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Abstract

Using a unique dataset covering all US firms, we investigate a specific type of nonhomothe-
ticities in production that links a firm’s skill intensity to its scale. We document the presence
of these non-homotheticities in all two-digit sectors except transportation and real estate. In
11 out of 17 non-homothetic sectors, skill intensity increases with the firm scale, while in the
remaining 6 sectors, larger scale reduces skill intensity. We study how scale affects a firm’s
efficiency units per worker and contributes to variation in skill intensity. Scale is about as im-
portant as skill-biased technological change (SBTC) in explaining variation in skill intensity
both in the cross section and the time series from 2000 to 2018. However, scale plays a more
relevant role than SBTC in shaping the differential evolution in skill intensity between firms at

the top and bottom quartiles of the firm growth distribution.
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1 Introduction

Homothetic production functions are characterized by scale-independent relative factor shares,
for given relative input prices. In non-homothetic formulations, instead, the relative factor inten-
sity changes with the scale of operation, for given factor prices. Despite the wide-spread use of
homothetic production functions, it is readily apparent that an expansion in scale can asymmet-
rically affect production factors. For example, an increase in the demand for specialized services
may induce a firm to hire more skilled workers. In this case, scale leads to an increase in the skill
intensity of the firm. Conversely, a firm may grow by adding more establishments while preserv-
ing the scale of the headquarters which may be more skill-intensive. In this case, scale leads to
a reduction in the firm’ skill intensity. The fact that these realistic illustrations are ruled out by
the specifications posed in the majority of analyses suggests that the homotheticity of firm-level
production is an understudied question.

In this paper, we explore a specific form of non-homotheticity in production, which introduces
a scale effect on the mix of skilled and unskilled workers employed by a firm. To motivate our
study, we consider two specific sectors: finance (NAICS code 521) and retail trade (NAICS codes
44-45). In each sector, we construct firm-level measures of the wage bill share of high-skilled
workers, which we refer to as skill intensity, or simply skill. We also construct a proxy measure
of scale by dividing the firm’s wage bill by the average wage it pays to low-skilled workers. We
then residualize the logarithms of these skill and scale measures by regressing them on the firm’s
relative wage of high- to low-skilled workers, four-digit industry dummies, and year dummies.
Figures 1A and 1B show the bin-scatter plots of residual skill against residual scale for each sector
(1A for finance and 1B for retail).

In a homothetic environment, there should be no relationship between these two variables.
However, residual skill is strongly associated with residual scale for firms in both the finance and
retail trade sectors. Interestingly, the associations differ markedly between the two sectors. While
we observe a very strong positive association between skill and scale in finance, the association is
strongly negative in retail.

These relationships, however, could result from omitted variable bias. For example, skilled-
biased productivity differences across firms could be correlated with their scale, leading to a spu-
rious association between scale and skill. It is unclear, though, why skilled-biased productivity

would be positively associated with scale in finance and negatively in retail. A competing explana-



tion for the relationships between scale and skill in Figure 1 is that production is non-homothetic.
In some sectors, as firms grow, production becomes more skill-intensive because growing firms
require a larger proportion of skilled workers (e.g., more financial advisors and fewer secretaries).
In other sectors, as firms grow, they require a larger share of unskilled workers (e.g., more store-
front workers and relatively fewer store managers). Importantly, the variation in firm scale would
be independent of the relative productivity of skilled versus unskilled workers in the firm.

To investigate the presence of non-homotheticities in production, we specify a flexible produc-
tion structure that nests both homothetic and non-homothetic cases. The production function has
two layers. The outer layer is a generalized Cobb-Douglas aggregator of capital and efficiency
units of labor with potentially time-varying elasticities. The inner layer is an extension of the non-
homothetic-CES aggregator in Hanoch (1975b) and Comin et al. (2021), which implicitly defines
the number of efficiency units used in production as a function of the number of skilled and un-
skilled workers employed. Unlike Hanoch (1975b) and Comin et al. (2021), our aggregator allows
for the possibility of time-varying taste parameters that capture skilled-biased technical change.

Using the first-order conditions, we derive a reduced-form expression for the (log) wage bill
share of high-skilled relative to low-skilled workers. As in standard homothetic models, this de-
pends on SBTC and on the relative wages of high- and low-skilled workers. Additionally, the
non-homotheticities introduce a third driver of the relative wage bill share, which depends on the
scale of the firm.

To identify the structural parameters of the production function for each sector, we construct
six shift-share variables that instrument for the firm’s relative wages and scale. The first instru-
ment captures shifts in local labor supply induced by predicted migration flows from Latin Amer-
ica across locations. The second instrument reflects predicted demand shifts induced by changes
in state-level median income in non-homothetic demand systems. The third and fourth instru-
ments represent counterfactual wages for high- and low-skill workers paid by competitors in the
same state.The final two instruments capture predicted changes in the population of individuals
over 65 years old and female populations, using 20-year lagged demographic data at the county
level. All these instruments are based on shifters that are common across firms in a given US lo-
cation and that are apportioned based on firm-specific shares. The exogeneity of the instruments
is therefore warranted by the exogenity of the shift components to the firm employment choices.

To estimate the model, we create a unique dataset that covers all firms in the US from 2000

to 2018. The dataset combines information on firm-level wage bills, number of employees, sec-



Figure 1: Scale and Skill. Partial Correlations for Two Industries

(a) Finance

Residual skill
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Residual scale

(b) Retail

Residual skill

-1 0 1 2 3
Residual scale

Notes: The plots report binned scatter plots of the partial correlations between scale and skill.

tor, and location from the Quarterly Census of Employment and Wages (QCEW) with detailed
information on the number of employees and average salaries by occupation from the Occupa-
tional Employment and Wage Statistics (OEWS). We complement this data with information from
the Census Bureau, the Bureau of Labor Statistics (BLS), and the Consumer Expenditure Survey
(CEX) to construct the instruments.

Our model estimates reveal the systematic presence of non-homotheticities in production. In

18 out of the 19 2-digit sectors of the US economy, we reject the null hypothesis of homothetic



production, with transportation being the sole exception. Interestingly, there is significant hetero-
geneity across sectors both in terms of the magnitude and direction of non-homotheticities. In 11
of the 17 non-homothetic sectors, which we denote as skilled-elastic, an increase in the number
of efficiency units of labor induces firms to become more skill-intensive. These sectors include
mining, utilities, construction, wholesale trade, information, finance and insurance, professional
services, education, healthcare, and arts, entertainment, and recreation. In the remaining six sec-
tors, denoted as unskilled-elastic, an increase in the firm’s scale leads to a reduction in skill in-
tensity. Importantly, the estimates of skill-elasticity are robust to allowing SBTC to differ across
firms in different quartiles/deciles of the firm-growth distribution. In addition to providing fur-
ther reassurance about the exogeneity of the instruments, this result suggests that the causal effect
of scale on skill identified in our baseline specification reflects the pressence of production non-
homotheticities rather than endogenous responses of SBTC to changes in firm” scale.

Non-homotheticities in production have profound implications for a number of first order
issues which include firm-level productivity, the dispersion in revenue-based measures of pro-
ductivity across firms and the misallocation of factors of production, and the measurement of
marginal costs and markups. We apply the estimated production functions to explore the impli-
cations of non-homotheticities for the number of efficiency units per worker and the skill intensity
of firms.

The relationship between scale and the efficiency units of labor per worker depends on a pa-
rameter that also governs the relationship between marginal and average cost of efficiency units
of labor. When the marginal cost is lower than the average cost, the firm faces increasing returns
to scale and an increase in scale leads to an increase in the number of efficiency units per worker.
The effect is the opposite when the marginal cost of efficiency units of labor is higher than the
average cost. Our data is completely consistent with these model predictions.

We use our model, data, and estimates to evaluate the accuracy of the model predictions for
tirms” skill intensity, it’s evolution and the drivers behind its variation. The model’s explanatory
power is remarkable. It accounts for 42% of the variance of (log) skill across firms. It precisely
predicts the average increase in skill across the firms in each sector. Going beyond the average
evolution of skill, We document that there is significant differences in the change in skill between
fast- and slow-growing firms in a sector. Our model accounts for roughly half of this differential
evolution of skill.

In homothetic environments, a firm” skill is determined by the level of skilled biased produc-



tivity and by the relative wages of skilled and unskilled workers. Non-homotheticities introduce
a third driver: scale. We find that the two main drivers of the variation in skill across firms and of
the average change in skill are skilled-biased technical change (SBTC) and scale, which are roughly
equally important. However, scale is much more relevant than SBTC for the differential evolution

of skill between fast- and slow-growing firms.

Related Literature Our analysis is related to several literatures. Our main contribution of doc-
umenting the presence of non-homotheticties in production is related to an extensive literature
that has estimated production functions at the firm level. Studies in this area have targeted spe-
cific parameters and properties such as the returns to scale (e.g., Maksimovic and Phillips, 2001,
2002), the elasticity of substitution between capital and labor (Oberfield and Raval, 2021), the
elasticity of substitution between high- and low-skilled workers (Katz and Murphy, 1992), or non-
homotheticities that impact the capital intensity (Lashkari et al., 2024). The closest paper to ours
is Trottner (2022) who studies the impact of expansions in sales driven by trade on the worker
mix of German manufacturing establishments. In addition to some significant methodological
differences we describe in section xx, our paper contributes to the literature in two dimensions.
First, by covering all sectors of the economy, we can document the genericity of production non-
homotheticities as well as the heterogeneity in sign and magnitude across sectors. Second, we
consider that the relevant unit of analysis to study non-homotheticties is the firm rather than the
establishment, as firms often grow by adding establishments and this process impacts the firm’s
worker mix. This may well may explain the different sign in the skill-elasticity we find for manu-
facturing.!

Non-homotheticities in production provide a theory of the efficiency units per worker which
has implications for the measurement and estimation of productivity. This connects our paper
to two large literatures. First, the dispersion in TFPR (Restuccia and Rogerson, 2008; Hsieh and
Klenow, 2009) which has interpreted variation across firms in TFPR as indication of markups and
other distortions. Second, to the estimation of firm-level TFP, which typically relies on homothetic
production structures (see De Loecker and Syverson, 2021 and the references therein)

More directly, our exploration of the implications of non-homotheticities for skill intensity is
related to the literature on the drivers of inequality. This literature has differentiated between

factors that affect the share of skill-intensive firms/sectors and factors that affect the skill intensity

IThe estimation of the skill-elasticity is just one of the many contributions in Trottner (2022). For example, he
develops a rich model of wage determination and studies the impact of trade expansions on both prices and quantities.
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of firms within sectors. The first group includes trade (Autor et al., 2013), sectoral productivity
differences (Barany and Siegel, 2019, 2020) and income growth (Comin et al., 2020). The second
has been traditionally reduced to SBTC (e.g., Acemoglu and Autor, 2011). Our paper shows that
in addition to SBTC, scale also affects the skill intensity of firms, and its omission provides a
biased account of the drivers of inequality. WE show that scale is as important as SBTC in driving
the average skill intensity of firms, and that differences is firm growth account for much of the
variation in the evolution of skill intensity across the firms in any given sector.

The rest of the paper is structured as follows. Section 2 introduces a model of input choice
when production is non-homothetic. Section 3 introduces the QCEW and OEWS datasets that
we use to construct our data. Section 4 presents the estimation. Section 5 studies the model
predictions for the drivers of efficiency units of labor per worker. Section 6 studies accuracy of the
model predictions for skill across firms and its evolution as well as the role of various drivers of

skill in the model. Section 7 concludes.

2 Model

2.1 Production

The output of firm f, which operates in sector s (Yy;), is characterized by a generalized Cobb-
Douglas function (1) that combines capital (K¢;;) and efficiency units of labor (Lys). Here, Z
represents the level of TFP in firm f, and B, denotes the (time-varying) elasticity of output with
respect to efficiency units of labor.

Yra = Zpalf K P (1)

Efficiency units of labor are produced by combining workers of different skill levels or occu-
pations according to the non-homothetic, constant elasticity of substitution (nh-CES) aggregator
(2). Specifically, Ly is an implicit function of the number of high- (H) and low-skilled (L) workers
employed by firm f, denoted generically by L, s, where o = {H, L}. 05 represents the elasticity
of substitution between high- and low-skilled workers. ¢€,; governs the elasticity of demand of

workers in occupation o with respect to the firm scale measured by the number of efficiency units,



Lfs: When g5 = 1 — 05 Vo, (2) is the standard homothetic-CES.
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The nh-CES aggregator (2) allows for three parameter configurations. The first corresponds to
0s € [0,1) and €5 > 0. In this case, workers in different occupations of sector s are complements.
The second configuration corresponds to o5 € (1,00) and €, < 0 in which workers in the different
occupations of sector s are substitutes. The third corresponds to the case where the elasticity of

substitution between occupations is unitary, c; = 1, and €,s > 0. In this case, (2) converges to?
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Without loss of generality, we can normalize one €, in each sector. Accordingly, when o5 # 1,
we set £ = 1 — 05, and express £ys as €X - (1 — 05), where e} = gy;/€;. When 0, = 1, we
normalize €7 = 1 and €ys = ef. Importantly, 81; and o, differ across sectors but are the same for
the firms within each sector. We study the empirical support for this assumption below.

Yofst affects the intensity of occupation o in the production of efficiency units of labor and
satisfies o5t > 0,Vo, and }, 7,5+ = 1. Increases in 7,¢ reflect occupation-biased technical
change caused, for example, by differential productivity growth of high- and low-skilled workers

or by changes in the share of tasks conducted by high- and low-skilled workers (e.g., Zeira, 1998,
Acemoglu and Autor (2011)).3

2See Appendix A.2
39, st captures occupation-biased technical change because, other things equal, it has a positive effect on the pro-

ductivity of employment in occupation o, and a negative effect on the productivity of employment in occupation o’.
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Differential increases in the productivity of an occupation can be caused either by different TFP processes or by




We start by modeling 7, as the product of a firm random effect, p,r, and a sectoral time
dummy, y,st, common to the firms in the sector. Later we consider formulations that allow for
different time dummies across firms in different growth quartiles/deciles in a sector. In principle,
the specific formulation of 7, r;; does not impact the estimation of the other structural parameters
because we rely on exogenous variation induced by instrumental variables to identify them.

The nh-CES aggregator (2), is similar to that introduced by Hanoch (1975b) and used by Trot-
tner (2022), with two important differences. First, the occupation-specific productivity parameters
(7Yofst) vary over time to reflect skilled-biased technical change. Second, the aggregator defines an
index of efficiency units of labor instead of output. In section (4.1) we discuss the implications of

this difference for the analysis.

2.2 Input demand

Let MCy; be the marginal cost of production of firm f in sector s. Optimal input choice satisfies:
(1 - ﬁst)MCfststt = RtPCthst 3)

Bst MCrotYfst = Wyt Lsot (4)

where Wfst is the marginal cost of an efficiency unit of labor in firm f. Wfst is related to the

average cost per efficiency unit of labor by

WBf
L

Wfst = &fst—7 (5)

where WByy = Y, WortLofst is the wage bill of firm f, and g¢ = 1+« Hfst( —1) is the inverse
of the scale elasticity (Hanoch, 1975b). Equation (5) shows that the scale elasticity introduces a

wedge between the marginal and the average cost of efficiency units of labor. When g5 < 1, the

capital-skill complementaries (e.g., Krusell et al., 2000). Our production structure captures capital-skilled complemen-
tarity by making 7, ¢ a function of the amount of capital employed in production. That is ,r5; = Yo, (K fst) where
9vh,s(K)/9K > 0,and 97y s(K) /0K < 0. In this environment the FOC for capital differs from (3) below, as now the firm
internalizes the impact that capital has on the number of efficiency units, given the number of skilled and unskilled
workers employed. This effect does not affect our analysis which builds exclusively on the firm choices of high- and

low-skilled workers. ;
1 -1 1 o101

In homothetic formulations of task-based production functions, Yy = Zg; |v{; Ly ft + 1L, ft , where yy; =
If 1
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marginal cost is lower than the average cost. In this case, the firm faces increasing returns to scale
(IRS). When &¢s; > 1, the marginal cost of efficiency units of labor is greater than the average cost
inducing decreasing returns to scale (DRS). When &; = 1, marginal and average costs coincide
and the firm faces constant returns to scale (CRS). Because apysy € (0,1), the returns to scale
depend on whether &R is greater (DRS) or smaller (IRS) than 1. Note that, in our model, this
parameter does not vary within a sector.

L is implicitly defined by (2) and by the optimal mix of workers of each occupation in firm

f, which is given by:

WBy o B
Lofst = Yost <Woft > Ljfst (6)

The equivalent expression in the unit-elastic case:

Wstt 'YostL]gr‘;St

L, fst = 7, )
Woft Zo’ r)’o’stLjrasts
2.3 Skill
Given (6), the share of occupation o in the wage bill of firm f is
_ WoftLofst Wstt a1 Tos
Rofst = “WBr Yost (Woft> L 8)

Using (5) to replace WBy,;, we can express the share of high-skilled workers in the wage bill of

firm f as

Relative Wage effect

~Non-homotheticities
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This is our measure of skill intensity which we refer to as ”skill”. In the case where o5 = 1, the
firm skill is given by

R
’)/HfstLj‘sst

XHfst = (10)
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In our model, there are three potential drivers of the firm’s skill (see equation (9)). As in the
homothetic case, skill is affected by skilled-biased technical change and relative wages. Other

things equal, the demand of high-skilled workers increases with SBTC. Additionally, when high-



and low-skilled workers are substitutes (i.e., o5 > 1), higher skilled wages relative to the average
cost of L reduce the firm” skill, apfs. In non-homothetic environments there is a third driver
of skill in expression (9): scale. The number of efficiency units of labor affects the optimal mix
of high- and low-skilled workers. In skill-elastic sectors ((¢X — 1) * (1 — ¢5) > 0), other things
equal, larger firms demand relatively more high-skilled workers. Conversely, in unskilled-elastic
sectors ((¢® — 1) x (1 — 05) < 0), other things equal, larger firms demand relatively more low-
skilled workers. Therefore, whenever eX £ 1 the firm” skill depends on the firm’ scale and on the
scale elasticity in the sector. In the case where 0; = 1, the firm’ skill is given by equation (10). As it
is well known, in the unit-elastic case, relative wages do not affect skill intensity. However, scale

may also impact skill. The skill-elasticity in this case is €& — 1.

2.4 Efficiency units per worker

The production aggregator (2) defines the number of efficiency units of labor in a firm. A natural
question is how this differs from the number of workers employed in the firm. Next, we explore
the relationship between the number of efficiency units L¢; and the total number of employees,

Lggt = Y Lfost- Using the production function aggregator, we express Ly as

Js
os—1

os—1
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fs ;( osth g ) Lfst fs
Weight Composition

This expression shows that the number of efficiency units of labor per worker, L/ L fst can be

affected by factors that change the weights of skilled and unskilled workers in the aggregator or

ofcr

the composition of the firm’s labor force. To gain further insights, we use the FOCs to express i
st
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Wfsf/s%sr ¢ L205+0'5L ')‘ost Lgos"‘a
L T\ T ) BRTT et
L o s o Yos £ b+(7L
LfSt Wfo Z ')’ost L804+UL Zo (:slt Lfost ’
gfst 0 t fst Wi

(12)

O

Substituting in (11) we obtain
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Imposing our normalization for the case of two occupations, (13) simplifies to:
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Proposition 1 studies how scale and relative wages affect the gap between the number of effi-

ciency units and the number of employees in a firm.

Proposition 1 Suppose that W/ Wi > 1. Other things equal, the number of efficiency units per worker
in afirm, Ly /Ly,

a) increases with the relative wage of low-skilled workers, Wry/ Wy,
b) increases (decreases) with the scale, Lsy, if €X < (>)1.

Proof: See Appendix.

The intuition of these results is as follows. Other things equal, relative wages affect L/ ffst
through the composition of employment but not through the weights of each occupation in the
aggregator. An increase in Wy;/Wpg; increases Lyf/Liss;. This leads to higher Lg;/ ffst if the

marginal product of high-skilled workers is greater than low-skilled workers (i.e., 2= > aaTL). But

9Ly
JL
since in the optimum 5L = WH’ , this is the case whenever WHf > 1. It is worth noting that part (a)
aLy

of the proposition is 1rrespect1ve of the value of e} Therefore, it holds also in the homothetic case
(5 =1).

The intuition for part b is more convoluted because Ly affects both the ratio of skilled to un-
skilled workers, Lyf/Lrfs, and the weight of skilled workers in the aggregator (14). As we

show in the Appendix, the effect on the weight dominates and we focus on its intuition, next.
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Other things equal, an increase in the weight of skilled workers leads to an increase in L/ L ot if
skilled and unskilled labor are substitutes (i.e. o5 > 1), and to a reduction if they are complements.
The skilled weight increases with Ly if (eX —1)(1 — ;) > 0. Therefore, L; increases the weight of
skilled workers in (14) and this leads to an increase in L/ ffst only when eR < 1. Similarly, an
increase in scale leads to a reduction in the skilled workers weight if (e} —1)(1 — 05) < 0. Other
things equal, a reduction in the skilled workers weight leads to an increase in Ly / ffst if skilled
and unskilled workers are complements (i.e. s < 1). But for these two conditions to hold, ek <14
Part b of Proposition 1 implies that scale increases the number of efficiency units per worker only
when there are increasing returns to scale (i.e. marginal cost of an efficiency unit of labor is smaller

than the average cost).

3 Data

We rely on two Bureau of Labor Statistics” (BLS) data sources, the Occupational Employment and
Wage Statistics (OEWS) program and the Quarterly Census of Employment and Wages (QCEW).
The QCEW is built from the administrative state tax filings of the Unemployment Insurance Sys-
tem (supplemented with other information). It provides detailed industry (6-digit NAICS), own-
ership, geography (exact address), and overall employment and wage levels over time for every
establishment in the United States that is covered by the Unemployment Insurance System. The
OEWS sample is based on the QCEW frame. The program surveys roughly 200,000 establishments
each May and November. OEWS respondents report employment counts by detailed occupation
and wage intervals.

We exploit the detailed establishment characteristics available in both the OEWS and QCEW
to either directly observe or impute occupational employment and wages for every establishment

in QCEW. In brief, let

O = Ry UN;

where (); represents the set of establishments in the QCEW at date t, R; represents the set

“The intuition for the dominated effect (through the occupation mix) is as follows. An increase in the ratio
Lygst/ Lot has a positive effect on Lgg; / L ¢ if the marginal product of skilled workers is larger than unskilled workers.

However, unlike relative wages, the effect of scale on Ly s/ Ly r depends on the scale elasticity. If (eR—1)(1—05) >0

an increase in scale increases the ratio of skilled to unskilled workers, and if %—Z’ > 1 this leads to an increase in the
number of efficiency units per worker.
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of QCEW establishments that responded to the OEWS within the six closest OEWS panels, and
N; represents the set of QCEW establishments that did not respond to the OEWS over the same
period, either because the unit was not sampled or it did not respond to the survey.” We directly
observe OEWS outcomes for the units in R; and we impute OEWS outcomes for units in N;.

We employ a hierarchical imputation approach to find the single best donor based on how
well OEWS respondents match non-responding QCEW frame units based on firm identify or the
federal Employer Tax Identification Number (EIN), industry (six-digit NAICS), employment, and
geography:.

The first level of the hierarchy attempts to find a similarly sized OEWS respondent in the same
firm and in the same six-digit industry.® Subsequent levels of the hierarchy attempt to find a
similarly sized OEWS respondent in the same six-digit industry where we sequentially relax the
level at which the frame unit and OEWS respondent match geographically from county to MSA
to state and urban-rural status. At the lowest levels of the imputation hierarchy, we completely
ignore geographic proximity, relax the level at which industries must match, and allow for larger
employment differences between the frame unit and OEWS respondent.

For the private sector portion of the May 2017 QCEW frame, roughly 7% of units are OEWS
respondents. These employers account for nearly 25% of total employment. In addition, nearly
16% of frame units accounting for 16% of total employment are imputed from similarly sized
OEWS respondents in the same EIN and six-digit industry. In total, this means that slightly more
than 40% of employment is assigned an occupation and wage based on data from a similarly sized
OEWS respondent at the same firm in the same detailed industry.

The remaining data is generally imputed from a similarly sized OEWS respondent in the same
six-digit industry and state. Nearly 73% of units and slightly more than 52% of employment is
imputed using OEWS respondents at these levels of the hierarchy and, in fact, most of this data
is imputed using matches within the same MSA. In addition, roughly 4% of units and 6% of
employment is imputed from similarly sized OEWS respondents in the same six-digit industry,

but outside of the state. Only about 0.4% of employment is imputed from an OEWS respondent

5The OEWS samples establishments at most once over six consecutive panels. Therefore, a full six panel OEWS
surveys approximately 1.2 million unique establishments. For the purposes of constructing these population level
datasets, we use OEWS respondents from the three panels prior, the concurrent panel, and two panels in the future.
For example, for the May 2018 QCEW frame, we use OEWS data from November 2016, May and November 2017, May
and November 2018, and May 2019.

5We define employment proximity as the absolute difference between the employment of the QCEW unit and the
OEWS respondent divided by the average employment level of the two. We define similarly sized establishments when
this measure is below 0.2. For example, if the frame unit has 100 workers, the OEWS respondent must be between 67
and 150 workers.
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that does not match the frame unit at the six-digit NAICS level and only about 1% of employment
is imputed from an OEWS respondent where employment levels differ by more than 20%.
Since imputed data for a QCEW frame unit may come from an OEWS respondent with a dif-

ferent employment level, we adjust occupational employment levels such that

Ljet = Ljrt X Ei

where Lj,; represents employment in detailed occupation j at frame unit e in time ¢, L;,; indicates
occupation j employment at OEWS respondent r, and L,; and L,; denote total employment at the
frame unit and OEWS respondent, respectively. Essentially we keep the staffing pattern (i.e., oc-
cupational shares of employment) of the OEWS respondent fixed, but adjust employment levels
to correspond to the size of the QCEW frame unit. Similarly, since the frame unit and OEWS re-
spondent may be located in different geographic area or the OEWS unit may have responded at a
past or future time period, we make geographic and time adjustments to the observed occupation-
establishment wages so that the imputed wages of frame units are in local MSA and current dol-
lars.

In addition to using the QCEW frame to define employment levels of establishments and sub-
sequently firms, we also use the QCEW earnings data to define the total wage bill of firms. We
define the total wage bill of firm-sector (roughly 2-digit NAICS with a couple exceptions) obser-
vations as the total annual earnings reported in the QCEW.

We map detailed occupations into our two highly aggregate occupations according to the typ-
ical education level required for entry into the occupation. Occupations that require a Bachelor’s
degree or higher are assigned to the high skill occupation and all other occupations are assigned
to the low skill occupation.”

In our analysis, we restrict attention to firms with at least 20 employees with both high- and
low-skilled workers. Additionally, we construct a balanced panel by requiring firms to appear in
all the 7 periods we cover from 2000 to 2018. This restriction eliminates potential biases in the
estimates by entry and exit (e.g., from different levels of skilled-biased productivity of firms that

enter or exit the sample).

7See Education and training assignments by detailed occupation : U.S. Bureau of Labor Statistics (bls.gov) for the
mapping between detailed occupation and required education level. In our mapping, we make ten exceptions where
we map an occupation that does not require a Bachelor’s degree into the high skill occupation. In all cases, these
occupations require long-term on-the-job training. Almost all these occupations are in the Arts and Entertainment
major occupation group. The list includes Athletes, Artists, Actors, Choreographers, Dancers, and Musicians. In total,
these ten occupations account for 0.2% of total employment.
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Table 1: Summary Statistics

VV\\/,;I;: ﬁ g f Variance of Log:

Sector Obs. 2000 2018 2000 2018 2000 2018 wpyps ot
21  Mining 3822 | 196 230 | 022 026 036 045| 0.71 1.64 0.11
22 Utilities 10668 | 1.54 150 | 0.19 027 | 027 035 | 031 142 0.05
23 Construction 71659 | 1.82 176 | 0.12 0.15| 0.19 024 | 049 0.75 0.13
31 Manufacturing 161252 | 2.23 242 | 0.18 022 | 033 041 | 043 118 0.11
42 Wholesale Trade 73780 | 2.02 224 | 023 025| 037 043 | 045 1.04 0.12
44  Retail Trade 69125 | 278 3.11 | 006 0.05| 015 0.14| 0.57 135 0.14
48 Transportation 20125 | 194 225| 012 013 | 021 0.25| 0.68 144 0.13
49  Warehousing 3885 | 1.62 1.85| 0.08 0.08| 013 0.14| 0.52 194 0.10
51 Information (exc. Tech) 18396 | 1.56 1.84 | 032 036 | 042 051 | 0.35 1.54 0.10
518 Tech (see note below) 2604 | 2.04 184 | 067 075| 080 0.85]| 0.18 1.88 0.07
52 Finance & Insurance 51100 | 2.08 210| 037 050 | 055 068 | 027 146 0.07
53 Real Estate, Rental 11473 | 2.06 227 | 013 0.16 | 023 030 | 0.71 115 0.14
54  Prof., Sci., Tech. Serv. 96824 | 210 214 | 054 066 | 071 0.81 | 0.21 125 0.11
56 Admin., support serv. 25683 | 251 254 | 010 0.12| 021 026 097 179 0.16
61 Educ. Serv. (exc. K-18) 19306 | 192 193 | 062 069 | 076 081 | 018 231 0.07
62 Health C.,, Social Assis. 170653 | 2.13 238 | 0.39 043 | 058 0.64 | 0.51 143 0.15
71  Arts, Entertain., Rec. 24003 | 241 255| 015 0.15| 0.30 0.31 0.72 0.89 0.16
72 Accomm., Food Serv. 7273 | 260 237 | 0.03 0.03 | 0.08 0.06 0.85 214 0.13
81  Other services 34846 | 209 238 | 025 0.28| 041 048 | 0.79 0.88 0.13

Note: Mining is short for “Mining, Quarrying, and Oil and Gas Extraction ”; Admin. & Support, Waste Mg't
is short for ” Administrative and Support and Waste Mananagment and Remediation Services. Columns 2-7
report the average value in each sector. Columns 8-10 report the variance of the log of the variable in each
sector.

3.1 Descriptive statistics

Table 1 presents key summary statistics. Column 1 reports the number of firm. Columns 2-7 report
the average across firms of each sector of the relative wages, the high-skilled share in employment
and the wage bill.8 Columns 8-10 report, for each sector, the variance across firms and periods of
the (log) high-skill wage bill share, (log) wage bill over the wage of low skilled workers, and the
log of the relative wages (high over low).?

There are a few relevant observations to note. First, in most sectors we observe an increase
in the skill intensity measured by the wage bill share of high-skilled workers between 2000 and
2018. As is well known (e.g., Acemoglu and Autor, 2011), this increase is the result of both an
increase in the relative wages of high- vs. low-skilled workers and in the share of high-skilled

employment. Second, as documented by Barany and Siegel (2018) and Comin et al. (2020), there

8 Averages are weighted by firm size measured by employment for relative wages and employment shares and by
the wage bill for the wage bill share.
9When computing these variances, the observations are unweighted.
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is significant heterogeneity across sectors in the increase in the high-skilled wage bill share. In
sectors such as finance, management, information and insurance the increase has been greater
than 10 percentage points, while in other sectors such as retail, accommodation or food services
the share of the wage bill accrued by high-skilled workers has declined between 2000 and 2018.
Third, there is considerable variation across firms in the log of skill intensity. This variation is
larger than the cross-firm variance in the log of relative wages (high vs. low), but smaller than the
cross-firm variance in the log of the wage bill over unskilled wage, which we use at this point as a
proxy for firm size. These observations, together with the estimates of the structural parameters,

help us assess the drivers of variation in skill across firms in section 6.1.

4 Estimation

We next discuss our empirical strategy to estimate the key structural parameters of the produc-
tion function. The first step is to use the first-order conditions to derive an empirical specification.
Then, we discuss the estimation strategy and the instruments we use to identify the model pa-
rameters. We then analyze the channel that drives the estimated causal effect of scale on skill. We
conclude by studying the robustness of the estimates to the imputation process and their stability

across the firm-size distribution.

4.1 Specification

Using the firm’s optimal input choices, we have derived expression (9), which determines the
firm’s skill as a function of relative wages, scale, and model parameters. One difficulty of using
this expression to estimate the model is that the firm scale, measured by the number of efficiency
units of labor, is not observed in the data. To compute it directly using expression (2), we would
need, in addition to information on the firm’s employment in each occupation, the values of the
parameters we intend to estimate 7, s, 05, and ek,

To resolve this, we follow Comin et al. (2021) and use the optimal intensity for low-skilled
workers to express Ly as a function of the variables we observe and model parameters. For the

case where 05 # 1, Equation (8) implies that L can be expressed as
1
XL fst ) 1t < Wstt >
Lt = . 15
ot ('YLfst Wit (15)
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Substituting in Equation (9), dividing both sides by a; r;; and taking logarithms, we obtain an
expression that relates the relative high- and low-skill shares to model parameters and observables

only,

XHfst \ R R
In <“Lfst> - [ln(f)’Hfst) €s ln(’)/Lfst):| + (85 1) ln(“Lfst)

WB W
+(1—ob)- (65—1) In <W£t> +(1-0b)-In (VVIZJ{:> (16)

Applying the same procedure when o; = 1, the log relative intensity is given by

% WB
In (Hf5t> =1In (l)/HfSt) + (R -1In | =L fot (17)
“Lfst r)’Lfst Wfst
where Wy =[] Wogss ) "of is the average wage index in the unit elastic case.”
fst 0\ Wofst 24 g

Before presenting the procedure to estimate equations (16) and (17), we compare our control
approach to deal with the non-observability of L¢; with other approaches used in the literature.
An alternative proposed by Hanoch (1975a) used by Trottner (2022) is that the non-homothetic
index defined by the aggregator is a variable observed in the data, such as real output. This ap-
proach presents some challenges. First, real output is rarely observed at the firm level. Second,
even if it is observed it is not very useful as conventional price index used to deflate nominal out-
put differ from the non-homothetic price index required to define the model consistent measure
of the output index (see Comin et al., 2021.) Additionally, trying to directly construct output from
the aggregator is more challenging than computing efficiency units of labor, as it requires prop-
erly specifying the production function including all the inputs and measuring them. In contrast,
computing the number of efficiency units of labor using (2) is straightforward, given all parameter

values and the number of workers employed in each occupation.

4.2 Estimation procedure

Equations (16) and (17) provide the theoretical foundation for our estimating equations. Our em-
pirical model allows for common time shocks across observation units in the form of time x sector

fixed effects ds, firm random effects J¢, and additively separable measurement error v to yield,

1Note also that when 05 = 1, WBfg = Loy + W g,
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for the case o # 1,

D‘Hfst) (Wstt) (WHft>
In{ —— | = In(a + (s In + ¢35 In 4+ 0t + 0¢ + Vg 18
(“Lfst P1sIn(apfs) + o Wi ¢3 Wi ¢+ Of + Vst (18)

Our theory imposes the non-linear constraint that ¢;; = 2 and further implies that the terms

35
capturing sectoral SBTC are subsumed in J5; + é5. Given t(;e non-linear nature of the constraint
and the fact that In(a ;) appears on both sides of the estimating equation, introducing potential
bias in our estimates, we proceed by estimating our model by two-stage least squares using the
Iterated Linear Lease Squares (ILLE) procedure proposed in Blundell and Robin (1999).!!
This estimation strategy allows us to exploit the conditional linearity of the model as follows.

We start with a guess for qbgg) for each sector s and compute

—— _(0)
In <jj§"> =In (i:g) — cpgg) In(apfst). (19)
We then estimate via 2SLS the linear regression
1 XHfst o Wstt WHft
n (“Lfst) = ¢osIn ( WLft > + ¢35 In (WLft> + 0t + (5f + Vst (20)
to obtain a new estimate of cpg) using that our structural model implies that % = ¢15, where we

instrument for both the wage bills and relative wages (as we discuss further below). We use the
(1)

) and estimate again Equation (20) via 2SLS. We iterate

XHfst
D‘Lfst

new estimate (,bgl) to construct In (
this procedure until the ¢ converges. In practice, this convergence is very fast and requires less
than five iterations.!> Blundell and Robin (1999) show that this procedure generates consistent
estimates of Equation (20).

The empirical specification in the unit-elastic case is

“Hfst) Wstt
In{—— ) =¢sIn| = + st + 05 + Vgt 21
(“Lfst P15 ( Wfst st f fst (21)

HIn the online appendix of Comin et al. (2021), they discuss the use of ILLE as an alternative method for estimating
the nonhomothetic CES preferences, and show that it performs equally as their baseline method in Montecarlo simula-
tions. Blundell and Robin (1999) show the equivalence of ILLE with three-stage non-linear least squares and that it can

be used in the presence of endogenous regressors.

12We define convergence if the difference between two iterations, n and n + 1 satisfy that \(47%1“) — ¢£Z))|/ (pg) is

less than 10~°.
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In this case, we can use standard 2SLS to estimate the model parameters. In particular, e} =

S
1 +§[A)15.

4.3 Instruments

One challenge in identifying the structural parameters by the described procedure is the possi-
bility that firms experience different rates of skill-biased technical change that are correlated with
tirm scale or relative wages. This would bias the estimates of ¢»s and ¢3s. To ensure that the
identification of these parameters in our estimating equations (20 and 21) is based on exogenous
variation in firm scale and relative wages, we instrument firm scale and relative wages with six
instruments established in the literature.

Our instruments fall under the broad class of shift-share instruments. The validity of these
instruments hinges on the exogeneity of the shifts or shares, as discussed in Adao et al. (2019)
and Borusyak et al. (2022). We construct the instruments by finding exogenous shifters common
across U.S. locations and apportioning them based on firm-specific shares. Thus, the exogeneity
of our resulting instruments is warranted by the exogeneity of the shift components to the firm
employment choices. We next discuss the construction of each of these instruments and their

validity.

Local Labor Supply Shocks The first instrument uses shifts in local labor supply and it has been
widely used in the migration literature, e.g., Peri and Yasenov (2019) and Jaeger et al. (2018) among
others. In particular, we construct Bartik-style predicted migration flows from Latin America
across firm locations as a labor supply shock. The predicted number of Latin American workers

available to the firm is constructed as

Zigo = ¥ 2R, (22)

g€G “fst
where Ly is the employment level of firm f in sector s in year ¢ located in state g, L represents
total employment of the firm-sector-year, Ngt is the predicted level of Latin American workers in
state-year gt and G denotes a set containing all US states. The predicted level of Latin American
workers leverages the fact that migrants tend to go where other migrants live and it is based on
the product of two components estimated from the Current Population Survey (CPS). The first

component is the share of statewide employment between 2000 and 2002 performed by workers
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from Latin America. The second component is the U.S. working-age population born in Latin
American countries (N;).'> This instrument reflects a standard shock to the local labor supply,
which is arguably exogenous to existing firms. We deem reasonable to assume that Latin Ameri-
can workers’ choice of their state of residence is influenced by the initial share of Latin American

migrants in the state.

Local Demand Shocks The second instrument captures predicted sectoral demand shifts due to
nonhomotheticities in demand induced by changes in the state-level median income . We pro-

ceed in three steps to construct this instrument. First, We construct a measure, Cgs‘?,

of the sectoral
value added in each sector-state pair induced by changes in state-level average income and non-
homotheticities in demand, while holding relative prices constant. To construct such variable we
use household-level estimates of the income elasticity of sectoral demand from the Consumer Ex-
penditure data (CEX),14 data on state-level median income, and a version of the nonhomothetic
demand system in Comin et al. (2021) estimated to eight sectors. Relative prices are kept at the

CVA
Cgst

in 1980 in the US. This reflects the wage bill induced by the evolution of income through changes

levels in the initial period. Second, we multiply by the sector’s wage bill share in value added

in sectoral demand (WBso/VAs). Third, we construct the demand instrument for firm f that op-

erates in a sub-sector of s as the weighted average of WBy cVA
VASO gSt

with weights given by the firm’s employment share in each state. Formally,

across all states where it operates,

Lefst WBgo ~
7 Z gfs 0 VA 2
i 7 Lrst VAso Cost *)

Since changes in aggregate state consumption are exogenous to the firm (conditional on the time
tixed effect), this instrument satisfies the exclusion restriction and it provides a demand shifter

that is exogenous to the firm.

Counterfactual Wages The third and fourth instruments capture counterfactual wages for high-
and low-skill workers paid by competitors in the same state. We use the leave-out average wages

paid by firms in the same state and detailed occupation as a shift, and the employment share of the

13The CPS sample is too small in some states to rely on a single year of data. Therefore, we pool the monthly data
over three years to get a more accurate picture of the employment share accounted for by Latin American immigrants in
the base year. We include the countries of Mexico, the Caribbean, Central America, and South America in our definition
of Latin America.

l4gpecifically, we estimate these elasticities for 8 broad sectors. See Comin et al. (2020) for details on the methodology
and estimates.
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detailed occupation and state in the firm’s total employment in the initial sample year as a share.
Therefore, these instruments reflect the average wage a firm would expect to pay for occupation
H or L based on the prevailing detailed occupation wages in other firms in the sector and state

and the firm’s own occupation mix. Formally, we construct our instruments as

L fs0 ~
Z3fst = Z Z = Wigfsts (24)
S jiolj—t LHf0

and

L; fs0 ~
Z4fst = Z Z R Wigfsts (25)
g ot LLfo

where o(j) is the mapping from detailed occupation j into an aggregate occupation, Lj,f repre-
sents employment by detailed occupation, state, firm, sector, and year, Ly Fst 18 the firm-sector-year
employment in aggregate occupation H, Ly f; is firm-sector-year employment in aggregate occu-
pation L, and wj,; is the average wage paid to workers by detailed occupation, state, sector, and
year, excluding firm f.

The shift component of these two instruments are the state-level detailed occupation wages
(leaving out the own firm). Therefore, to the extent that no firm has a sizable effect on the equilib-
rium wage of a detailed-level occupation, this constitutes a plausible exogenous shifter from the

tirm’s point of view since it captures aggregate changes in wages that are exogenous to the firm.

Demographic Composition The next two instruments capture demand changes that are driven
by secular trend in the economy, and are related to changing demographic composition. Our
demographic composition instruments leverage long-term changes in the age distribution and
gender. In particular, the shift components are based on estimates of the population aged 65 and
older and the female population at the county level using the 20-year lagged population over 45
years old and the female population, while the share uses firm exposure to different US counties.

More concretely,

L
7 _ pUsH) fsct)
5,fst C; < ct—20 L

N
Zofst =) (Pcl_;—zo‘ i >

ceC LfSt

where pc(;f;o) and P%,_, are the population aged 45 and older and the female population in county

L . . . .
24 denotes the employment share of firm f in sector s at time f in county c,
fst

¢ twenty years ago,
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and C denotes the set of US counties.

These are standard shift-share population-composition instruments that capture predetermined
trends in demand that are exogenous to any one firm (e.g., Jaravel, 2019). To satisfy the exclusion
restriction, we need that these changes in demographic county characteristics are orthogonal to
any specific firm. We deem plausible that there is no one single firm that drives the demographic

changes in a county, and therefore the exclusion restriction is satisfied.

Strength of instruments Table Al presents the J-statistics for the null that the instruments are

. _— . . W, WB WB
not relevant in predicting each of the instrumented variables, ++*~* and 2 when 05 # 1 and —"
Wit Wit Wiy

when ¢; = 1, in each sector. In all cases, the J-statistics are high and we can reject the null at any

relevant level of significance.

4.4 Estimates

Table 2 presents the estimates of the structural parameters for each sector. Columns 1-4 show the
point estimates of o; and eR with their standard errors.’> Column 5 reports the estimated growth
rate of yp from 2000 to 2018, (i.e. the estimate of SBTC).'® Column 6 shows the skill elasticity,
calculated as (eR — 1) * (1 — 05), when o5 # 1, and as e® — 1 when o5 is unitary. A positive value
of the skill elasticity implies that, other things equal, the wage bill share of high-skilled workers,
apfst, increases with the number of efficiency units of labor, L. In this case, we say that the
sector is skilled-elastic. A negative value of the scale elasticity implies that, other things equal,
ap st decreases with L. In this case, we say that the sector is unskilled-elastic.

The model estimates reveal two important findings. First, with the exceptions of transportation
and real estate, 81; is statistically different from one in all sectors. Thus, in all firms except those in
transportation and real estate, the occupational mix of employment is affected by the firm” scale.
Second, there is wide variation across sectors in the direction and magnitude of scale elasticities.
To explore this, Figure 2 plots the estimated values of e} (horizontal axis) and o5 (vertical axis) for
each sector. The vertical line X = 1 divides sectors between those with increasing returns to scale
(marked as IRS) where eX < 1, and sectors with decreasing returns to scale (DRS) where ek > 1.

Additionally, the loci 0; = 1and e® = 1 define four quadrants. We refer to them using the numbers

15We impose a lower bound for o of 0.15. When the algorithm converges to a value smaller than this lower bound,
we calibrate 05 = .15 and proceed with the estimation. Similarly, when the estimated value tends to 1, we calibrate
0s = 1 and proceed to estimate the model using the expressions for the unit-elasticity case.

16See Table A1 in the appendix for the estimates of y  in each year. In most sectors, its evolution is monotonic.
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Table 2: Parameter Estimates

o ek
Sector Title Estimate SE | Estimate SE Qrowth Sk%ll. Non- Skﬂl._
in vy | Elasticity | hom. | elastic
21  Mining 0.15 - 2.07 0.07 | -5.90% 0.91 Y Y
22 Utilities 0.33 0.11 2.57 0.22 | 40.50% 1.06 Y Y
23 Construction 0.42 0.02 1.67 0.05 | 14.90% 0.38 Y Y
31 Manufacturing 2.18 0.02 2.13 0.02 | 0.40% -1.33 Y N
42 Wholesale Trade 091 0.03 2.27 042 | 13.80% 0.12 Y Y
44  Retail Trade 0.57 0.02 0.77 0.05 | 1.20% -0.1 Y N
48  Transportation 0.15 - 1.02 0.04 | 1.40% 0.01 N -
49  Warehousing 0.3 0.07 0.44 0.09 | 6.80% -0.4 Y N
51  Information (exc. Tech) 2.3 0.05 0.34 0.02 | 27.60% 0.85 Y Y
518 Tech (see note below) 1.84 0.12 0.56 0.1 | 14.20% 0.38 Y Y
52 Finance and Insurance 1.35 0.04 0.49 0.11 | 16.40% 0.18 Y Y
53  Real Estate, Rental 1.47 0.05 1.03 0.08 | 7.90% -0.02 N -
54  Prof., Sci., Tech. Serv. 1.65 0.02 0.49 0.03 | 11.50% 0.33 Y Y
56  Admin., support services 1.93 0.06 2.18 0.09 | 1.90% -1.1 Y N
61  Educ. Serv. 1.99 0.07 0.82 0.03 | 5.10% 0.18 Y Y
62  Health Care, Soc. Assis. 1.81 0.01 0.12 0.02 | -19.10% 0.71 Y Y
71  Arts, Ent., Rec. 1.85 0.04 0.79 0.07 | -2.80% 0.17 Y Y
72 Accomm., Food Serv. 1 - 0.63 0.03 | -4.20% -0.37 Y N
81  Other services 2.47 0.04 ‘ 1.24 0.04 | 3.60% -0.35 Y N

Note: SE denotes the standard errors of the point estimates of o5 and eX. Growth in 7y is the growth of
the average yp sy in the sector from 2000 to 2018. The scale elasticity is computed as (eR—1)- (1 —0)

when o; # 1, and as 85 — 1 when 0; = 1. Non-hom. is a dummy variable that takes the value ”Y” when
production is non-homothetic (i.e. sf # 1), and "N” when it is homothetic. Skill-elastic takes the value of
”Y’ when production is skilled-elastic, "N” when it is unskilled elastic, and ”-” when it is homothetic. See
text for parameter configurations that determine the skill-elasticity.

1-4 starting from the upper right one and proceeding counter-clockwise. Sectors in quadrants 1
and 3 (shaded) are unskilled-elastic, while those in quadrants 2 and 4 are skill-elastic. 11 of the 17
non-homothetic sectors are skill-elastic including mining, utilities, construction, wholesale trade,
information, technology, finance and insurance, professional services, education, health, and arts
and entertainment. The remaining 6 non-homothetic sectors are unskilled-elastic, including man-
ufacturing, retail trade, warehousing, administrative and support services, accommodation and
food services and other services. Beyond the sign, the magnitude of the scale elasticity varies
widely across sectors, with the largest (absolute) skill elasticities found in manufacturing and util-

ities.
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Figure 2: Estimated Price and Scale Elasticities
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4.5 The channel

The exogeneity of the instruments ensures that the estimated association between scale and skill
reflects a causal effect. However, it does not prove that the channel through which this effect
operates is linked to production non-homotheticities. A priori, the causal effect of scale on skill
may operate through various channels. For example, a firm that experiences an increase in de-
mand may face greater incentives to adopt new technologies (see Comin and Gertler, 2006). If
new technologies have a particular form of skill-bias, scale would affect skill because 7y, rs; would
endogenously change as the firm adopts new technologies in response to changes in scale. Con-
versely, an investment bank that faces a surge in demand for wealth management services will
hire more financial advisors to provide the services whose demand has increased. In this case,
exogenous increases in scale lead to an increase in skill because production for financial services
is non-homothetic, not because there is a change in the technologies used to provide wealth man-
agement services.

As these examples illustrate, the channels through which scale affects skill fall into two cate-

gories: Those that operate through the non-homotheticities of the production function and those
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that link SBTC to the growth in scale. This observation provides an avenue to separately identify
the two channels. Specifically, we can filter the potential endogeneity of 7, to the firm’s growth

by permitting SBTC to differ across firms with different growth experiences as follows:

“Hfst) (Wstt) (WHft>
In{ —/— | = In(wa + ¢y In + ¢35 In 4+ Opst + ¢ + Vigp. 26
( ‘XLfst (Pls ( Lfst) (st WLft (PBS WLft pst f fst ( )

and

o WB
In (Hff> = PrsIn | =22 | + Spst + 55 + vpare 27)
Wfst

where the subindex p in é,; denotes the growth group that the firm belongs to. We measure
firm growth by the actual growth in the wage bill relative to the wage of unskilled workers (i.e.,
WBysi /Wigst). We first consider three growth groups in each sector that correspond to the bottom
quartile, the middle 50% and the top quartile of the growth distribution.

In each iteration of our estimation procedure, J,s; absorbs the evolution of skill in the firms
in a growth quartile and reflects the sill-biased productivity of those firms. The estimated skill
elasticity captures the association between exogenous variation in scale and the evolution of skill
after filtering the evolution of skilled-biased productivity in firms with a similar growth experi-
ence over the period 2000-2018. Therefore, there are two differences between how 6,5 and non-
homotheticities (¢X) are identified. First, non-homotheticities only exploit exogenous variation in
scale, while changes in skill captured by group-specific SBTC partly reflect the adoption choices
of firms in response, among other things, to actual changes in demand. Second, J,s; captures be-
tween group variation in skill, while non-homotheticities are identified out of the within group
variation.

Given this identification strategy, if scale only affects skill through the differential rate of SBTC
in fast vs. slow growing firms, specifications (18) and (17) will yield an estimate of ek = 1. Con-
versely, if exogenous changes in the scale of firms induce them to change their employment com-
position while the actual variation in demand does not induce firms to adopt technologies with a
particular skill bias, our estimates will fully attribute the association between scale and skill to a
skill elasticity that is different from zero, while the estimate of SBTC will not differ between fast-
and slow-growing firms. Intermediate scenarios will lead to both estimates of ¢} # 1 and larger
estimates of SBTC in the top than in the bottom growth quartiles.

Table 3 reports the estimates of the rates of SBTC in each growth group, and Table 4 com-
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Table 3: Estimates of SBTC by growth quartile

Group-Specific SBTC

Sector Baseline | Bottom 25% Middle 50% Top 25%

21 Mining -5.9% -40.9% -5.0% 27.3%
22 Utilities 40.5% -4.3% 45.5% 78.8%
23 Construction 14.9% 11.8% 7.4% 32.5%
31 Manufacturing 0.4% 0.2% 0.3% 0.9%
42  Wholesale Trade 13.8% -9.7% 15.5% 31.5%
44 Retail Trade 1.2% -16.5% 3.8% 12.5%
48 Transportation 1.4% -1.8% -0.4% 6.5%
49 Warehousing 6.8% 15.8% 3.4% 4.4%
51 Information (except Tech) 27.6% 18.4% 21.6% 49.4%
518 Tech (see note below) 14.2% -7.4% 26.3% 14.8%
52 Finance and Insurance 16.4% -5.8% 20.4% 31.6%
53 Real Estate, Rental 7.9% -6.3% 9.8% 18.1%
54  Prof, Sci, Tech. Serv. 11.5% -8.5% 14.0% 27.6%
56 Admin, support serv. 1.9% 2.3% 1.4% 2.5%
61 Educational Services 5.1% -4.3% 5.2% 13.4%
62 Health Care, Soc. Assis. -19.1% -41.3% -15.2% -3.8%
71 Arts, Ent., Rec. -2.8% -22.4% 2.6% 7.1%
72  Accomm., Food Serv. -4.2% -14.4% -1.2% 7.9%
81 Other services 3.6% 0.9% 3.1% 7.7%

pares the estimates of o5 and eR in the baseline and in specifications (18) and (17). There are some
important take away from these estimates. First, there is ample variation in SBTC across growth
quartiles, but, in all sectors, we find that SBTC is highest in the top growth quartile and smallest in
the bottom quartile. Importantly, this pattern holds regardless of whether the sector is skill-elastic
or unskilled-elastic. For example, we have found in the baseline specification that accomodation
and food services is unskilled-elastic. However, the group-specific time dummies imply that the
rate of SBTC in accomodation is considerably larger in firms in the top growth quartile than in
firms in the bottom top quartile. This shows that specifications (26) and (27) separately iden-
tify non-homotheticities and endogenous SBTC. Second, the estimates of o and ¢} and the skill
elasticities are virtually the same as in the baseline without quartile-specific SBTC.!” This finding
provides reassurance about the exogeneity of the instruments, as the identification of the struc-
tural parameters does not reflect spurious correlation that arise from differential trends in skill

for fast- vs. slow-growing firms in the sector. More importantly, the fact that the estimates of

7The (weighted) correlation across sectors between the skill elasticities in the baseline and when allowing for group-
specific SBTC is 0.99.
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Table 4: Estimates in baseline vs. group-specific SBTC

Baseline Group-specific SBTC

Sector c sd ef sd o sd e} sd

21 Mining 0.15 - 207 0.07 015 - 207 0.07
22 Utilities 033 011 257 022 041 0.11 270 0.28
23 Construction 042 0.02 1.67 0.05 042 0.02 171 0.05
31 Manufacturing 218 0.02 213 0.02 218 0.02 213 0.02
42  Wholesale Trade 091 0.03 227 042 090 0.02 174 0.26
44 Retail Trade 057 0.02 0.77 0.05 058 0.02 083 0.05
48 Transportation 0.15 - 1.02 004 0.15 - 1.04 0.04
49 Warehousing 030 0.07 044 0.09 029 0.07 049 0.09
51 Information (except Tech) 2.30 0.05 0.34 0.02 232 0.05 036 0.02
518 Tech (see note below) 1.84 012 056 0.10 186 0.12 0.63 0.10
52  Finance and Insurance 135 004 049 011 135 0.04 051 0.11
53 Real Estate, Rental 147 0.05 1.03 0.08 147 0.05 095 0.08
54 Prof., Sci., Tech. Serv. 1.65 0.02 049 0.03 166 0.02 052 0.03
56 Admini, support serv. 193 0.06 218 0.09 192 0.06 216 0.09
61 Educational Services 199 0.07 082 0.03 201 007 0.83 0.03
62 Health Care, Soc. Assis. 1.81 0.01 0.12 0.02 1.82 0.01 014 0.02
71 Arts, Ent., Rec. 1.85 0.04 079 0.07 185 0.04 0.80 0.07
72 Accomm., Food Serv. 1.00 - 063 0.03 1.00 - 051 0.05
81 Other services 247 004 124 0.04 247 0.04 124 0.04
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the skill elasticity do not change after allowing for the possibility of growth-specific SBTC implies
that the effect of exogenous changes in scale on the firm’ skill that we have estimated in the base-
line specifications operates through non-homotheticities in production, as opposed to reflecting
endogenous skill-biased changes in technology.

Before moving on, we conduct one robustness check by providing greater flexibility to SBTC
to reflect the actual growth experience of firms. We do this by using deciles, instead of quartiles,
to define the growth groups p. As a result, specifications (26) and (27) now include 10 sets of
time dummies, ¢ Hpst, N each sector. Table A3 in the Appendix reports the estimates, which are
completely robust to this modification. In particular, the estimates of o5 and X do not vary when
allowing for more detailed growth groupings. This finding further strengthens our conclusion
that the causal effect of scale on skill estimated in section (4.4) is due to the presence of non-

homotheticities in production.

4.6 Omission of scale

The literature on the drivers of the skill premium has estimated homothetic versions of specifi-
cation (20), where 85 = 1, denying the effect of scale on skill. Next, we explore how does the
omission of scale in specification (20) affects the estimates of SBTC and the elasticity of substitu-
tion between high- and low-skilled workers. To this end, we re-estimate specification (20) setting
Sf to 1. Table 5 reports the estimates of 0; and the growth of vy between 2000 and 2018. We also
report the difference between these estimates and those obtained when we do not constrain &X to
be 1. This difference can be interpreted as the bias in the elasticity of substitution and in the SBTC
from omitting the presence of non-homotheticities.

The omission of scale biases considerably the estimates of ¢s. In 13 out of 19 sectors, the bias
in the estimate of o5 is statistically significant. Additionally, it is often large. For example, the
estimated elasticity of substitution is higher by .43 in finance and insurance and lower by 1.02 in
manufacturing as a result omitting the effect of scale on skill. The bias in ¢; is positively correlated
with the skill elasticity across sectors, with a weighted correlation coefficient of 0.82. That is, in
sectors where scale leads to greater skill intensity, the omission of scale induces a larger increase
in the estimate of ;. The omission of scale also results in biases in the estimates of SBTC. For
example, the estimated growth in g is 20% lower in utilities and 20% higher in healthcare when
omitting the effect of scale on skill. However, we do not observe an association between the bias

in the estimate of SBTC and the skill elasticity across sectors.
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Table 5: Estimates Homothetic Model and Comparison to Baseline

Ush SE  Growth 'y}ﬁ (7;’ — 05 Growth ’)’}f{/ YH

21 Mining 1.12 0.11 5.1% 0.97** 11.0%
22 Utilities 1.62 0.06 20.7% 1.29%** -19.8%
23 Construction 0.52 0.02 15.1% 0.10%** 0.2%
31 Manufacturing 1.16 0.01 7.8% -1.02%** 7.4%
42  Wholesale Trade 0.88 0.02 12.6% -0.02 -1.2%
44 Retail Trade 0.59 0.02 0.1% 0.02 -1.2%
48 Transportation 0.06 0.04 2.0% -0.09** 0.6%
49 Warehousing 0.07 0.08 2.6% -0.23** -4.2%
51 Information (exc. Tech) 1.90 0.06 12.2% -0.47%%* -15.4%
518 Tech (see note below) 229 0.16 5.6% 0.44** -8.6%
52 Finance and Insurance  1.79 0.04 13.3% 0.43%** -3.1%
53 Real Estate, Rental 146 0.05 7.9% -0.01 0.0%
54  Prof., Sci., Tech. Serv. 1.95 0.03 6.4% 0.37*** -5.1%
56 Admin., support serv. 2.08 0.04 5.1% 0.15** 3.3%
61 Educ. Services 2.08 0.08 2.8% 0.09 -2.3%
62 Health Care, Soc. Assis. 2.00 0.02 1.6% 0.19%** 20.6%
71 Arts, Ent’t, Rec. 1.93 0.04 -0.3% 0.09 2.6%
72 Accomm., Food Serv. 096 0.08 -9.7% -0.04 -5.5%
81 Other services 227 0.03 6.2% -0.20%** 2.6%
Correlation with skill elasticity 0.82 -0.06

4.7 Robustness and stability

We conclude our exploration of the presence of non-homotheticities in production by studying
two additional issues. First, we study the role of data imputations on the estimates. Second, we

study the stability of the estimates across the firm size and firm growth distributions.

Imputations and model estimates As discussed in section 3, the construction of our dataset
involves imputing data on the composition of employment and wages for some establishments.
To study whether the imputations affect the estimates, we re-estimate the model restricting the
sample to firms where the imputations represent less than 10% of the firm’s employment. Table A4
reports number of observations and estimates for this restricted sample and compares them with
those in the full sample. The restricted sample is considerably smaller in all sectors. The number of
firms in the restricted sample ranges from 20% (finance and insurance) to 44% (utilities) of the full
sample. Despite the difference in sample size and the composition of firms in them, the estimates
of 05 and 81; vary relatively little between the two samples. In all instances, we find that the pair

{eR, 0} fall in the same quadrant as in the full-sample estimation. As a result, the skill elasticities
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are very similar in both samples. Specifically, the weighted correlation between the skill elasticities
in both samples across sectors is 0.99. Therefore, we conclude that the data imputations made to
assemble the dataset do not drive the estimates of the production function and in particular the

finding of systematic non-homothetities in production.

Stability of estimates Before studying the implications of the non-homothetic production func-
tions, we explore the stability of the estimates across the distributions of firms. In particular, we
consider two relevant dimensions to rank firms. First, their initial size measured by the firm’s
wage bill to unskilled wage ratio in year 2000. Second, the firm’s growth from 2000 to 2018, mea-
sure by the growth rate of the wage bill relative to the wage of unskilled workers. For both metrics,
we classify firms in three groups that correspond to the bottom quartile, the middle 50% and the
top quartile of the distributions of firm-size and firm growth, respectively. We then re-estimate the
model allowing the scale elasticity parameter, eX to vary across the three size groups. The elasticity
of substitution, oy and the time dummies are the same across the three groups.!® Table 6 reports
the estimates when X varies across initial size quartiles, and Table 7 when it varies across growth
quartiles.In all sectors, we find that the estimates of e virtually do not vary across the three size
groups, and their differences are not statistically significant at conventional levels. Given the sta-
bility of non-homotheticities across firm sizes within sectors, in the rest of the paper we use the

same value of X for all firms in a given sector.

5 Drivers of the number of efficiency units per worker

Proposition 1 presents the model predictions for the drivers of the gap between the number of
efficiency units and the number of employees in a firm. In this subsection, we study whether
these predictions are consistent with the data. To this end, we use data on the number of workers
in high- and low-skilled occupations, the estimates of the production function, and equation (2)
to compute the number of efficiency units in the firm. Using as a dependent variable the ratio
of the number of efficiency units to the number of workers in the firm, we construct the data
counterparts of the comparative statics in Proposition 1 by estimating the slope coefficients in the

following regressions:

18The estimates are robust to allowing time dummies to be group-specific.
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Table 6: Stability of non-homotheticities across the firm-size distribution

Bottom Q. Mid. 50% Top Q.

o se | & se| & se| & se

21 Mining 0.15 - 1210 0.08 | 2.07 0.07 | 2.08 0.07
22 Utilities 032 011|248 021|248 021|253 021
23 Construction 042 0.02 181 0.06 | 179 0.05]| 174 0.05
31 Manufacturing 218 0.02 211 0.02 212 0.02 212 0.02
42 Wholesale Trade 0.88 0.02 | 1.60 022 | 1.66 022|170 0.22
44 Retail Trade 057 0.02 097 0.05|095 0.05|0.84 0.05
48 Transportation 0.15 -1 1.07 0.04 |1.05 0.04 | 1.04 0.04
49 Warehousing 028 0.08 059 0.08 | 056 0.08 049 0.09
51 Information (exc. Tech) 2.31 0.05 | 036 0.02 | 0.34 0.02 | 0.35 0.02
518 Tech (see note below) 1.88 0.13 | 070 0.10 | 0.66 0.10 | 0.63 0.10
52  Finance and Insurance  1.37 0.05 | 0.60 0.10 | 0.57 0.10 | 0.55 0.11
53 Real Estate, Rental 143 0.05|0.75 0.09 | 0.82 0.08 | 0.89 0.08
54  Prof., Sci., Tech. Serv. 1.64 0.02 055 0.03|052 004|051 0.04
56 Admin., support serv. 1.90 0.06 | 205 0.09 | 209 0.09 | 213 0.09
61 Educ. Services 198 0.07 | 081 0.04|0.81 0.04 | 082 0.04
62 Health Care, Soc. Assis.  1.81 0.01 | 0.14 0.02 | 0.13 0.02 | 0.12 0.02
71  Arts, Ent’t, Rec. 1.84 0.04 | 078 0.07 | 079 0.07 | 0.78 0.07
72 Accomm., Food Serv. 1.00 -1079 0.03 076 0.03]|0.67 0.03
81 Other services 247 0.04 122 004|121 004|123 0.04

Notes: Bottom Q. and Top Q. stand for Bottom Quartile and Top Quartile of the sectoral firm size distribution.
Lyst
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In the model, the sign of the coefficient «; is equal to the sign of the derivative
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. Part A

of proposition 1 states that this should be positive. Similarly, the model also implies that the sign

of the coefficient p; is equal to the sign of (1 — eX). Because ¢

R

is sector-specific, we index p; ¢ by s.

The point estimate for x; is 0.2 (s.e. 0.005). The estimates for p; s are reported in Table A2

in the Appendix. In each case other than for transportation, the sign of the point estimate is the

same as the sign of (1 — eR). Furthermore, the (weighted) correlation between the point estimates

of p15 and (1 — k) is 0.9. These estimates confirm the model predictions about the gap between

the number of efficiency units and the number of employees. The conformity between the model

prediction and the actual estimates of x; and p; s supports the structural interpretation of the
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Table 7: Stability of non-homotheticities across the firm-growth distribution

Bottom Q. Mid. 50% Top Q.
Sector o se. | e} s.e. ‘ eR s.e. ‘ & se
21 Mining 0.15 -11.09 003|121 0.03| 118 0.03
22 Utilities 148 0.06 | 0.84 0.03 | 0.73 0.05| 0.81 0.04
23 Construction 053 0.02 099 0.02 | 106 0.02| 096 0.02
31 Manufacturing 112 0.01 | 0.88 0.03 | 045 0.07 | 0.84 0.04
42  Wholesale Trade 0.89 0.04 | 316 073|495 135|204 0.36
44 Retail Trade 058 0.02 082 0.02]| 110 0.02|0.70 0.02
48 Transportation 0.15 -1095 0.01097 0.01|1.00 0.01
49 Warehousing 0.11 0.08 | 0.88 0.03|093 0.03 |09 0.02
51 Information (exc.Tech) 2.01 0.06 | 0.96 0.01 | 0.73 0.02 | 0.95 0.01
52 Tech (see note below) 158 0.04 | 0.81 0.02 | 0.70 0.03 | 0.87 0.01
53 Finance and Insurance 148 0.05 | 1.00 0.03 | 1.03 0.04 | 1.16 0.04
54 Real Estate, Rental 1.81 0.02 | 0.82 0.01 | 0.63 0.01 | 0.86 0.01
56 Prof., Sci., Tech. Serv. ~ 2.04 0.04 | 1.09 0.01 | 1.11 0.01 | 1.11 0.01
61 Admin., supportserv. 2.08 0.07 | 096 0.01 | 0.92 0.01 | 1.00 0.01
62 Educ. Services 199 0.01 {090 0.00| 0.82 0.01 | 0.89 0.00
71 Health C, Soc. Assist 1.92 0.04 | 093 0.02 | 0.96 0.02 | 0.98 0.02
72 Arts, Ent., Rec. 1.00 -1076 0.02|0.65 0.02|0.71 0.02
81 Accom., Food Serv. 226 0.03]1.00 0.01 094 0.01 ] 1.04 0.01
518 Other services 206 013|090 0.03|074 0.05]0.88 0.03

Notes: Bottom Q. and Top Q. stand for Bottom Quartile and Top Quartile of the sectoral firm growth distribution.

estimates of the production function parameters in section 4.4.

6 Drivers of skill

Next, we study the role of non-homotheticities for the skill intensity of firms. We first focus on
the level of skill and conduct a variance decomposition to study the contribution of scale, relative
wages and SBTC to the variance of log(apfst). Then, we shift our focus to the change in skill. For
each firm, we use the estimated model to compute the predicted change in skill between 2000 and

2018 and compare the model predictions to the data. Finally, we study the role of each channel for

the evolution of skill by using model counterfactuals.
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Table 8: Decomposition of the Variance of In(a )

Contribution to Var [ln(tx H, f,s,t)]

NAICS Sector Var [ln(nc H, f,s,t)] R? ‘ SBTC  Rel. wages Scale
21 Mining 0.71 52% | 82.9% -19.9% -11.1%
22 Utilities 0.31 37% | 50.5% -17.7% 4.4%
23 Construction 0.49 31% 34.5% 1.6% -4.8%
31 Manufacturing 0.43 33% 1.4% 13.7% 17.6%
42 Wholesale Trade 0.45 32% 36.7% -2.8% -2.1%
44 Retail Trade 0.57 43% | 34.1% 5.0% 3.6%
48 Transportation 0.68 57% 40.8% 16.2% 0.0%
49 Warehousing 0.52 48% | 14.8% 38.5% -5.1%
51 Information (except Tech) 0.35 43% | 43.1% -34.6% 34.7%

518 Tech (see note below) 0.18 38% | 40.9% -62.4% 59.7%
52 Finance and Insurance 0.27 42% 47 4% -26.7% 21.0%
53 Real Estate, Rental & Leasing 0.71 35% 31.6% 3.2% 0.3%
54 Prof., Sci., Tech. Serv. & Mg’t 0.21 37% | 43.2% -51.5% 45.5%
56 Admin & Support serv. 0.97 58% 2.6% 17.2% 38.3%
61 Educational Services 0.18 19% 28.3% -31.9% 22.6%
62 Health Care & Social Assist. 0.51 61% 51.2% -80.5% 90.1%
71 Arts, Ent'ment & Recreation 0.72 55% 53.3% -0.6% 2.2%
72 Accommodation & Food Serv. 0.85 -33% | 16.5% 0.0% -49.6%
81 Other services 0.79 64% 13.9% 41.0% 8.9%

Weighted Average 41.8% | 34.5% -24.3% 30.5%

Note: Tech sector includes Software publishers, Data processing, Hosting, and Related Services, and Inter-
net Publishing and Broadcasting and Web Search

6.1 Cross-sectional variance decomposition

We conduct a variance decomposition of the (log) wage bill share of high-skilled workers (In(ay fst))-
We first compute the three terms in expression (9) for each firm.!” The contribution of a term in (9)
to the variance of (log) skill is given by the covariance between the log of the term and In(a ;)
divided by the variance of In(ay fst)-

The first column of Table 8 reports the variance of the (log) of skill across the firms over the
seven observations that make up our sample for each sector. Columns 3 through 5 report the
contribution of each term, for each sector. Column 2 reports the sum of columns 3 through 5
which is the fraction of the variance of (log) skill explained by the model.

On average, the model accounts for 42% of the variance of In(ay fst). Both SBTC and Scale

contribute significantly to this explanatory power. SBTC accounts for 34.5% of the variance in

19We first construct vy st and 7L g5 using the firm random effects and the sector-specific time-dummies. Together

with the estimates of 05 and eR and the data on the number of high- and low-skilled employees in the firm, we use
expression (2) to compute Lg;. The scale term is (eR —1)(1 — o) - In(L fst)- Given the wage bill in the firm, we use

~ Wc e .
expression (5) to construct Wygest. The relative wage term is (0 — 1) - In <%}if”) . The SBTC is In(7yp fs¢)-
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skill, while scale accounts for 31.4%. Relative wages, have on average a negative contribution
(-24.3%). The relevance of the three channels varies across sectors. Scale is the main factor in man-
ufacturing, technology (NAICS 518), professional services, administrative and support services
and healthcare. Relative wages are the main factor in other services. SBTC is the main driver in
the rest of the sectors. It's worth noting that much of the variation in the SBTC reflects the firm

random effects. On average, the time dummies account for only 0.5% of the variance in skill.20

6.2 The evolution of skill

Next, we explore the model’s predictions for the evolution of skill between 2000 and 2018. We use
data on firm’s employment and wages by occupation together with the estimated model param-
eters to calculate the predicted change in skill for each firm. With these firm-level predictions we
conduct two different exercises. First, we compute the average predicted change in skill across all
the firms in each sector and compare them to the data. Second, we investigate whether the model
captures the different changes in skill observed between fast- and slow-growing firms within each
sector. After analyzing how the model fits the data, we study the robustness of the findings to
allowing SBTC to differ across firms in different quartiles of the growth distribution. We conclude
this section by examining the role played by the different channels in the predicted change in skill

through a counterfactual analysis.

Baseline estimated model

For each of the 19 2-digit sectors, we study the change in skill in the data and the model. Our
tirst step consists in constructing the model predicted level of skill for each firm and year as fol-
lows. First, we use the estimated values of yp sy and 7yr s, 05 and eR together with the number
of employees in high- and low-skilled occupations and expression (2) to compute the firm’ scale
measured by the number of efficiency units (Ls). Then, we use information on firm wages, the
wage bill and equation (6) to compute the wage bill share of high skill workers. Finally, we con-
struct the average change in skill across the relevant sample of firms as a simple average of the
firm-level changes. We consider various subsamples of the firm growth distribution to study the

relationship between skill change and firm growth, in each sector.

20Table A3 in the Appendix reports the variance decomposition excluding the firm random effect (o). This directly
affects the variation in the SBTC term, which now is only driven by time dummies, and also the other two terms, as

L and Wfst depend on vy s and 7y s The average R? is still 19%, Scale accounts for 24.2% of the variance in skill,
and SBTC for 0.5%.
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Columns 1 and 2 of Table 9 report the (average) increase in skill across all the firms in each
sector. At the bottom of the table, we report the weighted average of the changes in skill across all
sectors, and the cross-sector weighted correlation between the actual and the predicted average
changes in skill. The sectoral weights are given by the sector’s share in the economy-wide wage
bill. The model predictions for the average change in skill from 2000 to 2018 are very close to
the changes observed in the data. For example, in professional services, the model predicts an
average increase by 7.45 percentage points while in the data we observe an average increase by
7.27 percentage points. The (weighted) average across sectors of the average predicted increase
in skill is 3.14 percentage points while in the data it is 3.31 percentage points. The model does a
good job in explaining the variation across sectors in the average change in skill. The (weighted)

correlation between the average increases in skill in the model and the data across sectors is 0.98.

Table 9: Increase (Percentage points) in skill-intensity from 2000-2018

All Firms Middle 50% Bottom Quartile Top Quartile Top-Bottom
Data Model Data Model Data  Model Data Model Data Model
21 Mining 0.97 1.61 1.07 0.60 -3.55 -7.16 5.32 12.49 8.87 19.64
22 Utilities 6.07 5.43 6.49 4.85 0.74 -0.07 1054  12.08 9.80 1216
23 Construction 286 225 1.98 2.10 2.24 -1.81 5.27 6.62 3.03 8.43
31 Manufacturing 2.72 2.52 1.84 3.22 1.31 15.04 5.87 -11.39 456 -26.42
42  Wholesale Trade 360 3.79 4.02 3.81 -1.89 2.20 8.23 5.35 1012  3.15
44 Retail Trade 042 0.21 1.06 0.32 -3.23 0.50 2.78 -0.32 6.01 -0.82
48 Transportation 034 -0.16 0.61 0.15 -0.52 -1.13 0.66 0.18 1.18 1.31
49 Warehousing -0.46 042 -0.88 -0.42 1.34 8.00 -1.42 -5.53 -2.76  -13.54
51 Information (ex. Tech) 7.18 5.04 5.16 5.53 5.29 -9.83 13.11 1894 782 2877
518 Tech (see note below) 8.16 7.56 11.01 8.70 1.63 -2.15 899 1499 736 1714
52  Finance and Insurance 870  9.19 9.82 9.04 0.59 5.48 1455 13.21 1395 7.73
53 Real Estate, Rental 3.21 2.60 3.98 2.82 -1.12 3.23 5.99 1.54 7.11 -1.69
54 Prof., Sci., Tech. Serv. 6.83 7.26 7.27 7.45 0.14 0.85 12.63  13.30 1249 1245
56 Admin., support serv. 3.04 3.01 1.60 2.32 4.73 17.43 421 -10.02 -0.52 -27.45
61 Educational Services 3.70 4.24 3.94 4.67 -0.49 4.88 7.42 2.75 791 -2.13
62 Health Care, Soc. Assis. 0.65  -0.10 1.46 0.26 -5.88  -13.32 555  12.40 1143 2572
71 Arts, Ente., Rec. 0.65 0.66 1.91 0.29 -3.73 0.80 251 1.25 6.24 0.45
72 Accomm., Food Serv. -0.05 -0.84 022 -0.84 -0.33 1.08 -0.31 -2.76 0.02 -3.83
81 Other services 433 465 3.57 411 1.10 11.63 9.09 -1.27 799 -12.89
Weighted Average 3.31 3.16 3.54 3.35 -1.07 0.99 721 491 8.28 3.93
Weighted Correlation 0.98 0.95 0.7 0.57 0.65

Note: Weighted correlation reports correlation between data and model across sectors using the sector’s wage bill share
in the economy as weights. Note: Mining is short for "Mining, Quarrying, and Oil and Gas Extraction ”; Admin. &
Support, Waste Mg't is short for ”“Administrative and Support and Waste Mananagment and Remediation Services.”
Next, we investigate the evolution of skill within sectors. We sort firms into three groups based
on the growth of their wage bill relative to the wage of unskilled workers (WBy;/ W ft) between
2000 and 2018. For each sector, we compute the (simple) average of the change in skill for the

firms in the middle 50% of the distribution (columns 3 and 4), in the bottom quartile (columns 5

and 6), and in the top quartile (columns 7 and 8) in the data and in the model.
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Figure 3: Change in skill intensity top vs bottom
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We start by analyzing the average evolution of skill for the firms in the middle 50% of the
growth distribution which are very similar to the average evolution for the entire sample both in
the data and in the model.?! In most sectors, the average change in skill predicted by the model
is very close to the data. For example, in professional services the model predicts an increase by
7.45 percentage points and we observe an increase by 7.27 percentage points. On average, skill
increases by 3.35 percentage points (vs. 3.54 in the data). The (weighted) correlation between
the actual and predicted average change in skill across sectors for firms in the middle 50% of the
growth distribution is 0.95.

We now examine the evolution of skill in firms at the top and bottom quartiles of the growth
distribution. A key finding is that skill changes differ significantly between fast- and slow-growing
firms. For example, in professional services, firms in the bottom quartile saw an average skill in-
crease of just 0.14 percentage points, whereas firms in the top quartile experienced an increase
of 12.63 percentage points. This pattern generally holds across sectors, with the exceptions of
warehousing, administrative and support services, and accommodation and food services.On av-
erage, firms in the bottom quartile of the growth distribution have experienced a decline in skill by
1.07 percentage points, whereas firms in the top quartile have seen an increase of 7.21 percentage

points.

2IThe (weighted) average across sectors of the change in skill has been 3.54 percentage points for the middle 50% and
3.31 for the entire sample, and the weighted correlation of the change in skill for the middle 50% and the entire sample
across sectors is 0.96.
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The model captures the different evolution of skill for firms in the top and bottom quartiles
of growth, though not as closely as for the entire sample or across firms in the middle 50% of the
growth distribution. For example, in professional services, the model predicts an increase in skill
for the firms at the bottom growth quartile by 0.85 percentage points (vs. 0.14 in the data) while
for the firms at the top growth quartile it predicts an increase by 13.3 percentage points (vs. 12.63
in the data). Across sectors, the weighted average of the change in skill in the model at the bottom
growth quartile is 0.99 percentage points (vs. -1.07 in the data), and at the top growth quartile
it is 4.91 percentage points (vs. 7.21 in the data). The (weighted) correlation between the actual
and predicted average change in skill across sectors is 0.7 for the bottom quartile and 0.57 for the
top growth quartile. These correlations suggest the model captures well the cross-sector variation
in skill changes for fast and slow-growing firms relatively. However, in some sectors there are
significant deviations from the data. For example, in all six unskilled elastic sectors, the model
predicts larger increases in skill for slow-growing firms than for fast-growing ones. However, we
observe this pattern in only two sectors (warehousing and administrative and support services).

To better assess the model’s ability to account for the differential change in skill in fast-growing
and slow-growing firms in each sector, we subtract the average increase in skill for firms in the
bottom growth quartile (columns 5 and 6) from the average increase for firms in the top growth
quartile (columns 7 and 8), and report the results in columns 9 and 10 of Table 9. The model
accounts for approximately half of the differential increase in skill between fast-growing and slow-
growing firms. Specifically, the model explains a 3.93 percentage point increase, compared to the
8.28 percentage points observed in the data. The (weighted) correlation between the differential
increase in skill (top minus bottom quartiles) in the model and the data across sectors is 0.65.
Despite this relatively high correlation, in four sectors—manufacturing, retail trade, real estate
and other services—the model predicts a larger increase in skill for slow-than fast-growing firms,
while the data shows the opposite.

Below, we use counterfactuals to study the channels that drive the differential change in skill
in fast- vs. slow growing firms in the model. However, we can start to explore the role of scale
by studying the association across sectors between the skill elasticity and the differential change
in skill in fast vs. slow-growing firms. Figure 3 presents a scatter plot of these two variables.
There is a very strong association between them, with a weighted correlation of 0.96. This finding
suggests that non-homotheticities drive the model’s within-sector variation in the evolution of

skill between fast and slow-growing firms. Additionally, the weighted correlation between the
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skill elasticity and the actual differential change in skill in the data in fast vs. slow growing firms
across sectors is 0.6. Therefore, non-homotheticities are important to explain the observed within

sector variation in the evolution of skill both in our model and in the data.

Group-specific SBTC

To study the discrepancies between model and data in the differential growth of skill between
fast- and slow-growing firms, we redo the analysis using the version of the estimated model with
quartile-specific SBTC. Table 10 reports the average increase in skill between 20000 and 2018 in
each subsample.

The main findings are as follows. The model performance for the entire and the middle 50%
samples is robust to introducing quartile-specific SBTC. However, the introduction of quartile-
specific SBTC enhances the model capacity to produce a differential increase in skill in fast-vs.
slow-growing firms. The (weighted) average differential change in skill is 12.3 percentage points
whereas in the data it is 8.28 percentage points. The (weighted) correlation between the differential
change in skill in model and data across sectors increases to 0.76. In particular, the model accounts
better for the differential increase in skill in fast- vs. slow-growing firms in retail trade, real estate
and other services. This is the case because in these sectors, we have estimated a larger SBTC for
fast- than for slow-growing firms. However, in manufacturing and other services, SBTC is similar
for fast and slow growing firms. As a result, the model still predicts larger increases in skill for

slow-growing firms, whereas the data shows the opposite.

3-digit disaggregation

Next, we explore whether heterogeneity in production functions across 3-digit sectors may help
explain the differential change in skill in fast- vs. slow-growing firms in manufacturing and

22 we construct three

other services. For each 3-digit sector in manufacturing and other services,
growth groups following the same procedure as above, and estimate the version of the model with
quartile-specific SBTC (i.e. specifications 26 and 27). Note that, this exercise extends the previous
estimation by allowing the parameters o and e to vary across the 3-digit sectors of manufacturing
and other services.

Table A6 contains the model estimates and the average across 3-digits for the skill-elasticity

and quartile-specific SBTC, where 3-digit sectors are weighted by the share of observations in

21 manufacturing there are 18 3-digit sectors, while in other services there are 8.
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the 2-digit sector. We find substantial heterogeneity within manufacturing and other services. 16
out of 18 3-digit manufacturing sectors are unskill-elastic while petroleum and coal products and
computer and electronic products are skill-elastic. However, the average skill-elasticity is higher
than in the baseline (-1 vs. -1.33). In other services, we find that half of the 3-digit sectors are
skilled-elastic while the other half are unskilled elastic. In this case, the average skill-elasticity is
slightly smaller than in the baseline (-.4 vs. -.35). We also find significant heterogeneity in the rates
of SBTC across growth quartiles and 3-digit sectors. However, in both manufacturing and other
services, on average, there is a larger difference in the rate of SBTC between fast-and slow-growing
firms than in estimation at the 2-digit level.

Table A7 reports the model prediction for the average across the three digit sectors of the
differential change in skill in fast-vs. slow-growing firms for each of the three versions of the
model we have estimated. Recognizing the heterogeneity of the production functions and SBTC
across 3-digit sectors improves the model account of the differential change in skill in fast- vs.
slow-growing firms in manufacturing and other services. In particular, the gap (between model
and data) decreases from 27 to 18 percentage points in manufacturing and from 13 to 5 percentage
points in other services. The improvement of the fit results from both the higher skill-elasticity (in

manufacturing) and the steeper pattern of SBTC across the growth quartiles (in both sectors).

Counterfactuals

We conclude this section by conducting counterfactual analyses to explore the role played by the
three mechanisms — SBTC, relative wages and scale — in the evolution of skill predicted by the
model. The starting point are the values of g fst, VL f,sts Wfst, Whfst, Wesst, and Lys; computed
for each firm in 2000 and 2018 in section 6.2. Given those, we compute the counterfactual levels of
skill in 2018 if only one of the three forces changed to the 2018 level keeping the other two at their
level in 2000.2

Table 11 reports the average increase in skill across all firms in each sector for each of the three
counterfactuals. There are two main findings. Scale and SBTC contribute by a similar amount to
the (weighted) average predicted increase in skill between 2000 and 2018 by the model. In both
cases, the increase is around 1.5 percentage points while the overall increase in the model is 3.14

percentage points. Changes in the average skill level induced by SBTC are more correlated across

Z3We compute the predicted level of skill first by computing the predicted levels of employment in each occupation
using equation (6), and then computing skill as the wage bill share of high skill workers combining the predicted levels
of employment and the relevant wages.
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sectors with the overall changes predicted by the model than changes induced by scale (0.86 vs.
0.28). These findings suggest that cross-sectoral differences in SBTC, and not in the average change
in scale, are the main driver of the variation across sectors in the change in skill predicted by the
model. However, both scale and SBTC are equally important to understand the aggregate change
in skill predicted by the model.

Next, we study the drivers of the model predictions for the evolution of skill within sectors by
calculating the average change in skill for the firms in the bottom and top quartiles of the growth
distribution under each of the three counterfactuals. (See Table 12.)>* The main finding is that
scale is the only force driving the differential change in skill produced by the model between fast-
and slow-growing firms. Let’s use professional services as an example that reflects the broader
patterns. Scale reduces skill among the firms in the bottom quartile of the growth distribution
by 4.75 percentage points and increases it among the firms in the top quartile by 11.28 percent-
age points. Therefore, it contributes to increasing the gap in skill between fast and slow growing
firms by 16.03 percentage points. This differential increase reflects the entire differential increase
predicted by the model which is 12.45 percentage points. In contrast, SBTC produces no differ-
ential increase in skill for fast vs. slow growing firms (-0.13), and relative wages produce a larger
increase for slow than for fast growing firms (-2.48). Across sectors, scale produces an average
decrease in skill by 1.61 percentage points for the firms at the bottom growth quartile and an aver-
age increase by 4.1 for the firms at the top growth quartile. As a result, scale produces an average
differential increase in skill between fast and slow growing firms of 5.71 percentage points, larger
than the average differential produced by the model of 3.93 percentage points. SBTC produces an
average differential increase for fast vs. slow growth firms of 0.12 percentage points and relative
wages a differential reduction by 1.71 percentage points.

In addition to driving the average differential change in skill in fast- vs. slow-growing firms
predicted by the model, scale is responsible for its variation across sector. The correlation be-
tween the differential change in skill predicted by the model and under the scale counterfactual
across sectors is 0.99. In contrast, the average changes in skill under the SBTC and the relative
wages counterfactual are essentially uncorrelated across sectors with the average change in skill
predicted by the model.

Furthermore, scale is not only key to account for the variation in differential change in skill

2422 in the Appendix contains the analysis for the firms in the middle 50% of the growth distribution. The findings
are similar to those for the aggregate of all firms.
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Table 10: Increase (Percentage points) in skill-intensity from 2000-2018, Group-specific SBTC

All Firms Middle 50% Bottom Quartile Top Quartile Top-Bottom
Data Model Data Model Data  Model Data Model Data Model
21 Mining 0.97 1.68 1.07 0.68 -3.55  -10.82 532 16.31 8.87 27.13
22 Utilities 6.07  5.60 6.49 5.42 0.74 -4.73 1054 16.28 9.80 21.01
23 Construction 286 234 1.98 1.15 2.24 -2.42 5.27 9.50 3.03 1192
31 Manufacturing 272 235 1.84 2.16 1.31 13.70 5.87 -8.61 456 -22.31
42  Wholesale Trade 360 3.66 4.02 4.04 -1.89 -3.57 823 10.15 10.12  13.72
44 Retail Trade 0.42 0.21 1.06 0.87 -3.23 -2.79 2.78 1.91 6.01 4.70
48 Transportation 034 -0.15 061 -0.04 -0.52 -1.67 0.66 1.13 1.18 2.80
49 Warehousing -0.46  0.04 -0.88 -1.63 1.34 8.41 -1.42 -5.03 -2.76  -13.44
51 Information (ex. Tech) 7.18 5.11 5.16 3.99 5.29 -11.86 13.11  24.30 782 36.16
518 Tech (see note below) 8.16 8.00 11.01 1299 1.63 -6.97 899  13.00 736  19.97
52 Finance and Insurance  8.70 9.26 9.82 1041 0.59 -3.12 1455 19.32 13.95 2243
53 Real Estate, Rental 3.21 2.51 3.98 3.19 -1.12 -1.06 5.99 4.73 7.11 5.79
54  Prof., Sci., Tech. Serv. 6.83 7.00 7.27 8.25 0.14 -6.16 12.63  17.65 1249 23.81
56 Admin., support serv. 3.04 2.71 1.60 0.53 4.73 18.71 4.21 -8.92 -0.52  -27.62
61 Educational Services 370 414 3.94 4.75 -0.49 0.11 7.42 6.96 791 6.85
62 Health Care, Soc. Assis. 0.65  -0.15 1.46 1.36 -5.88  -19.81 555 1647 1143  36.28
71 Arts, Ent., Rec. 0.65 0.68 191 1.44 -3.73 -4.05 2.51 3.89 6.24 7.94
72 Accomm., Food Serv. -0.05 -0.82 022 -044 -0.33 -0.64 -0.31 -1.79 0.02 -1.15
81 Other services 4.33 4.60 3.57 341 1.10 8.24 9.09 3.32 799 491
Weighted Average 3.31 3.07 3.54 3.65 -1.07 -3.50 7.21 8.53 828 12.03
Weighted Correlation 0.99 0.99 0.72 0.63 0.76

Note: Weighted correlation reports correlation between data and model across sectors using the sector’s wage bill share
in the economy as weights.

predicted by the model across sectors, it is also critical to account for the variation in the differ-
ential change in skill observed in the data. The (weighted) correlation across sectors between the
differential change in skill between fast- and slow-growth firms under the scale counterfactual
and in the data is 0.68.

In the Appendix, we have explored the robustness of these findings to adopting the version
of the model with quantile-specific SBTC. (See Table A8 and Table A9)* The main conclusions
are robust to using this specification. In particular, scale continues to account for about half of the
average increase in skill across firms. It now accounts for an average differential increase in skill in
fast- vs. slow-growing firms of 8.3 percentage points (vs. 5.7 in the baseline). The main difference
with the baseline is that SBTC accounts for an average differential increase in skill in fast- vs.
slow-growing firms of 7.25 (vs. 0 in the baseline). However, the differential increases induced by
scale are more strongly correlated with the increases produced by the model than those induced
by SBTC (0.97 vs. .52).

From the counterfactual analysis, we conclude that scale is at least as important as SBTC to

2In manufacturing and other services, we conduct the counterfactual exercises at the 3-digit level and then aggregate
them using the share in the total number of firms in each sector.
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Table 11: Counterfactual increases in skill, All firms Baseline

Channels
Sector Model | SBTC Wages Scale
21 Mining 1.61 -0.83 -0.16 267
22 Utilities 5.43 6.54 -0.37 -0.61
23 Construction 2.25 2.26 -046 048
31 Manufacturing 2.52 1.56 082 015
42  Wholesale Trade 3.79 3.65 -0.02 0.15
44 Retail Trade 0.21 0.23 021 -0.22
48 Transportation -0.16 | 019 -038 0.03
49 Warehousing 0.42 236 -0.71 -1.08
51 Information (ex. Tech) 5.04 4.83 0.79  -0.53
518 Tech (see note below) 7.56 3.78 0.04 4.27
52 Finance and Insurance 9.19 5.86 0.21 3.20
53 Real Estate, Rental 2.60 2.15 0.46 -0.04
54  Prof., Sci., Tech. Serv. 7.26 3.55 0.50 3.51
56 Admin., support serv. 3.01 3.22 035 -0.60
61 Educational Services 4.24 2.60 0.85 0.92
62 Health Care, Soc. Assis. -0.10 | -3.32 -0.39 3.60
71 Arts, Ent., Rec. 0.66 -0.64 0.61 0.71
72 Accomm., Food Serv. -0.84 -0.59 0.00 -0.27
81 Other services 4.65 422 0.91 -0.55
Weighted Average 3.16 1.49 022 151
Weighted Correlation 0.86 0.44 0.28
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Table 12: Counterfactual changes in skill by growth quartile, baseline

Bottom 25% Top 25% Top—Bottom

Model SBTC Wages Scale ‘ Model SBTC Wages Scale ‘ Model SBTC Wages Scale
21 Mining -7.16  -0.98 -0.63  -5.65 1249  -0.93 020 1327 | 19.64 0.05 0.84 18.92
22 Utilities -0.07 744 -120 -544| 1208 783 -010 383 | 1216 0.39 110 927
23  Construction -1.81 255 089 -3.17 6.62 230 -020 423 843 -0.26 070 740
31 Manufacturing 15.04 1.06 147 11.81 | -11.39 1.51 -0.34 -12.08 | -26.42 0.45 -1.81 -23.89
42 Wholesale Trade 220 375 019 -126 535  3.69 010 145 315 -0.05 029 270
44  Retail Trade 050 022 -047 076| -032 021 0.65 -115| -0.82 -0.01 112 -1.92
48 Transportation -1.13 0.19 -1.20  -0.12 0.18 0.19 -0.18 0.17 131 -0.01 1.02 0.29
49 Warehousing 8.00 176 067 645| -553 191 015 -6.89 | -13.54 0.15 0.83 -13.33

51 Information (ex. Tech) 983 421 248 -1634 | 1894 486 -1.76 1598 | 2877  0.66 -425 3231
518 Tech (see note below) 215 299 155 -7.01 1499  3.44 -0.55 1344 | 1714 045 211 2044
52 Finance and Insurance 548 570 094 -120| 1321 5.81 -0.09 7.88 773 011 -1.03 9.07

53 Real Estate, Rental 323 215 0.85 0.17 154  2.00 021 -0.24 -1.69  -0.15 -1.05  -041
54 Prof., Sci., Tech. Serv. 0.85 3.30 2.16 -4.75 13.30 3.17 -0.32  11.28 1245 -0.13 -248 16.03
56 Admin., support serv. 1743 248 1.32 1233 | -10.02 2.69 -0.70 -11.19 | -27.45 0.20 -2.02 -23.52
61 Educational Services 488 259 3,51 -1.08 275 230 -1.77 2.21 213 -0.29 -5.29 3.28
62 Health Care, Soc. Ass. -13.32 -3.37 1.33 -11.24 12.40 -2.98 -1.45 16.15 25.72 0.38 -2.78 27.39
71 Arts, Ent., Rec. 0.80 -0.65 262 -1.11 1.25 -0.69 -0.71 2.69 045 -0.04 -3.34 3.80
72  Accomm., Food Serv. 1.08 -0.45 0.00 1.62 276  -0.54 0.00 -2.34 -3.83 -0.10 0.00 -3.96
81 Other services 11.63 4.19 4.18 3.10 -1.27 4.03 -1.13 -4.06 | -12.89 -0.17 -5.31 -7.17

Weighted Average 0.94 1.34 116 -1.61 494 1.47 -0.56 4.10 3.93 0.12 -1.71 5.71

Weighted Correlation 0.57 0.11 0.94 0.04 -0.31 0.96 0.03 -0.15 0.99

Note: Weighted correlation reports correlation between model prediction and each counterfactual
across sectors using the sector’s wage bill share in the economy as weights.

account for the aggregate increase in skill observed between 2000 and 2018 in the US, and it is
the key driver of the large variation in the evolution in skill observed within sectors in fast- vs.

slow-growing firms.

7 Conclusion

Production is non-homothetic, in the sense that the scale of operations drives the worker mix
in firms in all sectors of the economy other than transportation and administrative and support
services. There is significant variation across sectors in the direction and magnitude of non-
homotheticities. In 11 of the 17 non-homothetic sectors, scale leads to an increase in the skill
intensity, while in the remaining 6, it leads to an increase in the intensity of un-skilled workers.
To demonstrate these important features of production functions, we have proceeded in three
steps. First, we have developed a framework where, other things equal, the scale of operations
measured by the efficiency units of labor may affect the optimal skill intensity of firms. Second,
we have assembled firm-level datasets that include the relevant observable variables, as well as

instrumental variables to identify the causal effect of scale on skill. Third, we have shown that
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the causal effect of scale on skill operates through non-homotheticities as the estimates of the
skill-elasticity are unaffected by allowing for SBTC to differ across firms at different growth quar-
tiles/deciles.

Non-homotheticities in production have implications for a wide range of significant macroe-
conomic issues. In this paper, we have applied them to explore the drivers of the evolution of skill
intensity. We have shown that variation in scale is a key driver of skill intensity. In particular,
changes in scale have been critical to understand the average evolution of skill intensity both at
the sector level and the differential evolution of skill between fast- and slow-growing firms.

Failing to recognize the role of scale on the evolution of skill leads to biased estimates of SBTC
and the elasticity of substitution between skilled and unskilled workers, and to providing an incor-
rect account of the drivers of the evolution of skill intensity at the firm, sector and economy-wide
levels.

In future work, we intend to explore other implications of production non-homotheticities.
For example, our model has implications for the number of efficiency units of labor per worker.
This dimension of firm productivity has largely remained unexplored. Variation in efficiency units
per worker across firms induces variation in revenue-based measures of productivity (TFPR). In
contrast to conventional wisdom, this variation does not reflect market power or other distortions
in the economy. Therefore, non-homotheticities also have implications for the measurement of
misallocation. Finally, in our study, we have taken the firm-size distribution as given. It would
be interesting to explore the joint evolution of scale, productivity and prices in non- homothetic

environments.
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A Appendix

A.1 Proof of proposition 1

o (R 1) (1
Let’s define X = 1 + (M) ples-D0-a) g

(A=vHst) \ Wht fSAt
Part a):
1
aLfst/Zfst Lfst ® 1_9 1 (WHt >
= [ = Xl& o (X —1)] (1 — s | ———1 30
aWLt/WHt Lfst [ ] [ 5( )]( ’)/Hst) WLt ( )
Therefore g;vf:;;évf; > 0 iff VIX,—IZZ > 1.
Part b):

_ 1
OLga/Lpst Lyt \™ X571 f Ly 9X 1 L (War
oL \L L X oL, ) )"\,
fst fst fst fst Lt

where

L¢y;0X X-1
fst _ (R _ .
(XaLfs) = (R -1)(1-0) " (32)

After some algebra, it follows that

- A 1

aLfst/Lfst _ Lfst » [X]”S 1(X_1)(1_')’Hst)‘75 (1_8R)WHt I:l_ (1_05) (1_ WLt)]

aLfsi,‘ ffst Lfst ° Wy X Wh:
(33)

which when Wy > Wy, is positive iff eR < 1.

A.2 Cobb-Douglas as Limit to NhCES

TBD

A.3 Additional Tables
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Table A2: Coefficient of regressing efficiency units per worker on firm scale

P15 £§
21 Mining -0.20277 2.07
22  Utilities -0.43352 257
23 Construction -0.08674 1.67
31 Manufacturing -0.23481 2.13
42  Wholesale Trade -0.14659 2.27
44 Retail Trade 0.028447 0.77
48 Transportation 0.05634 1.02
49 Warehousing 0.240382 0.44
51 Information (exc. Tech) 0.432829 0.34
518 Tech (see note below) 0.41455 0.56
52  Finance and Insurance 0.402079 0.49
53 Real Estate, Rental 0.010558 1.03
54  Prof., Sci., Tech. Serv. 0.4675 0.49
56 Admin., support services -0.14376 2.18
61 Educ. Serv. 0.165716  0.82
62 Health Care, Soc. Assis. 0.723079 0.12
71 Arts, Ent., Rec. 0.092499 0.79
72 Accomm., Food Serv. 0.047836 0.63
81 Other services -0.01411 1.24
Weighted Correlation (o1 5, €X) -0.91

50



15/ m/ 54, g M JO 9181 3M0I13 dY) JO J[D3P Y}X Y} S9}0USpP XP :9}0N

Yol'L Yol L %EL  %L9  %0OG %00 %CO %80~ L0  %07C ¥00 €1 v00 4L¥v'C SOIARS YO 18
%V'G %SL %6’ Il %LO0L  %0F %00 %CL  %VSl- %67<Cl- %6'9- | 800 LEO - 00T  "AISS POOq “WWONY 7/
%Y 0= %NGEL WLTL  %LOL  %ITL %00 %ELL- %L8  %SC€C- %V<TC- | L0000 ¢80 F00 981 O “WF SHY 1L
%L~ %L'9  %6T  %6'G %G8 %00 %ILT %S TV %VIVP- %6FE- | TO0 ST0 T00 €81 SISV D0S“DUiedH 79
%8€C€L  %IVL  WETIL %LL  NLS %00 %E0-  %C8 %09 %80~ | €00 €80 L00 107C ‘AlaG [euoneonpy 19

%8¢ %1°C %9C  %lC  WL'C %00 %CO %C'1 %C'C %S°C 600 ¥I'C 900 <61 ‘A19s “ddns “unupy 99
%G'GT  %C8CT  %STE %CST %ITC %00 %8E %86~ WLTL- %ET- | €00 SS0 <C00 £L9T  "AI_S YL “DS“JoId S
%18 DGEC  NCVC %6 LL  %6ST %00 %V1T-  %67<Cl- %S0l- %CT- | 800 <60 SO0 971 [eIuSy ‘Oelsg ey €§
%868  NGEE  NLOE %I %CTC W00 WLVL WST %V IL- %S0 IT0 $90 <00 9¢1 adueInsuy ‘adueul] g9
%06L %S9 %SGl %CSl WlVY %00 %94 %16 %S %9F- | OT0 S90 TI'0 S8T (MO[2qd0uads) YL 8IS
Y6y %908 %61V %98 %YYL %00 %00C %C8 %8LL  %8TC | TO0 9€0 SO0 ¢€T (Yool Xo) uonewropu Ig

%LST %80T~ %9ST %0T- %08 %00 %98L %IT  %L'S  %LSC | 600 IS0 00 0€0 Suisnoyarepm  6F
%PIL %P %6'ST LT %L %00 %88 %I0-  %SF %S0 | F00 P01 - G1'0 uoneyrodsuery,  gf
%EG  %LFL  %LOT %COL %IL9 %00 %9S  %P9l- %9TT- %TTl- | SO0 060 TO0 650 opelL [rey ¥
%WLTE  %66T  %TST %FST %LIT %00 %h¥  %EEl- %LTL- %Se | 610 IFT T00 880 apel[, o[es’[OYM ¥
%OT %80  %L0  %L0 %S0 %00 %0~ %F0- %00 %S0 | 200 €I'c T00 SIT Surmpoenuey  1¢
%89E  %S6T  UVFC WEGL %6L %00 %I %ET- %99S  %S6l | SO0 FLT T00 THO uondNISU0) €7
WBLTIL  %L8S %969 %0LV %SLS %00 %S0l  %E0-  %L9-  %E€6 |T€0 LLT TIO SHO SaUMN 7T
%09 %ETIL  %E0  %FET %V'8T %00 %S9G- %F8G %ETO %LT | L0O 10T - GI'0 Summy 1z
0P 6P 8p Lp 9p  <Sp P €p Tp Ip| s g2 s 0 103235
d[ap yymoid £q D14S

3TI9P YIMmoI13 Yyoea 03 oywads DI1GS YIIm Sajewnysa [9POIA €V d[qeL

51



geo- 00 ¥CT V00 Z¥FT  9¥8FE | 95°0- ¥00 8CT L00 00€ €PPCL SIOIARS YO 8
670~ 00 190 - 001 €LT'L €e0- Y00 490 - 00T T149C ‘AISG POO] “WODY 7/
L1°0 £L000 080 V00 981 €00vC | £T0 800 990 S00 641 LI66 N WHSHY T4
140 ¢00 ¥I'0 100 €81 €99°04T | ¥2°0 200 050 200 9¥T €206 ISISSY D05 D UesH 79
L1°0 €00 €80 £L00 10T  90¢6l | SILO 900 080 600 94T TLI'8 ‘ALSS oNpH 19
L0'T- 600 91'C 900 ¢T6'1 €89°GC | 08°0- IT°0 88T 600 061 6072 A1ds “ddns “unupy 96
1€°0 €00 ¢90 <C00 991 ¥289% | ¥1°0 700 880 900 0TT /LPL'€C ARG YdRL “DS“JoI  ¥9
<00 800 960 S00 L¥'1 €LYIT | 20°0- 800 €0T 600 99T 648¢C [eyuay ‘ojeisH [y ¢S
L1°0 IT0 190 %00 ¢<€1 00T'1S | 90°0 010 060 CI'0 4ST 98101 9dueInsu] pueodueul] gg
€0 010 €90 <¢I'0 981 ¥09'C 9¢0 gc0 9%'0 <TC0 891 69 (moO[aq j0u 39s) Yoo, 81§
a8'0 200 9¢0 SO0 TET  96€'8T | 040 700 6€0 800 91T 0529 (Y91 x°) uonewrioju] g
9¢°0- 600 6¥'0 L00 6C0 a88’e 0 900 ¥£°0 - GI'0 o911 Suisnoyarep 6%
€00 700 701 - §ro gc1'oc | 00 900 901 - ST0 6719 uoneprodsuer] gy
£0°0- G600 €80 <00 890 qcr'e9 | 11°0- 00 TLO0 ¥00 090 ¥S0'61 OpeIL [Te1dy  ¥¥
800 920 ¥4T 200 060  084¢L | €00 610 SI'T ¥00 080 TI0ZT OPeBIL 9[eSA[OYM ¥
€T 200 €I'C 200 8I'C  TSTI9L | 8TI- 00 9T €00 ¥6T 91599 SuumpeynueN  [¢
170 G600 IZT <00 ¢ro 6S9°TZ | 91°0 800 0¢T €00 SF0 619°€C uondNOsuo) ¢
00T 820 04T TII'0 I¥0 89901 | 460 ¥20 T€T 910 920 OILY SonIMmN  C¢
160 £L00 £0C - GI'0 78t €c0 800 6€1 - ST0 6111 SuruiN T
TIPS ¥es 42  Yos ewdls  sq0Q  PIPIS YOS 2 s 0 'sq0
ardures g ardures pajornsay

pandur saahordws jo 9,01 uey) ssaf yam afdwues pajornsar ur pue afdwes [nJ ur seyewnsa jo uostredwo)) Fy d[qeL,

52



Table A5: Variance decomposition of In(a Hfst excluding firm random effects)

Var(Ina f,) R*> SBTC Rel. wages Scale

21  Mining 0.67 38% 0% 15% 23%
22 Utilities 0.40 29% 3% -10% 36%
23 Construction 0.46 14% 2% 12% 1%
31 Manufacturing 0.43 15% 0% 5%  10%
42  Wholesale Trade 0.41 4% 1% 1% 2%
44  Retail Trade 0.44 10% 0% 8% 2%
48 Transportation 0.54 34% 0% 34% 0%
49  Warehousing 0.53 34% 0% 37% -3%
51 Information (exc. Tech) 0.38 30% 1% -14% 42%
518 Tech (see note below) 0.16 21% 1% -26% 46%
52  Finance and Insurance 0.23 6% 2% -6% 10%
53 Real Estate, Rental 0.66 1% 1% 0% 0%
54  Prof., Sci., Tech. Serv. 0.19 7% 1% -25% 32%
56  Admin., support serv. 0.95 35% 0% 7%  28%
61 Educ. Serv. 0.15 -10% 0% -28% 18%
62 Health Care, Soc. Assis. 0.63 53% 0% -17% 70%
71  Arts, Ent., Rec. 0.44 -1% 0% 2% 1%
72  Accomm., Food Serv. 0.93 0% 0% 0% 0%
81  Other services 0.66 34% 0% 28% 6%
Weighted Average 19.0% 0.5% -5.8% 24.2%
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Table A6: Estimates of model with quartile-specific SBTC for 3-digit sectors

Skill- Growth in yp 6
o se, €R  sex elast. Bott. Q. Midd. TopQ.
311 Food, beverage, and tobacco 230 0.08 199 0.04 -1.29 0.5% 0.6% 1.1%
313 Textile, textile product mills 191 0.11 217 0.14 -1.06 01% -1.1% 0.9%
315 Apparel, and leather 3.86 0.16 198 0.06 -2.81 0.0% 0.0% 0.0%
321 Wood product 172 011 277 020 -1.27 -1.0%  -1.0%  -1.0%
322 Paper 141 012 330 0.61 -0.93 05%  00%  3.1%
323 Printing and related support ~ 1.19 0.08 5.06 219 -0.77 -09%  -0.9% 6.5%
324 Petroleum and coal products 031 035 195 033 0.66 -11.6% 259% 53.5%
325 Chemical 1.87 0.08 129 004 -025 0.6%  37%  83%
326 Plastics and rubber products  1.90 0.08 238 0.10 -1.24 0.0%  0.6% 1.4%
327 Nonmetallic mineral product 0.64 0.08 0.90 0.17 -0.03 0.6% -01%  3.5%
331 Primary metal 213 017 181 0.07 -091 01%  02%  1.0%
332 Fabricated metal product 141 005 442 039 -141 -0.6%  05%  2.8%
333 Machinery 221 0.06 192 0.04 -1.12 -04%  05%  1.3%
334 Computer, electronic prod. 233 011 082 0.07 024 13.4% 13.8%  30.6%
335 Electrical equip., appliance 305 013 164 0.04 -131 0.2% 0.2% 0.3%
336 Transportation equipment 357 014 145 0.01 -1.15 01%  02% 0.2%
337 Furniture and related product 148 0.08 2.64 028 -0.79 3.0% -02%  0.6%
339 Miscellaneous 172 006 199 016 -0.71 3.0% 3.0%  6.8%
Average -1.00 0.7% 1.5% 4.5%
811 Repair, maintenance 076 0.05 055 022 -0.11 0.8% -12% 21.6%
812 Personal and laundry services 1.64 0.13 127 0.08 -0.18 77%  -9.9% 4.1%
8122 Death care services 045 013 113 022 007 -56.6% -142% -13.1%
8131 Religious organizations 282 011 085 0.04 028 9.3% 13.1% 41.6%
8132 Grantmaking, giving services 3.19 0.21 137 0.09 -0.82 0.0%  0.4% 0.7%
8133 Social advocacy organizations 2.59 0.08 041 0.07 094 -22.8% -102% 19.5%
8134 Civic and social organizations 5.28 0.10 179 0.02 -3.36 0.0%  0.0% 0.0%
8139 Business, professional, labor, 255 0.07 054 0.04 0.71 12.6% 22.5%  54.7%
political organizations
Average -0.40 -03%  5.0% 24.5%
Table A7: Comparison of change in skill Top-Bottom growth quartiles
Baseline Quartile-specific SBTC 3-Digit
Sector Data Model Data Model Data Model
Manufacturing 4.56 -26.42 4.56 -22.31 427 -13.42
Other Services 7.99 -12.89 7.99 -4.91 786  3.04
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Table A8: Counterfactual changes in skill (average across all firms), quartile-specific SBTC

Model SBTC Wages Scale

21 Mining 1.68 -0.87 -0.18 230
22 Utilities 5.60 6.95 -0.35 -1.07
23 Construction 2.34 2.29 -047 042
31 Manufacturing 238 1.86 0.63  0.06
42  Wholesale Trade 3.66 3.49 -0.03 0.14
44 Retail Trade 0.21 0.18 0.19 -0.15
48 Transportation -0.15 014  -037 0.08
49 Warehousing 004 171 -0.71  -1.05
51 Information (exc. Tech) 5.11 491 0.81 -0.45
518 Tech (see note below) 8.00 5.27 -0.01  3.65
52 Finance, Insurance 9.26 6.20 0.22 3.05
53 Real Estate, Rental, Leasing 2.51 1.96 0.46 0.06
54 Prof., Sci., Tech. Serv. 7.00 3.86 047 3.40
56 Admin., support serv. 271 299 034 -0.72
61 Educational Serv. 4.14 2.51 0.77 0.92
62 Health Care, Social Assist. -0.15 -3.35 -0.41 3.68
71 Arts, Ent., Rec. 0.68 -0.62 0.64 0.66
72 Accomm., Food Serv. -0.82 -0.33 0.00 -0.19
81 Other services 4.03 3.02 055 0.85
Average 3.08 157 0.17 1.5
Corr. with model 0.88 047 0.25

Note: The model estimates and counterfactuals for manufacturing and other services are at the 3-digit
and then aggregated using the share of observations in each 3-digit sector. Average change in skill and
correlation between counterfactual and model are computed weighting each sector by its wage bill share in
the economy-wide wage bill.
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Table A9: Counterfactual of differential changes in skill in fast-vs. slow growing firms, quartile-
specific SBTC

Model SBTC Wages Scale

21 Mining 2713 11.28 0.87 14.89
22 Utilities 21.01 16.82 1.07 2.84
23 Construction 11.92 3.14 0.70 7.17
31 Manufacturing -1342 365  -153 -14.51
42  Wholesale Trade 13.72  11.78 0.33 1.49
44 Retail Trade 4.70 5.01 1.10 -1.39
48 Transportation 2.80 1.16 1.00 0.66
49 Warehousing -1344 231 0.77 -10.83
51 Information (exc. Tech) 36.16 5.99 -4.33  34.72
518 Tech (see note below) 1997  6.23 -1.97  16.64
52  Finance,Insurance 2243 14.05 -1.04 10.24
53 Real Estate, Rental, Leasing 5.79 6.19 -1.08 0.60
54 Prof., Sci., Tech. Serv. 23.81 10.82 244 17.55
56 Admin., support serv. -27.62 000 -196 -22.96
61 Educational Serv. 6.85 9.02 -5.25 3.33
62 Health Care, Social Assist 36.28 6.62 -2.85 32.10
71 Arts, Ent., Rec. 7.94 7.35 -3.49 3.79
72 Accomm., Food Serv. -1.15 4.30 0.00 -5.64
81 Other services 3.04 626 -5.14 3.44
Average 13.41 7.25 -1.68 8.31
Corr. with model 0.52 -0.28 0.97

Note: The model estimates and counterfactuals for manufacturing and other services are at the 3-digit
and then aggregated using the share of observations in each 3-digit sector. Average change in skill and
correlation between counterfactual and model are computed weighting each sector by its wage bill share in
the economy-wide wage bill.
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