0.01 0.11

(0.02) (0.01) (0.03) (0.15) (0.02) (0.14)

Sources: Authors’ calculations.

Notes: Standard errors are in parenthesis and are based on 50 bootstrap replications.

Each establishment is weighted by the number of workers in the particular “color”

group. All variables are log transformed. The statistic “d7525” denotes the difference

between the 75th and 25th percentiles; “d7550” difference between the 75th and 50th

percentiles; “d5025” difference between the 50th and 25th percentiles; “d9010” differ-

ence between the 90th and 10th percentiles; “d9050” difference between the 90th and

50th percentiles; and “d5010” difference between the 50th and 10th percentiles.
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Table 8: Role of Establishment Entry on the Earnings per Worker Distribution

Difference between actual and counterfactual...
d7525 d7550 d5025 d9010 d9050 d5010

Panel A: Blue collar
1929 0.01 0.00 0.01 0.01 0.01 0.01

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
1933 0.01 0.01 0.00 0.01 0.01 0.00

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Panel B: White collar
1929 0.02 0.01 0.00 -0.03 0.00 -0.04

(0.01) (0.01) (0.01) (0.02) (0.01) (0.02)
1935 -0.01 0.01 -0.01 0.01 0.01 0.00

(0.01) (0.01) (0.01) (0.02) (0.02) (0.01)

Sources: Authors’ calculations.

Notes: Standard errors are in parenthesis and are based on 50 bootstrap replications.

Each establishment is weighted by the number of workers in the particular “color”

group. All variables are log transformed. The statistic “d7525” denotes the difference

between the 75th and 25th percentiles; “d7550” difference between the 75th and 50th

percentiles; “d5025” difference between the 50th and 25th percentiles; “d9010” differ-

ence between the 90th and 10th percentiles; “d9050” difference between the 90th and

50th percentiles; and “d5010” difference between the 50th and 10th percentiles.
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Figure 1: Distributions of Earnings per Worker
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Sources: Authors’ calculations.
Notes: The earnings per worker variable for a particular group of employees is calculated as total earnings
of that group divided by total number of workers in that group. We report this variable in thousands of $
2015. In addition, the 1% tails of the distribution are winsorized. Employment weights are based on the
number of employees in a particular occupational group at a given establishment.
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Figure 2: JMP Decomposition of Earnings per Worker
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Sources: Authors’ calculations.
Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. These are
based on regressions in Table 4 controlling for log revenue, dummies for incorporation and multiplant
status as well as region and industry fixed effects as well as white collar status. 1929 is the base year.
The statistic “d9010” denotes the difference between the 90th and 10th percentiles. The statistic “d7525”
denotes the difference between the 75th and 25th percentiles.
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1 Representativeness of Our Sample

Our dataset is not a random sample from the Census of Manufactures (COM). Instead,
particular industries were selected for particular reasons and not for the purpose of creating
a representative sample overall. It is natural to ask to what extent the final sample with
which we work is representative of manufacturing as a whole during this period.

Our first set of comparisons examines the average size of establishments in the industries
in our sample versus those industries not in our sample. Using the published volumes, this
comparison can be done for revenue per establishment as well as blue collar employment and
earnings. We can also calculate revenue per blue collar worker as the ratio of total industry
revenue to total industry blue collar employment.

Figure 1 plots the difference in means between these two groups of industries for 1929
measured in units of the standard deviation of the variable. For example, the mean employ-
ment of industries in our sample is about 0.1 standard deviations smaller than for industries
not in our sample. There is basically no difference for revenue and while the differences are
larger for revenue and blue collar earnings per worker (though still smaller than 0.4 standard
deviations), these differences are not statistically significant. We conclude that along this
(admittedly limited) set of variables, our set of industries looks similar to industries not
included in our sample.

We next consider whether our sample is drawn from parts of the country with particular
economic and demographic characteristics. Figure 2 maps the percent of manufacturing
wage earners covered by our sample by county in 1929 compared to the totals reported
in the published volumes on the 1929 COM.1 Figures 3 and 4 redo these maps based on
coverage of the number of establishments and blue collar income. The patterns are similar

1These data were graciously given to us by Dave Donaldson, Richard Hornbeck, and Jamie Lee. We note
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to the figure based on employment. Coverage is high in South Carolina and Texas, for
example, and more spotty in the West.

Figure 5 compares some county-level economic and demographic characteristics as a func-
tion of the share of total manufacturing establishments covered by our sample. We report
the change in units of the standard deviation of the dependent variable of an increase in
the percentage covered from the 25th to 75th percentile. So, for example, increasing the
share covered from the 25th to 75th percentile is associated with an increase of slightly more
than 0.2 standard deviations of the log change in county population between 1920 and 1930.
Similarly, the vote share for the Democratic presidential nominee between 1896 and 1928,
the illiteracy rate, and the share of African Americans are positively associated with cover-
age by our sample. Turning to variables related to the severity of the Depression, we find
statistically significant effects on the share of banks that fail between 1929 and 1933, one
measure of the local severity of the Great Depression. On the other hand, the effect on the
log change in retail sales, another measure local severity, is not statistically significant and
the economic magnitude is very small. Figure 6 shows that these quantitative differences are
much smaller if we calculate the percentage of manufacturing covered using revenue instead
of number of establishments. Overall, we would argue that the demographic differences are
reflective of the fact that our sample covers up a large fraction of manufacturing in the
South. While this does translate into some demographic differences, on the balance, we do
not think our sample is drawn from areas that had particularly harsh (or easy) experiences
during the Depression.

2 Quality of the Datasource

We address two questions related to the quality of the underlying data.2 The first question
is whether the establishments in our sample represent a complete canvassing of all manufac-
turing establishments within the industries we consider. There are a number of reasons why
establishments could be missing. One possibility is that for some reason, the Census was not
able to enumerate all establishments in some given year. It is difficult to answer this question
since it requires access to some external data to validate the Census enumeration. For the
cement industry, Chicu, Vickers, and Ziebarth (2013) use industry trade publications that
listed all establishments in operating at this time and found that the Census was successful
in enumerating all such establishments. Hansen and Ziebarth (2017) compare the Census
records from Mississippi to records from Dun & Bradstreet and find close agreement between
the two as well. It is also possible that some records were lost after being tabulated. For
example, Ziebarth (2015) highlights one case where it does appear some schedules were lost
for the manufactured ice industry in Texas between being tabulated and transferred to the
National Archives for storage. In general, this worry is easy to address by comparing total

that the published volumes did not necessarily report the totals for each county for each census year. So
just under 10% of our sample does not have a corresponding match in the published volumes for 1929. This
might be due to confidentiality reasons on the part of the Census Bureau or just that it was simply was not
tabulated.

2We note that the papers by Ziebarth (2015) and Vickers and Ziebarth (2019) discuss in detail a number
of checks on the quality of this datasource.
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derived from our samples with those in the published volumes.
Underenumeration or the loss of schedules are very extreme forms of measurement error.

Even assuming these are not major worries, there is a question about whether the infor-
mation reported on the forms is accurate. These values are self-reported and, as far as we
know, not checked in any way against some administrative data source. Like the problem
of underenumeration, it is difficult to answer this question since it requires some (trusted)
external data source to validate the Census records. One industry where such an external
data source does exist is the cement industry. Chicu, Vickers, and Ziebarth (2013) take
advantage of a court case that required cement establishments to report their production
totals for a number of years that overlap with the Census. They find that production totals
reported by the establishments on the schedules are quite close to those reported by the
establishments to the court.

In a slightly different direction, Vickers and Ziebarth (2019) study whether edits made
by the Census Bureau to the forms are non-random. Many of the original schedules exhibit
markings that are clearly edits of what the establishments originally filled in. These markings
in some cases fix obvious mathematical mistakes on the part of the establishment. For
example, some of the fields on the schedules are supposed to be the sum of two other
fields and, in some cases, it is clear that the Census Bureau corrected a mistake by the
establishment in summing up the components. In other cases, it is harder to understand
what the mistake was in the first place since the edit simply involves crossing out one number
and writing in a new one with no explanation for the change. One potential problem is if
these edits were more likely to be made as, say, a function of an establishment’s size, which
would generate heteroskedastic measurement error. In the end, Vickers and Ziebarth (2019)
find no evidence that edits were more likely to occur for large establishments, and, conditional
on an edit being made, the probability of an upward revision is no different for large or small
establishments.

We conduct a new check on the quality of the data by examining the rates of rounding
(“value heaping”) over time.3 The idea is similar to the analysis of age heaping in historical
demographic data. If values of variables are too frequently rounded, this suggests a lack of
effort on the part of the person filling out the schedule and a higher chance of measurement
error. To operationalize this idea, we define a rounded value of a variable as one that ends
in 0 or 5. Bedford’s Law, an empirical regularity on the distribution of digits, predicts that
the distribution of digits after the first is close to uniform. Figure 7 shows the percentages of
rounded values for white and blue collar total earnings as well as total employees and revenue
in 1929, 1933, and 1935. There are differences in this percentage across the variables, and,
for 3 out of the 4 variables, there is a higher frequency of rounded values than predicted by
Bedford’s Law. This is prima facie evidence for “value heaping” and perhaps non-classical
measurement error. However, these percentages are quite stable over time. So by focusing on
differences over time, this form of measurement error does not contaminate the estimation
of trends.

3We thank the editor for suggesting this.
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3 Educational Attainment by Worker Skill

We interpret the distinction between salaried workers and wage earners as reflecting differ-
ences in educational attainment, a common measure of skill in the literature. To provide
supporting evidence for this interpretation, we turn to the 1% sample from the 1940 Popu-
lation Census. While the COM did not collect information on the educational attainment
of workers, the occupational description and industrial affiliation of these white collar and
blue collar worker categories can be matched to those in the Census of Population to obtain
information on the characteristics of workers in these different types of jobs. In particular,
IPUMS has coded occupations into 3 digit categories based on the 1950 occupational classi-
fication. We consider occupational codes 1 through 300 as white collar jobs and those with
codes 301 to 496 as blue collar.

Pooling together workers in all manufacturing industries and in all states, we find that
in 1940 only 17.2 percent of blue collar workers had years of schooling corresponding to
a high school degree or more. In contrast, 61.6 percent of white collar workers had at
least a high school degree. The median white collar worker has an educational attainment
of 12 years of school (exactly a high-school degree) while the median blue collar worker
had 8 years of schooling.4 We put this into a regression framework to predict educational
attainment based on the white versus blue collar distinction. We consider two definitions
of educational attainment: (1) high school graduate and (2) some college. We also consider
two specifications: (1) with no controls and (2) with controls for sex, race, industry and
state. Table 1 shows that there is a statistically and economically significant relationship
education and white collar employment. While not as good as directly observing educational
attainment of a worker, this shows that the “collar color” of a worker’s job carries considerable
information about his educational attainment.

4 JMP Decomposition: Robustness Checks

4.1 The Choice of Base Year

The results of the JMP decomposition are potentially sensitive to the choice of the base or
reference year. In the paper, we use the “first” year as the base year, meaning 1929. For
robustness, we show the results from using the “last” year, meaning 1935, as the reference
year.5 This also means we normalize values to 0 in 1935 instead of 1929 and so the figures
are “shifted up” relative to the those in the paper. Figure 10 shows the decomposition with
this reference year. Overall, the qualitative results are not much changed relative to the
results reported in the main body of the text. It is the case when using 1935 as a base year
versus 1929 that residuals play a more important role in explaining changes in the 90-10
differential. This comes at the “expense” of a smaller role played by prices.

4Note that the Census only asked about years of schooling not educational attainment directly. We
interpret 12 years of schooling or above as someone with a high school degree though this need not necessarily
be the case.

5We could also, in principle, use the average of the coefficients over the three years as the base “year” or
1933.
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4.2 Using Employment as the Measure of Establishment Size

In the text, we used the total revenue as our measure of establishment size. Figure 11 shows
the results of the JMP model using total employment instead as our measure of establishment
size. This is consistent with the approach taken by Atack, Bateman, and Margo (2004). The
differences between the results using this measure of size and those in the text are not
meaningful.

4.3 Winsorizing the Earnings Variables

In the main body of the text, we winsorized the earnings variables to mitigate the effect of
outliers on the regression results. Here we consider the effects of this choice by reporting the
results of the JMP regression without winsorizing the earnings variables. Figure 12 shows
the results using unwinsorized earnings variables. The results are nearly identical to those
using the winsorized earnings variables.

5 JMP Decomposition: Extensions

5.1 Durables vs. Nondurables

One interesting margin along which to split the sample is by whether the major product
of the industry produces a durable good or not. Figures 8 and 9 plot the distributions of
earnings for blue and white collar employees, respectively, separating industries that produce
a durable good from those that do not. Only for blue collar workers in durable industries do
we observe clear shifts in the earnings distribution over these years.6

Because the sharpest changes in the distribution of earnings were for blue collar workers,
and particularly in the durable goods industries, we perform the same JMP decomposition
for blue collar workers only, separately by nondurable and durable industries. Tables 2
and 3 show the regression results for nondurable and durable industries, respectively. The
striking differences are in the regional effects with larger penalties for being in the South and
smaller ones for other parts of the country (relative to New England) in non-durable goods
industries and the reverse for durable goods industries. In non-durable goods industries, the
coefficients on low income areas all increase from 1929 to 1933, after which there is a smaller
further increase. That is, there was regional convergence in these industries. In durable
goods industries, by contrast, there is a decline in the coefficients on low-income regions
from 1929 to 1933, but some reversal of this trend in two of the three regions, with the other
constant.

Turning to the decomposition, we plot the results for non-durable goods industries and
durables in Figures 13 and 14 respectively. The 90-10 difference is flat for non-durables,
while the 75-25 difference declines from 1929 and then is stable to 1935. The decomposition
suggests a complicated pattern for inequality: Prices are associated with an increase in the

6This finding casts doubt on one interpretation of all these results that the changes in the overall earnings
distribution are simply driven changes in measurement due to some quirk in how the 1933 COM was collected.
That theory could not explain why the differences in 1933 are only there for blue collar workers in durable
goods industries.
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90-10 difference and a decrease in the 75-25 difference. In contrast, residuals are associated
with a slight decline in inequality by 1935. Turning to durables, the prices are associated
with declines both from 1929 to 1933 and from 1933 to 1935. In contrast, residuals are
associated with an increase in inequality measures, particularly the 90-10 difference, before
returning to roughly the same level as in 1929 by 1935.

5.2 Earnings per Hour

For blue collar workers, it is possible to infer hourly earnings using questions on the “typical”
number of hours worked per week (assuming a constant number of weeks worked). An issue
is that the wording of these questions regarding hours are quite heterogeneous from year to
year. They include questions on the number of shifts, number of hours in operation, and the
“normal” number of hours worked in a week. Even the wording of the workweek question
changes from year to year, subtly affecting what is actually being reported. In 1929, the
Census asks establishments to report the “normal number of hours for the individual wage
earner” with the figures based on “practice followed during the year.” In 1933, the question
instead asks for the “number of hours the plant was operated (day shift only) during the
week including December 15.”7 That is, the question asked about one particular week rather
than the normal practice, as well as asking for the amount the establishment was operated
for the day shift as opposed to the length of the workweek per se. The 1935 form asks for the
“normal number of hours per week (day shift only)”, though the context of the form suggests
it is referring to establishment operating hours rather than individual workweeks. Because
of these differences in the questions across years, we only calculate earnings per hour in 1929
and 1935 for blue collar workers. To do this, we assume that all workers within a given
year work the same number of weeks. In this case, once we take the log transformation, this
constant will be irrelevant for measuring inequality. It would matter obviously if we were
interested in the mean of earnings per hour, but that is not our focus.

We now turn to examining the changes in the distribution of earnings per hour, as opposed
to annual earnings per worker. Panel A of Table 4 reports the changes in the distribution of
blue collar earnings per hour for 1929 and 1935, the only years where we have information
on hours worked. We find that this distribution became more compressed over this period,
for both the 75-25 and 90-10 differentials. The changes were larger in magnitude than those
observed for the per worker earnings distribution. Such a disconnect could be due to either
an increase in the dispersion of hours or an increase in the covariance between hours and
earnings per worker. Panel B reports the changes in the distribution of hours per wage earner
in 1929 and 1935. In 1935, the interquartile range is zero: Both the 75th percentile and 25th
percentile workweeks are 40 hours long. In 1929, there is more dispersion as measured by
the interquartile range. However, when the broader distribution is considered, the 90-10,
90-50, and 50-10 gaps are all unchanged from 1929 to 1935. Changes in the dispersion of the
workweek seem unlikely to explain the disconnect between the income and wage measures.
As we show below, the change in hours per worker was not uniform across the country: The
workweek declined in the low wage South more than in other regions. This larger decline

7This number is not representative of the year as a whole. For manufacturing, the average workweek in
1933 was 36.4, but only 33.8 in December (Beney, 1936, Table II). For this reason, we exclude 1933 when
we focus on hourly wages.
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in hours for the South offsets the relative gain in hourly wages for this area, so the overall
effects on the earnings distribution of these regional changes are somewhat muted.

Table 5 shows the regression results of specifications identical to the ones we estimated for
earnings. Notable here are the changes in the regional differences in earnings per hour. In
particular, earnings per hour in the South Atlantic and East South Central both increase by
29 log points while the West South Central region increases by 25 log points. This generates
substantial degree of regional convergence, more so than in annual earnings, with regions
all across the country catching up with New England. As with annual earnings, larger
establishments are associated with higher earnings per hour.

One way to reconcile the larger degree of regional convergence in earnings per hour com-
pared to that in earning per worker is if the hours worked changed differentially across
geographic regions. Table 6 shows the results of regressing the length of the log workweek
on the same set of variables as above. It is clear that regional convergence in workweeks is
crucial in explaining the disconnect between the results for earnings per worker compared to
those for earnings per hour. Note that in 1929, the South Atlantic, East South Central, and
West South Central regions, conditional on industry and observable firm characteristics, had
workweeks 6 to 10 log points longer than those in New England. By 1935, two of these three
regions had essentially no difference in workweeks, and the South Atlantic had workweeks 4
log points shorter than that in New England.

One interpretation of these results ccomes from the paper by Bernanke (1986), which
develops a model based on that in the paper by Lucas (1970). At the heart of the model is
an assumption that there are “economies or diseconomies of ‘bundling’ of worker-hours.” (pg.
219) So declines in hours worked driven by declines in labor demand unambiguously reduce
the marginal wage but the effect on the average wage, which is defined as total earnings
divided by total hours, is unclear. As Bernanke writes on pg. 217, “The rate at which
firms can reduce hourly earnings as the workweek falls depends on workers’ preferences and
reservation utilities. Especially at low levels of work and earnings, when consumption is
highly valued relative to leisure, it may not be possible to cut hourly earnings as sharply as
hours. . . Thus the wage, in other words, hourly earnings, may rise even as labor demand and
workweeks fall.” Bernanke quoting on pg. 217 from earlier work by Daugherty, Chazeau,
and Stratton (1937) reports on the experience of the iron and steel industry during the
1930s: “[F]irms’ desires to maintain their work forces relatively intact led them to adopt
‘staggered’ or ‘spread-work’ schedules under which many workers worked only a few days a
week. . . Firms must have recognized that their ability to keep cutting total earnings as the
workweek shortened was limited, since if workers could not attain a subsistence level in the
mill town they would be forced to try elsewhere. Thus real hourly earnings in iron and steel
rose. . . as the workweek was cut.” So as demand falls, the remaining employees have their
hours reduced to this practical minimum and, therefore, the earnings distribution becomes
more compressed.

6 Extensive Margin Analysis: Robustness Checks

Here we consider some robustness checks for our extensive margin analysis.
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6.1 Counterfactual Exit and Entry Distributions

In the text, we only reported the differences in the measures of inequality between the coun-
terfactual and actual distributions. For completeness, Figure 17 computes the counterfactual
blue and white collar earnings distributions that includes the distribution of earnings of in-
cumbent establishments and adds back in predicted earnings in 1933 for all establishments
that exited between 1929 and 1933. Figure 18 does the same calculation for 1935. Figures
19 and 20 show the entry counterfactual distributions for blue and white collar workers in
1933 and 1935, respectively.

6.2 State and Industry Fixed Effects Only

In the text, we imputed earnings and employment based on observables in the preceding
census. The idea was to regress earnings (and employment) growth rates for continuing
establishments on observable characteristics and then use the predicted values based on
exiting establishments observables. The assumption underlying such a method was that
exits were due completely to random events once we condition on these observables. Here
we consider a more limited set of observables: just state and industry fixed effects. Figure
21 shows the results for this approach. The difference between these results and those in
the text are negligible. For brevity, we just plot these distributions for 1933. Similar results
hold for 1935.

6.3 Employment Adjustment in Entry Counterfactual

In the text of the paper, we constructed a counterfactual distribution that removed the
earnings penalty associated with entry. We did not make any adjustments to the employment
of entrants to adjust for potential penalties there. Here we make those adjustments by
running regressions for employment on the same set of controls as earnings. For brevity,
we just plot these distributions for 1933. Similar results hold for 1935. We then construct
counterfactual levels of employment for entrants and use these as weights in estimating the
counterfactual density. Figure 22 shows this counterfactual density for 1933. This additional
adjustment does not make a substantial difference.
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Table 1: Educational Attainment by White Collar Status

(1) (2) (3) (4)
High school graduate Some college

White collar 0.44∗∗∗ 0.41∗∗∗ 0.21∗∗∗ 0.20∗∗∗

(0.01) (0.01) (0.00) (0.00)
Controls No Yes No Yes

Observations 30056 30056 30056 30056

Notes: These data are from the 1% sample of the 1940 Census of

Population. Estimates are based on a linear probability model re-

stricting to individuals employed in manufacturing industries and

between ages 20 and 65. The set of controls includes sex, race, age,

and age squared as well as state and industry fixed effects. Stan-

dard errors are robust.
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Table 2: Regressions of Blue Collar Earnings per Worker:
Non-durable Goods Industries

Blue collar earnings per worker
(1) (2) (3)

1929 1933 1935

Incorporated -0.01 0.10∗∗ -0.02
(0.02) (0.05) (0.02)

Multiplant firm 0.00 -0.02 0.02
(0.01) (0.01) (0.01)

Revenue 0.06∗∗∗ 0.05∗∗∗ 0.06∗∗∗

(0.01) (0.01) (0.01)
Mid-Atlantic 0.04 0.04 0.02

(0.03) (0.04) (0.03)
East North Central -0.02 -0.07∗ -0.02

(0.03) (0.03) (0.03)
West North Central -0.02 -0.09∗∗ -0.03

(0.03) (0.04) (0.03)
South Atlantic -0.39∗∗∗ -0.26∗∗∗ -0.21∗∗∗

(0.02) (0.02) (0.02)
East South Central -0.43∗∗∗ -0.23∗∗∗ -0.23∗∗∗

(0.03) (0.03) (0.03)
West South Central -0.27∗∗∗ -0.26∗∗∗ -0.20∗∗∗

(0.05) (0.04) (0.03)
Mountain 0.10∗ 0.07 0.07∗

(0.06) (0.07) (0.04)
Pacific 0.03 0.07∗ 0.08∗∗∗

(0.06) (0.04) (0.03)

Observations 11322 8607 9713
Year 1929 1933 1935

Notes: The earnings per worker variable is log transformed and

the 1% tails are winsorized. The set of controls includes log rev-

enue, dummies for incorporation and multiplant status as well as

region and industry fixed effects. An observation is an establish-

ment and each establishment is weighted by its number of blue

collar employees. The excluded region is New England. Standard

errors are robust.
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Table 3: Regressions of Blue Collar Earnings per Worker:
Durable Goods Industries

Blue collar earnings per worker
(1) (2) (3)

1929 1933 1935

Incorporated 0.01 -0.09∗∗ 0.07∗∗∗

(0.03) (0.04) (0.03)
Multiplant firm 0.02 0.02 0.02

(0.03) (0.04) (0.03)
Revenue 0.05∗∗∗ 0.09∗∗∗ 0.05∗∗∗

(0.01) (0.01) (0.01)
Mid-Atlantic -0.05 -0.18∗∗ -0.17∗∗

(0.05) (0.07) (0.07)
East North Central 0.02 -0.08 -0.16∗∗

(0.05) (0.07) (0.07)
West North Central -0.06 -0.28∗ -0.22∗∗

(0.05) (0.15) (0.10)
South Atlantic -0.20∗∗∗ -0.22∗∗∗ -0.21∗∗∗

(0.06) (0.08) (0.07)
East South Central -0.38∗∗∗ -0.32∗∗∗ -0.33∗∗∗

(0.07) (0.09) (0.09)
West South Central -0.31∗∗∗ -0.24∗∗∗ -0.31∗∗∗

(0.07) (0.09) (0.09)
Mountain 0.03 -0.11 -0.01

(0.08) (0.09) (0.09)
Pacific -0.04 0.00 -0.05

(0.06) (0.07) (0.07)

Observations 7269 3606 4747
Year 1929 1933 1935

Notes: The earnings per worker variable is log transformed and

the 1% tails are winsorized. The set of controls includes log rev-

enue, dummies for incorporation and multiplant status as well as

region and industry fixed effects. An observation is an establish-

ment and each establishment is weighted by its number of blue

collar employees. The excluded region is New England. Standard

errors are robust.
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Table 4: Summary Statistics of Earnings per Hours and Workweek

Difference between percentiles...
75-25 75-50 50-25 90-10 90-50 50-10

Panel A: Blue collar earnings per hour
1929 0.77 0.28 0.49 1.43 0.50 0.93
1935 0.68 0.27 0.41 1.10 0.47 0.63

Panel B: Blue collar hours per week
1929 0.14 0.10 0.04 0.29 0.18 0.11
1935 0.00 0.00 0.00 0.29 0.18 0.11

Notes: The statistics correspond to the difference between the two percentiles listed. Each establish-

ment is weighted by the number of workers in the particular “color” group. All variables are log trans-

formed. We do not have information on blue collar hours per week in 1933 because the variable on the

COM schedule for that year is not consistent with the other years. For earnings per hour, we assume

that all workers in a given year work the same number of weeks. This constant is differenced out when

we take the log transformation.
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Table 5: Regressions of Blue Collar Earnings per Hour

Blue collar earnings per hour
(1) (2)

1929 1935

Incorporated -0.01 0.03
(0.02) (0.02)

Multiplant firm 0.01 -0.00
(0.02) (0.02)

Revenue 0.06∗∗∗ 0.04∗∗∗

(0.01) (0.01)
Mid-Atlantic -0.11∗∗∗ -0.05

(0.03) (0.04)
East North Central -0.08∗∗ -0.06

(0.03) (0.04)
West North Central -0.14∗∗∗ -0.15∗∗

(0.03) (0.08)
South Atlantic -0.44∗∗∗ -0.15∗∗∗

(0.02) (0.03)
East South Central -0.54∗∗∗ -0.25∗∗∗

(0.04) (0.04)
West South Central -0.40∗∗∗ -0.25∗∗∗

(0.04) (0.06)
Mountain 0.03 -0.01

(0.06) (0.06)
Pacific -0.02 -0.01

(0.04) (0.04)

Observations 18563 14059
Year 1929 1935

Notes: The earnings per week variable is log transformed and

the 1% tails are winsorized. The set of controls includes log rev-

enue, dummies for incorporation and multiplant status as well

as region and industry fixed effects. An observation is an es-

tablishment and each establishment is weighted by its number

of blue collar employees. The excluded region is New England.

Standard errors are robust. The workweek variable is only re-

ported in 1929 and 1935 so we can only calculate this variable

in those two years. We assume that all workers work the same

number of weeks in a given year. Once we apply the log trans-

formation, this year-specific constant will be absorbed by the

year fixed effects.

14



Table 6: Regressions of Blue Collar Hours per Week

Blue collar hours per week
(1) (2)

1929 1935

Incorporated 0.01 -0.02
(0.01) (0.01)

Multiplant firm -0.00 0.02
(0.01) (0.01)

Revenue -0.00 0.01∗∗

(0.00) (0.00)
Mid-Atlantic 0.03∗∗∗ -0.03

(0.01) (0.02)
East North Central 0.03∗∗ -0.03

(0.01) (0.02)
West North Central 0.03∗∗ 0.01

(0.02) (0.02)
South Atlantic 0.08∗∗∗ -0.04∗∗∗

(0.01) (0.02)
East South Central 0.10∗∗∗ -0.00

(0.02) (0.02)
West South Central 0.06∗∗∗ 0.01

(0.02) (0.04)
Mountain -0.02 0.05

(0.02) (0.05)
Pacific -0.05∗∗∗ 0.03

(0.01) (0.02)

Observations 18775 14065
Year 1929 1935

Notes: The earnings per worker variable is log transformed

and the 1% tails are winsorized. The set of controls includes

log revenue, dummies for incorporation and multiplant sta-

tus as well as region and industry fixed effects. An observa-

tion is an establishment and each establishment is weighted

by its number of blue collar employees. The excluded region

is New England. Standard errors are robust. This variable is

only reported in 1929 and 1935.
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Figure 1: Comparing Industries in Our Sample to Those That Are Not

Blue collar workers

Revenue

Revenue per
blue collar worker

Earnings per
blue collar worker

-.2 0 .2 .4 .6 .8
Difference between in and out of sample

Notes: All variables are log transformed. We report the mean differences in 1929 industry-level averages measured
in units of the standard deviations of the dependent variables. 95% confidence intervals of the difference based on
robust standard errors are reported.
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Figure 2: Geographic Coverage of Our Sample: Wage Earners

Notes: The percentage of wage earners is the total number of wage earners in our sample in 1929 relative to
the total number of manufacturing wage earners reported in the published volume. “No data” means that a
county’s value was not reported in the published volume for 1929.
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Figure 3: Geographic Coverage of Our Sample: Establishments

Notes: The percentage of establishments is the total number of establishments in our sample in 1929 relative
to the total number of manufacturing establishments reported in the published volume. “No data” means that
a county’s value was not reported in the published volume for 1929.
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Figure 4: Geographic Coverage of Our Sample: Blue Collar Earnings

Notes: The percentage of blue collar income is the total blue collar income in our sample in 1929 relative to
the total blue collar income reported in the published volume. “No data” means that a county’s value was not
reported in the published volume for 1929.
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Figure 5: Comparing County Characteristics by Sample Coverage
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Percent illiterate
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Difference by percentage of establishments covered

Notes: We report the coefficient on the percentage of establishments covered by our sample in a county scaled by
the ratio of the 75th minus 25th percentile of this percentage. We report the effect in units of the standard deviation
of the dependent variable. 95% confidence intervals based robust standard errors are reported. The bank failure
rate is the share of ratio of the number of banks that fail between 1929 and 1932 relative to the number that exist
in 1929. The log change in retail sales is the change between the years of 1929 and 1933 (Neumann, Fishback, and
Kantor, 2010). Percent black, urban, and illiterate are all from the 1930 Population Census. The Democratic vote
share is the average share for the Democratic candidate in Presidential elections between 1896 and 1928. The log
change in population is between the years of 1920 and 1930.
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Figure 6: Comparing County Characteristics by Sample Coverage: Revenue

Bank failure rate

Log change in retail sales
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Difference by percentage of revenue covered

Notes: We report the coefficient on the percentage of total revenue covered by our sample in a county scaled by the
ratio of the 75th minus 25th percentile of this percentage. We report the effect in units of the standard deviation of
the dependent variable. 95% confidence intervals based robust standard errors are reported. The bank failure rate is
the share of ratio of the number of banks that fail between 1929 and 1932 relative to the number that exist in 1929.
The log change in retail sales is the change between the years of 1929 and 1933 (Neumann, Fishback, and Kantor,
2010). Percent black, urban, and illiterate are all from the 1930 Population Census. The Democratic vote share is
the average share for the Democratic candidate in Presidential elections between 1896 and 1928. The log change in
population is between the years of 1920 and 1930.
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Figure 7: Percentage of Rounded Values
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Notes: We define the value of a particular variable (white collar earnings, blue collar earnings, total employees, and
revenue) as “rounded” if it ends in a 0 or 5. In calculating the percentage, we equally weight each establishment.
Total employees is the sum of blue and white collar workers.

22



Figure 8: Distribution of Blue Collar Earnings per Worker by Durability of Product
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Notes: The earnings per worker variable for a particular group of employees is calculated as total earnings of that
group divided by total number of workers in that group. The 1% tails of the distribution are winsorized. We report
this variable in thousands of $ 2015. Durability is defined based on the industry’s product. Employment weights are
based on the number of blue collar employees at a given establishment.
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Figure 9: Distribution of White Collar Earnings by Durability
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Notes: The earnings per worker variable for a particular group of employees is calculated as total earnings of that
group divided by total number of workers in that group. The 1% tails of the distribution are winsorized. We report
this variable in thousands of $ 2015. Durability is defined based on the industry’s product. Employment weights are
used and based on the number of white collar employees at a given establishment.
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Figure 10: JMP Decomposition of Earnings per Worker: 1935 as Base Year
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Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. The regressions here
include the same set of controls as the JMP regressions in the main body of the text. The statistic “d9010” is the
difference between the 90th and 10th percentiles. The statistic “d7525” is the difference between the 75th and 25th
percentiles.

25



Figure 11: JMP Decomposition of Earnings per Worker: Employment as a Measure of Size
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Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. The regressions here
include the same set of controls as the JMP regressions in the main body of the text.The only difference is that we
have replaced revenue with employment as our measure of establishment size. The statistic “d9010” is the difference
between the 90th and 10th percentiles. The statistic “d7525” is the difference between the 75th and 25th percentiles.
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Figure 12: JMP Decomposition of Earnings per Worker: Unwinsorized
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Notes: The earnings variables is log transformed but not winsorized. The regressions here include the same set of
controls as the JMP regressions in the main body of the text. The statistic “d9010” is the difference between the
90th and 10th percentiles. The statistic “d7525” is the difference between the 75th and 25th percentiles.
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Figure 13: JMP Decomposition of Blue Collar Earnings per Worker: Non-durables
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Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. These are based on
regressions in Table 2 controlling for log revenue, dummies for incorporation and multiplant status as well as region
and industry fixed effects and restricted to non-durable goods industries. 1929 is the base year. The statistic “d9010”
is the difference between the 90th and 10th percentiles. The statistic “d7525” is the difference between the 75th and
25th percentiles.
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Figure 14: JMP Decomposition of Blue Collar Earnings per Worker: Durables
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Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. These are based on
regressions in Table 3 controlling for log revenue, dummies for incorporation and multiplant status as well as region
and industry fixed effects and restricted to durable goods industries. 1929 is the base year. The statistic “d9010” is
the difference between the 90th and 10th percentiles. The statistic “d7525” is the difference between the 75th and
25th percentiles.
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Figure 15: JMP Decomposition of Blue Collar Hourly Earnings
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Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. These are
based on regressions in Table 5 controlling for log revenue, dummies for incorporation and multiplant
status as well as region and industry fixed effects. 1929 is the base year. The statistic “d9010” is the
difference between the 90th and 10th percentiles. The statistic “d7525” is the difference between the 75th
and 25th percentiles.
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Figure 16: JMP Decomposition of Blue Collar Workweeks
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Notes: The workweek variable is log transformed and the 1% tails are winsorized. These are based on
regressions in Table 6 controlling for log revenue, dummies for incorporation and multiplant status as
well as region and industry fixed effects. 1929 is the base year. The statistic “d9010” is the difference
between the 90th and 10th percentiles. The statistic “d7525” is the difference between the 75th and 25th
percentiles.
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Figure 17: Exit Counterfactual Earnings per Worker Distribution: 1933
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Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. The
“Counterfactual” distribution imputes earnings per worker for establishments that exit between 1929
and 1933 based on 1929 observables including establishment size as well as industry and state fixed
effects. The distribution and regressions use weights based on the number of employees in a particular
occupational group at a given establishment. Employment for exiting establishments is imputed based
on predicted values of employment growth rates using the same set of observables used to predict
earnings. The “Actual” distribution excludes any establishments that entered in 1933.
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Figure 18: Exit Counterfactual Earnings per Worker Distribution: 1935
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Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. The
“Counterfactual” distribution imputes earnings per worker for establishments that exit between 1933
and 1935 based on 1933 characteristics that include establishment size as well as industry and state
fixed effects. The distribution and regressions use weights based on the number of employees in a par-
ticular occupational group at a given establishment. Employment weights for exiting establishments
is imputed based on predicted values of employment growth rates using the same set of observables
used to predict earnings growth. The “Actual” distribution excludes any establishments that entered
in 1935.

33



Figure 19: Entry Counterfactual Earnings per Worker Distribution: 1933
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Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. The
“Counterfactual” distribution removes the effect associated with entry based on a regression of earn-
ings per worker that includes log revenue, dummies for incorporation and multiplant status as well as
region and industry fixed effects. The distribution and regressions use weights based on the number
of employees in a particular occupational group at a given establishment.
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Figure 20: Entry Counterfactual Earnings per Worker Distribution: 1935
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Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. The
“Counterfactual” distribution removes the penalty associated with entry based on a regression of
earnings per worker that includes log revenue, dummies for incorporation and multiplant status as
well as region and industry fixed effects. Employment weights are based on the number of employees
in a particular occupational group at a given establishment.
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Figure 21: 1933 Exit Counterfactual Earnings per Worker Distribution:
Limited Observables
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Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. The
“Counterfactual” distribution imputes earnings and employments for establishments that exit between
1929 and 1933 based on state and industry specific growth rates of earnings. Employment weights
are based on the number of employees in a particular occupational group at a given establishment.
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Figure 22: 1933 Entry Counterfactual Earnings per Worker Distribution:
Employment Adjustment
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Notes: The earnings per worker variable is log transformed and the 1% tails are winsorized. The
“Counterfactual” distribution removes the effect of entry on earnings based on a regression that
includes log revenue, dummies for incorporation and multiplant status as well as region and industry
fixed effects. Employment weights are based on the number of employees in a particular occupa-
tional group at a given establishment. We adjust the employment of entering establishments by
removing any employment penalty associated with entry after controlling for log revenue, dummies
for incorporation and multiplant status as well as region and industry fixed effects.
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