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Abstract

When explaining the declining labor income share in advanced economies, the
macro literature finds that the elasticity of substitution between capital and labor is
greater than one. However, the vast majority of micro-level estimates shows that capi-
tal and labor are complements (elasticity less than one). Using firm- and establishment-
level data from Korea, we divide capital into equipment and software, as they may
interact with labor in different ways. Our estimation shows that equipment and la-
bor are complements (elasticity 0.6), consistent with other micro-level estimates, but
software and labor are substitutes (1.6), a novel finding that helps reconcile the macro
vs. micro elasticity discord. As the quality of software improves, the labor share
falls within firms because of factor substitution and endogenously rising markup. In
addition, production reallocates toward firms that use software more intensively, as
they become effectively more productive. Because in the data these firms have higher
markups and lower labor shares, the reallocation further raises the aggregate markup
and reduces the aggregate labor share. The rise of software accounts for two-thirds of
the labor share decline in Korea between 1990 and 2018. The factor substitution and
the markup channels are equally important.

Keywords: Labor income share, markup, elasticity of substitution, software-embodied
technological change, reallocation

“We thank Salomé Baslandze, Andrea Eisfeldt, Bart Hobijn, Matthias Kehrig, Joseba Martinez, and Ezra
Oberfield for helpful comments and Sungjoong Kim and Hyunjung Joo for their assistance at the Regional
Data Center of Statistics Korea.

1LKyung Hee University: aumsang@gmail.com.

tWashington University in St. Louis, Federal Reserve Bank of St. Louis and NBER: yshin@wust1.edu.



Software is eating the world.
— Marc Andreessen (The Wall Street Journal, August 20, 2011)

1 Introduction

The labor share remained more or less constant for much of the 20th century. For
example, Keynes (1939) wrote that “the stability of the proportion of the national
dividend accruing to labour” was “one of the most surprising, yet best-established,
facts.” However, the labor share started a downward trend in the United States and
other advanced economies since the 1980s. With the heightened interest in economic
inequality after the financial crisis of 2007-08, economists have raised a variety of
explanations for the decline of the labor share, as reviewed by Aum and Shin (2020)
and Grossman and Oberfield (2022).

One of the leading explanations is that capital and labor are substitutes, and the
more efficient production of capital goods reduced the labor share over time (Karabar-
bounis and Neiman, 2013). This explanation however is at odds with the majority of
micro-level estimates that find capital (specifically equipment) and labor are actually
complements, with an elasticity of substitution less than one (Antras, 2004; Raval,
2019; Oberfield and Raval, 2021, among others).

We address this macro vs. micro elasticity discord by dividing capital into equip-
ment and software, as their interactions with labor may differ. We estimate the elas-
ticity of substitution across software, equipment, and labor, both at the micro and
the macro levels. We then quantify the distinct role of software and equipment price
changes (or software/equipment-embodied technological changes) in driving the de-
cline of the labor share.

The macro elasticity differs from the micro elasticity, because changes in factor
prices not only alter the factor income shares within firms, but also reallocate re-
sources across firms that are heterogeneous in factor intensities (Houthakker, 1955;
Jones, 2005; Oberfield and Raval, 2021). The estimation of the macro elasticity there-
fore requires micro-level data capturing this cross-sectional distribution of factor
shares. More important, for the purpose of separating the elasticity of substitution
between software and labor from that between equipment and labor, one needs
micro-level data by capital types. Typically, software is lumped together with other
intangibles, a category with immense measurement problems.

We use firm-level and plant-level data from Korea, where firms keep track of their

software investment to comply with local accounting standards, separately from other



categories of intangibles that are more prone to missing values and other measure-
ment problems.

There are reasons to think that software deserves separate investigation. For one,
the evolution of the software investment share in the aggregate time series in the US
aligns with the dynamics of the labor share, whereas the equipment share does not
(Aum and Shin, 2020). For another, software and equipment usage varies across occu-
pations in the US data, with software being primarily used by high-skill occupations
and equipment by middle-skill ones (Aum, 2020), which suggests that the two interact
with labor in different ways.

We start with two empirical patterns in the Korean data that further validate the
case for investigating software separately from equipment. First, firm-level panel re-
gressions show that firms’ software intensity predicts a decrease in the labor share, es-
pecially the income share of non-production, white-collar workers. In contrast, firms’
equipment intensity makes no meaningful prediction either way. Second, in a cross-
section of regions, software expenditure shares and local wages are negatively related,
but equipment shares and local wages do not have a significant relationship.

To estimate the macro elasticity of substitution between labor and the two types
of capital, we build on the approach of Oberfield and Raval (2021). Our contribution
is to allow for three factors (labor, equipment, and software) and variable markups,
which leads to two novel theoretical results. First, in terms of factor substitution, the
role of reallocation depends on the covariance between factor shares across firms, in
addition to the variance of factor shares. This is because, unlike in a two-factor model,
a high software share of a firm does not necessarily imply a low labor share—it could
be that its equipment share is very low and the labor share is also high. Second,
variable markups introduce an additional margin of adjustment in the labor share
both through within-firm and between-firm adjustments in markups in response to
factor price changes.

Using this theoretical framework, we first estimate the micro elasticity of substi-
tution between labor and either type of capital by instrumenting for wage variations
across regions or industries. We find that the elasticity of substitution between labor
and equipment is less than one (0.6), consistent with the micro-level estimates from
the US and other countries. The novel finding is that the elasticity of substitution be-
tween labor and software is greater than one (1.6). We obtain very similar estimates
with firm-level and plant-level data, and with regional shift-share instruments and
industry-level minimum-wage instruments. Because software and labor are substi-

tutes at the micro level, a fall in software price reduces the labor share within a firm.



The effect is aimplified by the variable markups, as firms charge higher markups in
response, further reducing labor shares within firms.

The firms using software more intensively benefit more from the fall in software
prices. They become effectively more productive and hence larger than those using
less software. Using the joint distribution of factor shares and markups from the micro
data, we calculate the macro elasticity, accounting for such reallocation across firms.
In the data, firms with high software shares tend to have lower-than-average labor
shares. (Again, with three factors, they need not.) Hence the reallocation further
reduces the aggregate labor share. Also in the data, high software share firms tend to
have higher markups. The implied low demand elasticity dampens the magnitude of
the reallocation (relative to a constant markup environment). Still, the reallocation to
high markup firms does raise the aggregate markup.

Quantitatively, the decrease in software prices accounts for two-thirds of the labor
share decline in Korea between 1990 and 2018. Slightly more than half of the effect
comes through the markup channel (52 percent), and the rest (48 percent) through the
factor substitution channel. One immediate implication is that the rise of the software
or intangibles income share in the accounting sense, highlighted by Koh et al. (2020),
will underestimate the role of software in the decline of the labor income share by
more than 50 percent, as it misses the impact through the changes in markups. The
effect through the markup channel can be attributed almost equally to within-firm
markup growth and the between-firm reallocation. By contrast, nearly all the effect
through the factor substitution channel is due to within-firm factor substitution.

By contrast, the decline in equipment prices has a negligible effect on the aggre-
gate labor income share, because two opposing effects cancel each other out. The
factor substitution channel pushes up the labor share because equipment and labor
are complements within firms, even after factoring in the between-firm reallocation.
The resulting rise in markups reduces the labor share.

The importance of markups and the between-firm reallocation for the labor share
decline in Korea that we find is consistent with the findings of Autor et al. (2020) and
Kehrig and Vincent (2021) for the US, although they do not specify the cause of the
reallocation. The role of within-firm markup growth in our analysis aligns with the
emphasis on within-firm sales growth in Kehrig and Vincent (2021).

In summary, it is software, not equipment, that substitutes for labor and reduces
the labor income share. The resulting within-firm markup growth and the reallocation
toward high markup firms are quantitatively important channels through which the

fall in software prices reduces the aggregate labor share. Our analysis helps reconcile



the macro vs. micro elasticity discord surrounding the labor share decline. It also
shows that the rise of software is driving the well-documented reallocation toward

large firms with high markups and low labor shares.

Related literature The elasticity of substitution between labor and capital is a cru-
cial parameter in economic theory, and numerous studies have attempted to estimate
it. One complication is that the elasticity at the level of individual firms or establish-
ments may differ from the elasticity at the level of the aggregate economy. Oberfield
and Raval (2021) provide a framework to compute the macro elasticity from micro
elasticity estimates and the distribution of factor intensities across firms. Our work
extends theirs to consider two distinct types of capital that can interact with labor in
different ways and to allow endogenous changes in markups.

Related to our paper, Lashkari et al. (2023) study the interplay of capital-embodied
technological change, labor share, and market concentration. Their focus is the role of
information technology (IT), which has increasing returns to scale. Using French firm-
level data, they find that the elasticity of substitution between IT capital (an amalgam
of hardware and software) and labor is still less than one. (They assume that the
elasticity of substitution between non-IT capital and labor is one.) Our paper separates
software and equipment, and shows that software substitutes for labor but equipment
does not. It also emphasizes the role of variable markups.!

Our work also relates to the macroeconomic literature on capital-embodied tech-
nological change, for example, Greenwood et al. (1997), Greenwood et al. (2000), and
Cummins and Violante (2002). Krusell et al. (2000) showed that capital-embodied
technological change and the complementarity between skilled labor and capital
drove up the skill premium in the US, focusing exclusively on equipment capital. Our
micro data does not allow us to differentiate labor by skill, but we did run a skilled
vs. unskilled labor exercise using aggregate time series. We found that both skilled
labor and unskilled labor are substitutes with respect to software, but skilled labor
is less substitutable. Likewise, both types of labor are complements with respect to
equipment capital, but skilled labor is more complementary. To the extent that the
skill premium result of Krusell et al. (2000) only requires that skilled labor is more
complementary or less substitutable with respect to capital than is unskilled labor,
our findings are consistent.

This paper also relates to the research showing that the decline in the labor share

1A related paper is de Souza and Li (2023). It divides equipment into robots vs. tools, and finds evidence
that robots substitute for labor but tools complement labor in Brazilian data.
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partly reflects the misclassification of labor compensation as capital income, especially
when workers are involved in the production or utilization of intangible capital. Koh
et al. (2020) raised this possibility. Eisfeldt et al. (2023) document a rise in equity-based
compensation of high-skill workers and show that their labor income share did not
fall, when their equity-based compensation is accurately classified as labor income.

Some recent studies have pointed to the role of intangible capital in technologi-
cal advancement (Corrado et al., 2009, 2022). However, few asked whether and how
intangible capital and tangible capital may interact with other production factors in
different ways. Exceptions include Aum and Shin (2020), which showed that indus-
tries with higher software intensity experienced a more rapid decline in labor share in
the US. Another is Aum (2019), which documented that the correlation between labor
and software across regions is distinct from the correlation between labor and equip-
ment.2 Our paper substantiates and rationalizes such suggestive evidence through a
structural estimation of the micro and the macro elasticities of substitution between
equipment and labor and between software and labor.

The data we use in our analysis predate the ebullience surrounding artificial in-
telligence (AI) and its implication for the economy unleashed by OpenAl’s ChatGPT
in 2022. Eisfeldt et al. (2023) provide some evidence that Generative Al, which is an
extremely powerful class of software, is on net a substitute for labor, consistent with
our finding regarding more conventional software.

The rest of the paper is structured as follows. We document relevant empirical
facts in Section 2. In Section 3, we introduce our model framework. We then es-
timate micro elasticities and aggregate them into macro elasticities in Section 4. In
Section 5, we quantify the contribution of software-embodied technological change to
the decline in the aggregate labor income share through various channels. Section 6

concludes.

2 Motivating Facts

In this section, we describe the data used in our analysis and present the distinct

empirical patterns exhibited by software and equipment.

Aggregate Trends Before going into the micro-level data, we provide an overview

of the evolution of the labor income share and the capital income shares by capital

ZRelated, Park (2022) finds that an occupation’s software intensity determines whether its employment
share will grow or shrink during an investment boom.
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type in Korea. The labor income share is labor income divided by the sum of labor
income, capital income, and profits.3 To calculate capital income, one needs estimates
of the gross rate of return for each type of capital. We assume that the gross return R/

for capital type j satisfies the no-arbitrage condition:
R = (1+0)p = (1-9)p) )

where 7 is the net rate of return, p{ is the price of capital j in period t, and &/ is the
depreciation rate of capital j. We use K/, p/, and &/ from the National Accounts, and
the corporate bond rate net of expected inflation to compute gross return on capital

according to (1)—see Appendix B for details.

1980 1990 2000 2010 2020

Fig. 1: Labor Income Share in Korea

Figure 1 plots the aggregate labor income share from 1980 to 2018, which declined
over time, especially in the 1990s and the 2000s.

We plot the ratio between labor income and type-j capital income in log, log wL —
log R;K;j, in Figure 2. Software income grew faster than labor income (black solid line),
whereas equipment income, if anything, decreased relative to labor income (gray solid

line). The growth of software income relative to labor income was most pronounced

30ur measure of the labor income share is the gross labor share adjusted for proprietors’ income (Gollin,
2002; Park, 2020). There have been debates about whether the decline in the net labor share in Korea is
merely a measurement issue related to self-employment. Park (2020) showed that the net labor income
share is sensitive to how one treats the changing share of “self-employed with employees,” whose com-
pensation is already included in total compensation. We follow Park (2020) and make adjustments only for
“self-employed without employees.” Our focus is on the gross labor share, because software, the produc-
tion factor we are interested in, has a higher depreciation rate than other factors. The declining trend of the
gross labor share is barely affected by the proprietor income adjustment. See Appendix B.1.3 for additional
details.
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Fig. 2: Labor Income Relative to Capital Income by Capital Type

in the 1990s and the early 2000s, coinciding with the period of the steepest labor share
decline in Figure 1.* This suggests that the fall in the aggregate labor income share
has more to do with software than equipment.

Researchers typically infer the technological change specific to capital goods from
the declines in the relative price of investment to consumption (e.g., Cummins and
Violante, 2002). Following the literature, we use the five-year moving average of the
inverse of the price of software and equipment investment relative to consumption to
measure the technological change embodied in them.’

Figure 3 plots the relative price of investment to consumption by capital type.
Both equipment (left panel) and software (right panel) have experienced substantial
capital-embodied technological change, inferred from the rapid decline in their rela-
tive price to consumption. It is noteworthy that software price fell more rapidly than
equipment price.

These observations are not unique to Korea. For instance, the changes in the price

4The “other” category of capital (dashed line) in Figure 2 includes residential capital, structure, and
R&D capital.

5One issue with the Korean National Accounts is that the software price index may underestimate
software-embodied technological change. Since 1994, the price index of software investment comes from
the producer price index, which may fail to capture quality improvements. To address this concern, we
adjust the software price index following Parker and Grimm (2000), as does the US Bureau of Economic
Analysis (BEA). BEA makes a bias adjustment of 3.15 percent per year to the producer price index from the
Bureau of Labor Statistics to compensate for the discrepancy between the hedonic method and the matched
model method.
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Fig. 3: Relative Price of Investment to Consumption by Capital Type

The solid lines correspond to Korea, while the dashed lines correspond to the US. We com-
pute five-year moving averages of the relative prices and normalize them to 0 in the year
1990.

of equipment and software relative to consumption are remarkably similar between
Korea and the US, as shown by the solid and the dashed lines in both panels of Figure
3. In addition, consistent with the patterns in Figure 2, Aum and Shin (2020) show
that an industry’s software intensity is the one variable that is systematically corre-
lated with its labor share decline, based on industry-level data from the US. However,
the US micro-level data do not separate software from the broader category of intan-
gibles, which comes with immense measurement problems. For this reason, we turn

to micro-level data from Korea for our analysis.

Micro-level Data We use two datasets that have information on equipment and
software as factors of production at the micro level. One is KISDATA, covering firms
in Korea from 2003 to 2018. This dataset is a compilation of firm-level financial state-
ments, provided by NICE Information Service. It covers firms listed in the Korea Stock
Exchange, as well as those unlisted firms subject to external audit requirements.6
Compared with the National Accounts, our KISDATA sample accounts for 47 and
56 percent of the compensation of employees and the operating surplus, respectively,
of the entire non-financial corporate sector in 2018.

One key advantage of KISDATA is that it reports assets by type, for example, dis-

6The criteria for external audit requirement vary over time. Until 2008, firms whose asset exceeded 7
billion KRW (about 6.4 million USD in 2008) had to be audited externally. Since 2009, firms with (i) assets
greater than 10 billion (12 billion since 2014) KRW, or (ii) assets greater than 7 billion KRW and liability
greater than 7 billion KRW, or (iii) assets greater than 7 billion KRW and more than 300 employees had to
undergo external audits.



tinguishing equipment from software. This is partly thanks to the Korea Generally
Accepted Accounting Principles (K-GAAP). International Financial Reporting Stan-
dards (IFRS) are rule-based and mandate only a minimal number of items in financial
statements. As a result, firm-level financial statements reported under IFRS usually
do not disaggregate firms’ assets by type. However, K-GAAP provides detailed fi-
nancial statement accounts with standard formats.” This unique aspect of the Korean
accounting principles enables us to investigate the separate roles of equipment and
software. We construct firm-level labor compensation, value added, and software
and equipment assets to construct labor share and capital intensities at the firm level.
More details on data construction and summary statistics are in Appendix B.

The other dataset is the establishment-level data from the 2015 Korean Economic
Census. Conducted every five years, the census surveys all establishments with at
least one employee as of December 31 of that year. For those in the manufacturing
sector, the census gathers data on intangible assets by type, including externally pur-
chased software, for all uni-establishment firms and corporate headquarters of multi-
establishment firms.® The census also contains information on annual payroll and
equipment capital, among others. It also records the location of establishments, which

enables us to utilize variations across regions.

Patterns in the Micro-level Data We begin by showing that firms’ software inten-
sity predicts a fall in labor share, but their equipment intensity makes no meaningful

prediction. The regression equation is:

Vit = Vi+ &t + BsSit—1 + BeCit—1 + €t , (2)

where s;;_; is the software intensity (software asset divided by value added) of firm
iin year t — 1, e;;_1 is its equipment intensity (equipment asset divided by value
added), v; is the firm fixed effect, and «; is the time fixed effect.

The estimation results are in Table 1. In the KISDATA, firms’ software intensity
in year t — 1 predicts a faster decline of their labor share (first column) and a higher

sales growth (last column) between t — 1 and t. Firms’ equipment intensity, on the

7Since 2010, listed firms in Korea have adopted K-IFRS and no longer follow K-GAAP. However, com-
panies that had followed K-GAAP before 2010 continue to report detailed accounts. In fact, the number of

firms reporting software as a separate asset type has steadily increased since 2010.

8That is, the census surveys firm-level rather than establishment-level software assets, as intangible
assets at the establishment level are not well defined. In our benchmark analysis, we assume each es-
tablishment of a multi-establishment firm uses the same amount of software as its headquarters—that is,
software is non-rivalrous within a firm. In a robustness check, we limit our sample to uni-establishment

firms and obtain nearly the same result.
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ALabor Share Alog

Total ~ Non-production Production Sales
Sit—1 -0.287** -0.195%** -0.102%*  0.392%**
(0.049) (0.044) (0.013) (0.126)
eir—1  -0.009 -0.006 -0.004 0.030**
(0.007) (0.004) (0.003) (0.015)
N 44,364 43,759 40,626 44,356
R? 0.189 0.207 0.191 0.291

Table 1: Capital Intensities, Labor Share and Sales Change at the Firm Level

Standard errors are clustered at the firm level. ¥, **, and *** indicate significance at the 10, 5,
and 1 percent level, respectively.

other hand, is not significantly related to changes in the labor share, although it does
predict faster sales growth. These results suggest that software may be the driving
force behind the empirical fact documented by Kehrig and Vincent (2021): those es-
tablishments whose labor share fell and sales increased at the same time account for
most of the aggregate labor share decline in the US manufacturing sector.

Another finding is that software intensity predicts a steeper fall in the income
share of non-production workers than that of production workers (second and third
columns). This finding suggests that different workers may be affected differently by
the rise of software, but the limited dimension of worker heterogeneity in our micro-
level data (essentially, production vs. non-production workers) discourages a richer
analysis in this direction.

Aggregating the manufacturing establishments in the census to the region level
(Si-Gun-Gu, of which there are 162), we compute the correlation between the average
wage of a region and the shares of capital income by capital type in the region.’ Fig-
ure 4 depicts the relationship between the log of the ratio of regional expenditures on
capital (either software or equipment) to labor on the y-axis against the log of local
wages on the x-axis. The ratio of software to labor expenditures tends to be higher in
regions with higher local wages (solid gray line). The ratio of equipment to labor ex-
penditures shows, if anything, a negative correlation with local wages (black dashed
line). This cross-sectional pattern complements the time-series evidence in Figure 2,
suggesting that the decline in the aggregate labor share has more to do with software

than equipment. More specifically, the finding that regions with higher wages spend

9Regional average wages are constructed from yet another dataset, Regional Employment Survey, con-
trolling for various worker characteristics.
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Each dot represents a region (Si-Gun-Gu, an administrative unit in Korea). A region’s aver-
age wage is from the Regional Employment Survey, controlled for workers” education, age,
gender, and experience.

relatively more on software but not on equipment points to the possibility that soft-
ware substitutes for labor more than does equipment.

To summarize, the patterns in the Korean data suggest that software may be the
key to understanding the decline in the aggregate labor income share. At the aggre-
gate level, it is software income, not equipment income, that grew at a faster rate than
labor income. At the firm level, software intensity predicts a faster decline in labor
income share, but equipment intensity does not. Furthermore, in regions with higher
wages, establishments have higher ratios of software income to labor income, but no
such relationship exists for the ratio between equipment income and labor income.
Motivated by the multitudes of suggestive evidence, we now turn to a more rigor-
ous and definitive analysis of the role of software in the decline of labor share and
the rise of markups, both within firms and in the aggregate through between-firm

reallocation.
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3 Theory

3.1 Model

To investigate the role of software in shaping factor income shares, we consider a
production function that has software and equipment as separate inputs, as well as

labor and materials. We define a production of firm i as follows.
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Y; is output, L; is labor, K; is tangible capital (or equipment), S; is software, and M;
is material input. ocz-L, leK, ocf, and ocf” are the intensities of labor, equipment, software,
and material input, respectively. All the inputs and intensities have subscript i, the
firm index. Ay, Ak, and Ag represent economy-wide factor-augmenting technologies
for labor, equipment, and software, respectively. For notational convenience, we also

define the value added V; and the equipment-labor bundle X; as follows.
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We note two properties of the production function in equation (3) that are relevant
for our analysis. First, two parameters separately govern the elasticity of substitu-
tion between labor and equipment (c;) and the elasticity between labor and software
(0s). That is, we can capture different labor share responses to technological changes
embodied in different types of capital. Second, all firms are different in how inten-
sively they use each factor, as captured by a;’s, implying that they will be affected
differently by an economy-wide factor-augmenting technological change. As a result,
aggregate changes in factor income shares depend not only on within-firm adjust-
ments but also on the reallocation of the production activity across firms. In other
words, the elasticity of substitution at the aggregate level will be different from the
elasticity of substitution at the firm level, as Oberfield and Raval (2021) showed using
a two-factor production function.

To allow for the possibility that software may trigger changes in markup within

tirms and in the aggregate, we consider a Kimball (1995) aggregator. Specifically, we
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assume that aggregate production Y satisfies
Y HY/Y) =1, (6)
i

where H(-) is an increasing and concave function and Y; is the firm-level production

in equation (3). This aggregator implies the demand for Y; given by

Pi_ (Y Yi_, (P
p_H<Y) orY—h<p), (7)

where I is the inverse function of H'. When H(x) = x“¢, we obtain a standard CES

demand system with the constant elasticity of substitution e.
From equation (7), dIn(Y;/Y) = [(W (pi/p)pi/p)/h(pi/p)] x dIn(p;/p), which

gives the demand elasticity

_W(pi/p)ri/p.
h(pi/p)

Firm i takes the factor prices of labor (w), equipment (), software (g), and the price

€ =

of intermediate input (v) as given. A firm’s profit maximization is

max p;Y; —wL; —rK; — g5; — vM;,
pi,Yi,Ki,Si,M;

subject to equations (3) and (7). The first-order conditions are:

e () (6
ne Yl & U%’

(0 () () ®
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where y;(p;/p) is the optimal markup that satisfies u;(p;/p) = €i(pi/p)/(ei(pi/p) —
1). For notational convenience, we introduced ¢;, the price of the equipment-labor
bundle X;:
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The factor market clearing conditions are
L=)L,K=) Kj,andS=)_5; (14)
i i i

Given L, K, and S, we can solve for the equilibrium from equations (3), (6), (7), (8), (9),
(10), (12), and (14).

3.2 Elasticity of Substitution between Factors
3.2.1 Micro-level Elasticity

We now analyze the changes in factor shares in response to factor-augmenting tech-
nological changes or exogenous changes in factor prices, which are governed by the
elasticity of substitution.

When there are more than two factors of production, there are multiple ways to
define the elasticity of substitution between any pair of factors. For example, the elas-
ticity of substitution between labor and equipment will vary, depending on whether
we fix both output and software or fix only output and allow software to adjust (Stern,
2011). Therefore, we need to first clarify what we call the elasticity of substitution be-
tween factors.

We focus on the simplest one, the Allen-Uzawa elasticity. The Allen-Uzawa elas-
ticity of substitution between factors x and y is defined as

_ CCy
Oxy = ?Cy’
where C is the cost function and C; is its partial derivative with respect to the change
in the price of input x, while all other prices are held constant. In our framework, the
Allen-Uzawa elasticity of substitution between labor and equipment is simply ¢, and

the one between labor and software is o5 in the production function in equation (3).

Proposition 1 (Micro-level elasticity of substitution) The production function parame-

ters o, and o5 satisfy the following.

_ dlani/wLi o dh’lki/(l—ki)
e =1+ dinw/r =1+ dlnw/r (15)
B dIngS;/(wL; + rK;) B dlns;/(1—s;)
o= A T dmw/q v kdinr /g T dngi/g (16)
Proof In Appendix A. [ |

For convenience, we introduce new notations for the factor shares of costs within
firm i
_ rK; 0 = wL;
T wLi+rK" T wL +rK; +gS;”

i
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_ TKi s qSi = UM{
B wLi—I—TKi—l—L]Si’ ! wLi—I—TKi—f—L]Si’ e wL; +rK; +g5; +uM;’

Ki

We denote firm i’s equipment share of expenditures on equipment-labor bundle as
ki = rK;/(wL; + rK;). Similarly, ¢; = wL;/(wL; + rK; 4+ qS;) is firm i’s labor share
of non-material cost, x; = rK;/(wL; + rK; + qS;) is firm i’s equipment share of non-
material cost, and s; = ¢S;/ (wL; 4+ rK; 4 qS;) is firm i’s software share of non-material
cost. Lastly, m; = vM;/(wL; 4+ rK; + qS; + vM;) refers to firm i’s materials share of its
total cost.

Proposition 1 establishes that the direction of change in factor shares in response
to input price changes depends on whether ¢, and o, are greater than one or not.
For example, when the price of equipment (r) falls, the ratio of labor expenditure to
equipment expenditure (wL;/rK;) falls when o, > 1 but rises when ¢, < 1. Similarly,
when the price of software (q) falls, software expenditure relative to expenditures on
labor and equipment (4S;/ (wL; + rK;)) rises when o5 > 1 but falls when 05 < 1.

We obtain the following corollary that input price changes and factor-augmenting

technological changes have equivalent effects on factor shares.

Corollary 1 The production function parameters o, and oy satisfy the following.

dlanl-/sz- dlnki/(l—ki)
, =14 SNRI/WS g alnki/ B ) 17
ST T UmAg/AL T dinAg/A; (17)
o dlnqSi/(wLi + TK{) . dlnsi/(l — Sl‘)
O = AR dinAs JAL + kdinAs/Ax LT dingiAs (18)
Proof In Appendix A. [ |

In other words, we cannot separately identify the impacts of factor-augmenting tech-
nological changes from the impacts of factor price changes on factor shares. One im-
plication is that it is difficult to estimate the elasticities of substitution using aggregate
time-series data on factor shares and input prices, since factor-augmenting technolog-

ical changes are typically unobservable.

3.2.2 Macro-level Elasticity

Since we do not restrict how factor shares or equivalently «;’s in equation (3) are dis-
tributed across firms, the model does not give a well-defined aggregate production
function. However, as in Oberfield and Raval (2021), we can still derive the relation-
ship between the firm-level elasticities of substitution in Proposition 1 and the changes
in the aggregate factor income shares in response to factor price changes. The latter is
the aggregate elasticity of substitution, defined as follows. Note that going from the

usual two factors of production to three requires a new approach.
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Definition 1 (Aggregate elasticity of substitution) The aggregate elasticities of substi-

iy AW Y FW FT 51 .
tution 0%, 07, 0%, 01, and 04 are:

oY =1 dInrK/wL ’ (19)
dlnw

(76’51—d1an/wL, (20)
dinr

_w o dIngS/(wL + rK)

s :1+wL/(wL+1’K) xdnw’ @D

. dIngS/(wL + rK)

s :1+rK/(wL+rK) Xdlnr’ @2)

(_quzl_dlnqS/(wL—l—rK), 23)

dlng

Unlike in Oberfield and Raval (2021), we need to define the aggregate elasticity of
substitution between factors with respect to each input price w, r, and ¢q. That is, even
for the same change in the relative factor price, w/r for example, the corresponding
change in the aggregate factor shares will depend on whether the wage increased or
the equipment price fell. This is because we have three factors of production (equip-
ment, software, and labor), not just two. For example, a firm with a low labor cost
share /; may also have a low equipment cost share x;, if its software cost share s; is
high. In this case, firms that lose less than average from a wage increase do not neces-
sarily benefit more from a fall in equipment price. Accordingly, the reallocation across
firms will depend on which factor price changes, and the change in the aggregate la-
bor share in response to a higher wage can be different from the change in response
to a lower equipment price. This is not the case when there are only two factors, be-
cause firms’ labor share is equal to one minus their equipment share—that is, a perfect
negative correlation between factor shares.!”

In addition, because our model features variable markups, each firm faces a
different demand elasticity. When the price of equipment falls, for example, it
makes equipment-intensive firms effectively more productive than others. If more
equipment-intensive firms face a lower demand elasticity (or higher markup), there

is less reallocation than in the case with a constant markup. With variable markups,

19The presence of material inputs in the production function (3) does not necessarily imply asymmetry
in the elasticity of substitution. This is because material inputs are a combination of factor inputs such as
labor, capital, and software, and hence any change in material price is endogenously determined by the
intensity of each factor input in the material goods production. We assume that factor intensities in the
material goods production are the same as those in the final good production. Related, Oberfield and Raval
(2021) has materials as another factor in the production function, but they obtain symmetry between labor
and capital by assuming that changes in the relative price of materials to capital are proportional to changes
in the relative price of labor to capital. Essentially, materials are produced by combining labor and capital

(in a Cobb-Douglas manner), so there are only two factors of production.
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the magnitude of reallocation across firms depends on how factor intensities are
correlated with firms” markups.!! Again, with three inputs, the fact that labor shares
are positively correlated with markups does not necessarily mean that equipment
shares are negatively correlated with markups.

Now we derive our main proposition that links firm-level elasticities of substitu-

tion to the aggregate elasticities of substitution. We introduce additional notations for

convenience:
k="K, w K 45
T wL+rK" " wL+4+rK+4+4S" " wL+rK+4gS" " wL+rK+gS’
= vM .:wLH—rKi w‘:wLi+rKi—|—qSi
T wL+rK+gS+vM” ' wL+rK’ ' wL+rK+4S”’

o ZULi+1’Ki+qsi+UMi
Y= WL+ 1K+ g5 + oM

where k denotes aggregate equipment share of aggregate expenditures on labor and
equipment, ¢ is the aggregate labor expenditure share of aggregate non-material cost,
K is the aggregate equipment share of aggregate non-material cost, s; is the aggregate
software share of aggregate non-material cost, and m is the aggregate materials share
of aggregate total cost. In addituion, 8; denotes firm i’s expenditures on labor and
equipment as a fraction of aggregate expenditures on labor and equipment, w; is firm
i’s share of aggregate expenditures on non-material inputs, and v; is firm i’s share of

the aggregate total expenditure.

Proposition 2 (Aggregation) The aggqregate elasticities of substitution satisfy

=(1=x)oe +x[0Y0s+ (1= Y)miom + (1 -0 = (1= ")m;) &), (24)
= (1= x)oe +x[C0s + (1= )mgom + (1= 0% — (1= {")m) &, (25)
= (1—¢&Nos + &7 [mlow + (1 —ml)el], (26)
= (1-¢")os + ¢V [mdom + (1 — mg')eS’], (27)
= (1—=¢")os + ¢ [mgom + (1 —mg)ed, (28)
where
_ Yilki =k, _ Lilki—K)(1— k>9 5i Li(ki — k)kibis;
=5k 8 T LR —ke ¢ T ik —bke

0 — Yi(ki — k) (4 — o)) 0im; o l(kl k)(KZ o) 0im;

0 Lilki—k) (6 —a)0; T ik — k) (i — ap)0;

_ Yiwi(si—8) L Liwilsi—s)(li—0) . _  Yiwi(si—s) (ki —x)
&= s(1—s) = st = SK ’

1T Another implication from variable markup is that relative changes in factor share of cost are not equal
to relative changes in factor share of income. We discuss this issue in Section 3.3.
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Li((1—ki) = (A= k)6 —my) —aglOeb - Yi(ki — k) (ki(1 — m;) — aj,)0;€ibi
Yi((T=ki) = A =k)[6(1—my) —aw]o; " Lilki — k) (ki(1 — m;) — a},)0;
g _ Lilsi—s)(si— ol wim; Yi(si—s)(li —a)wm; - Yi(si—s) (ki — aj)wim;

€

€

w
e

= Yi(si —s)(si —af)wi A o af)w; S T o ), ) wi
g Yilsi—s)(1—m;)(si — o)) wieib; v — Yi(si —8) (1 —m;) (€ — ay)wieib;
T Li(si—s)(L—my)(si—ap)w; T Lilsi—s)(1—mi) (4 —a¥)w;
L Yi(si—s)(L—m;) (K — aj)wieib; B 1 dIn p;
T T(si—s) (T —mi) (ki — ah)w; ' bilx) = 1 —p/(x)x/u(x) <: dlnmci>
w_ LipiYi(l—e)bi(1—m)l; . Y piYVi(1—€)bi(1 —m;)x;
T et —my) P T L p (T e)bi(T—my)
g _ LipiYi(1 —e)bi(1 —my)s
PTLipYi(1 - €)bi(1 — m;)
Proof In Appendix A. |

Proposition 2 is our main theoretical result. The aggregate elasticity of substi-
tution is a weighted average of the micro elasticity of substitution and those cross-
sectional moments that govern between-firm reallocation. The weights themselves
are moments of the joint distribution of factor shares and markups across firms.

The aggregate elasticities of substitution between labor and equipment, 7;’ and 7;
(with respect to wage and equipment price, respectively), for example, are weighted
averages of the micro elasticities e, 05, 05, and €, with € being the weighted average
of the demand elasticity across firms. The weight x in equations (24) and (25) is
proportional to the variance of equipment share of labor and equipment expenditures
k; across firms. Intuitively, when k;’s are more dispersed, reallocation across firms
becomes more important, putting more weights on the demand elasticity that governs
the reallocation. If all firms had the same equipment intensity k;, they will adjust the
factor expenditure ratios by the same proportion, and the aggregate elasticity would
be the same as the micro or within-firm elasticity.!> In these equations, €” and &, are
weighted averages of €;b; across firms, where b; is the responsiveness of firm i’s price
to a change in its marginal cost (b; = d In p; /d In mc;)—a measure of pass-through. The
reallocation depends on how elastic a firm’s demand is (¢;) and how much markup
changes when the marginal cost changes (b;).

We now discuss the aggregate elasticities of substitution between software and

the labor-equipment bundle, shown in equations (26)—(28). Again, the change in the

121n equations (24) and (25), the between-firm reallocation depends on o5 as well as €. For these elastic-
ities between labor and equipment, what matters for reallocation is firm i’s share of the aggregate labor-
equipment bundle, which can be obtained from its share of the aggregate non-material cost and the distri-
bution of software share of non-material cost (i.e., 6; = w;(1 —s;) /(1 — s)). This is why o5 appears.
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software share of non-material cost depends on which factor price changes (software
price g, wage w, or equipment price 7).

Suppose that the price of equipment goes down. Then the price of the equipment-
labor composite goes down, causing firms to substitute away from software if the
micro elasticity s is greater than one. The magnitude of the decline in the bundle
price depends on how intensively a firm uses equipment, with the within-firm substi-
tution being more prominent in firms with high x; (equipment share of non-material
cost). It follows that the substitution away from software in the aggregate in response
to a lower equipment price is larger when high «; firms, who become larger, tend to
have a lower s; (software share of non-material cost). This is why ¢" is proportional
to the minus of the covariance between «; and s;. Again, a large x; does not neces-
sarily imply a small s; because we have three inputs and we do not restrict the factor
share distribution. If the covariance between «; and s; were positive, the reallocation
responding to a lower equipment price will counteract the substitution away from
software within firms.

Following the same logic, ¢* in equation (27) is proportional to the minus of the
covariance between /¢; (labor share of non-material cost) and s; (software share of non-
material cost).

Lastly, the change in software share in response to a change in software price in
equation (26) depends more on between-firm reallocation when s;’s are more dis-
persed (g7 is proportional to the variance of s;). Given the dispersion ¢, the real-
location is smaller (i.e., lower &]) when a firm with higher software share (s;) faces a

less elastic demand (smaller €; or higher y;) or a less responsive markup (lower b;).

3.3 Changes in the Aggregate Markup

When factor prices change, a firm adjusts its output price accordingly. Under the
Kimball aggregator in equation (6), the magnitude of output price adjustment differs
across firms, and as a result the aggregate markup changes. The following proposi-
tion summarizes how the aggregate markup changes in response to changes in factor

prices.

Proposition 3 (Aggregate markup) The change in aggregate markup in response to factor

price changes is respectively given by

—w _ dlnpu o s . .
”_1:Zdlnw:(1_’7)(b — 1)+ = 1) + (= y")(om—1), (29)
—r _dlnp — o . -
V1= g, = A= =)+ (G =)+ (=) (e =1),  (30)
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gl—1=- = (1 —yT)(B1 —=1) +751E — 1)+ (T —n")(om —1), (31)
where

H= Z“’i”i' l= Zwizir K= Zwﬂ?i, §= széi,

U= (1 —m) b+ miey, & = (1—m;)i; + miac,, § = (1—my)s; + ma,
o — Lititiwibi ¢ Y pikiwib £y X pisiwibi
Yiniliw; Yo pikiw; Yo piSiw;
oo Ein =)D L)t e
Z z
& = (i —w) (6 — “?)wieibz
8 i (i — ) (4 — “%})wz
ro Lilmi—w)(E =R Vil = p) (ki = K)w;
;7 - K‘u 4 - 7?]/[ 7
& = Zz(,uz )(k - “;)wieibl
e Zl(l’ll )( - “;)wi
7l = L — ) (i — 5w A= Li(pi —p)(si —s)w )
S Su
& = Yi(ui — 1) (5 — af)wieib;
Zl(l’ll )(Sl - “Z)wi
Proof In Appendix A. |

Similar to the aggregate elasticities of substitution between production factors, a
change in aggregate markup can be represented by a weighted sum of within-firm
changes and between-firm changes. That is, a change in aggregate markup depends
not only on how each firm adjusts its markup, but also on the reallocation of pro-
duction activity across firms. Consider a fall in software price (dIng < 0) as an
example. For each firm, a fall in software price reduces its marginal cost accord-
ing to dInmc;/dIng = s;(1 —m;) + mioc?,, where s;(1 — m;) is the share of software
expenditure relative to total cost and «)) is a share of software contents in materials
(Shephard’s lemma). As the responsiveness of a firm’s price to its marginal cost (or
pass-through) is denoted by b; = dIn p;/dInmc;, the within-firm markup change is
—(b; — 1)[si(1 — m;) + m;a}].13 The first term in the right-hand side of equation (31),
b1 — 1, captures a weighted average of these within-firm adjustments across firms.

Now consider the reallocation across firms, or the between-firm change. When

software price falls (dIngq < 0), the reallocation makes aggregate markup increase if

13For example, if b; < 1 as in Klenow and Willis (2016), firms increase their markup in response to the
fall in software price.
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79 < 0 in equation (31). That is, the reallocation raises the aggregate markup when
software shares and markups are positively correlated in the data (see the definition
of #7 in the second-to-last line of Proposition 3), because software-intensive firms’
weights rise with a fall in software price.

The degree of reallocation éZ in equation (31) is determined by the weighted aver-
age of the demand elasticity €; and the pass-through b; across firms—see the last equa-
tion of Proposition 3. The product €;b; determines how firm i’s market share changes
in response to the change in software price. The weights are larger for software-
intensive firms, since the marginal cost change is proportional to firms’ software share
s;. Intuitively, when firms with higher software shares adjust their size more, there is
more reallocation across firms in response to a fall in software price.

Note that the weight is firm i’s share of the aggregate value added (w;) rather than
its share of the total cost (7y;) when aggregating markup. A change in total cost share
is not exactly proportional to a change in value added share, except when ¢;,, = 1. As
a result, the adjustment term (11 — #7) (0, — 1) appears at the end of the equation (31).

How factor shares correlate with markup is an empirical question. When a factor
share is positively correlated with markup, its covariance is positive and the corre-
sponding 7 is negative. The degrees of reallocation €,’s themselves can reinforce or
counteract the within-firm markup changes depending on the joint distribution of
markup and factor shares in cost.

The aggregate labor income share is the aggregate labor cost share in aggregate
non-material cost divided by the aggregate markup, £/ . To see this, let firm i’s non-
material cost C; = wL; +rK; 4 4S; and aggregate non-material cost C = wL +rK + gS.

Then,
IS — YiwLi  YwLi/CixC/C  Yliw ¢ 32)
YupYi YLpYi/CixC/C Yuiw u

Since a change in software price affects u as well as ¢, we need to consider the markup

change in equation (31) together with the factor substitution in Proposition 2 when
calculating the effect of software-embodied technological change on the aggregate

labor income share.

4 Estimation

The micro-level elasticity of substitution can be identified from the relationship be-
tween factor income shares and factor prices (Proposition 1). However, estimating
this relationship is challenging because of the simultaneous movements in factor in-

puts and prices driven by the factor bias of technological change, which is typically
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not observable. To address this challenge, one needs to either control for factor-biased
technological changes or employ instruments for factor price changes that are orthog-
onal to factor-biased technological changes.

In the macro literature, some researchers dealt with this issue by assuming a
specific form of factor-biased technological change, such as a log-linear time trend
(Antras, 2004; Herrendorf et al., 2015, among others). However, it is unclear whether
the assumed functional form adequately controls for all the factor bias. With more
disaggregated data, more reasonable instruments become available, such as local
labor market impacts of national changes in employment (Raval, 2019; Oberfield and
Raval, 2021; Lashkari et al., 2023), amenities (Oberfield and Raval, 2021), and tariffs
(de Souza and Li, 2023). However, the estimated elasticity from micro-level data will
generally differ from the elasticity at the macro level.

We first estimate the micro-level elasticities of substitution ¢, and oy using micro-
level data and instruments for relative factor prices. We then aggregate the micro-level
elasticities into the macro-level elasticities of substitution, using our theoretical results
and the data on the distribution of factor income shares.

We estimate the micro-level elasticities in two different ways, each utilizing a dis-
tinct data set with its own strengths and weaknesses. The first approach uses the
data on manufacturing establishments from the Korean Economic Census of 2015, en-
compassing all manufacturing establishments with at least one employee. The census
provides information on the geographic location of each establishment, allowing us to
use instruments with regional variations. The limitation is that it is one cross-section
covering only the manufacturing sector.

The second approach uses firm-level panel data, KISDATA. It covers all sectors,
but one limitation is that it only covers firms meeting specific criteria for external
auditing. As it lacks information on firms’ geographic location, we use instruments

with industrial variations over time.

4.1 Cross-sectional Estimates of Micro-level Elasticities

We begin by estimating the micro-level elasticity of substitution between labor and
equipment versus software, using the cross-sectional variation in the Korean Eco-

nomic Census data.

Estimation Strategy In estimating the relationship between relative expenditures
on factors and relative factor prices, we follow Oberfield and Raval (2021), with wage

differences across regions as our main explanatory variable. Local wages are ob-
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tained from the Regional Employment Survey. The Regional Employment Survey
is a household-level survey reporting workers’ salaries, demographics, educational
attainment, and experience. We estimate a residual wage for each person in the man-
ufacturing sector, controlling for education, demographics, and experience, and then
aggregate it up to the region level.!%.

We run the following regression across firms:

rK;
log Lli = Belogw, + 1. X; + €., (33)

w

log 95i
1—k; wL; + rK;

where i indexes firms, w, is the residual wage in region r that firm i belongs to, and

= ,Bs 10g wr + r)’in + €s,is (34)

X is a set of control variables including three-digit industry fixed effects, firm age,
and multi-establishment status. Note that 8, = ¢, — 1 and Bs = o5 — 1. This specifi-
cation assumes that all firms face the same cost of capital but different wages across
regions. !

When using the regional wage variations, endogeneity is an issue if local wages
are correlated with unobserved productivity that is not factor neutral. We follow
Oberfield and Raval (2021) and Raval (2019) and use Bartik (1991) style shift-share
instrument to address this concern. Specifically, we construct a shift-share variable
that captures changes in local demand for labor in the service sector and use it as
an instrument for the supply of labor for manufacturing plants. The instrument is
Zy = YieN, Wr,i0 log(L;i¢/Lip), where N; is the set of industries in the service sector,
wyio is the service industry i’s share of employment in region r at time 0, and L;; is
the nationwide employment of industry i in time t. The employment growth is from
2010 to 2015. Because the instrument covers only service industries, we interpret this
as a change in the labor supply for the manufacturing firms in the same region com-
peting for the same pool of workers, uncorrelated with the factor-biased productivity
of manufacturing firms.

One may wonder about the plausibility of the assumption that firms in the ser-

vice sector and those in the manufacturing sector hire from the same worker pool in

4The unit of a region in our analysis is Si-Gun-Gu, which is an administrative division of South Korea.
The average population size of Si-Gun-Gu is 319,200, which is a bit smaller than the average population

size of a commuting zone in the US, 443,500.

I5This is one reason why we focus on equipment rather than structure and equipment in the baseline

estimation. It is unlikely that firms located in different regions face the same price of structure.

16Oberfield and Raval (2021) employs a measure of local amenities based on climate and geography as
an alternative instrument. However, we cannot do the same because measures of climate and geography
do not have enough variations in a small country like Korea. Oberfield and Raval (2021) reports that the
Bartik instrument and local amenities result in similar estimates of substitution elasticity. In section 4.2, we

use a different data set and a different instrumental variable.
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a region. Checking for the contribution of each service industry using the Rotemberg
weights as in Goldsmith-Pinkham et al. (2020), we find that the research and devel-
opment industry and the business support service industry account for 93 percent of
overall weights and 80 percent of positive weights (Appendix B.4.1). Since it is likely
that workers in these two industries can switch to the manufacturing sector more eas-
ily than workers in other service industries (for example, health care or education),
we view the assumption of the common labor supply pool to be plausible.

As robustness checks, we also estimated a two-stage least squares (TSLS) regres-
sion and a limited-information maximum likelihood (LIML) with each industry share
as instruments (Goldsmith-Pinkham et al., 2020). In addition, we estimated using an
alternative instrument based on industry wage premia suggested by Beaudry et al.
(2012).17 Lastly, regarding the inference of estimation with a shift-share instrument,
Borusyak et al. (2021) suggests a shock (industry) level regression, when initial shares
are endogenous and identification comes from exogenous shocks. While it is unclear
that we should suspect the initial shares to be endogenous, we do a shock-level shift-

share IV (SSIV) estimation as a robustness check.

Results Table 2 reports the estimated micro-level elasticities of substitution be-
tween labor and equipment (¢,) and between labor and software (c;). We report the
OLS estimates in columns 1, and IV estimates in columns 2 to 7. The benchmark
result is the estimation with the shift-share instrument in column 2. The elasticity of
substitution between labor and equipment mostly lies between 0.3 and 0.7, implying
complementarity between labor and equipment. These estimates are in line with
those in previous studies of the US data, such as Antras (2004), Herrendorf et al.
(2015), Knoblach et al. (2020), Oberfield and Raval (2021), and Raval (2019).

Our novel finding is that the elasticity of substitution between labor and software
(0s) is greater than one, statistically significantly so in the majority of the specifica-
tions, including the benchmark (column 2). It implies that software substitutes for la-
bor and that labor income shares would decrease within firms in response to software-

embodied technological change.'

7Formally, the instrument is ZB%S = ¥, N, @rit(Vit — Vip), where N; is the set of industries in the service
sector, @, ; ; is the predicted share of region r’s employment in industry i, and v;; is the wage premium in
industry i in year ¢. The share @, ;; is predicted based on national employment changes as above, and the
wage premia v; ; are fixed effects from a regression of individual wages on industry dummies indexed by i.

18The standard errors are larger for the shock-level regressions (columns 6 and 7). This specification can
only utilize the variation across 34 two-digit service industries, with even smaller effective sample size. In a
shock-level regression, the effective sample size is the inverse of the Herfindahl index of average industrial
employment shares across regions, calculated as 1/}, s2, where s, = ¥, s, represents the employment
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OLS Bartik BGS TSLS LIML SSIV1  SSIV2

Equipment (0;) 0.663  0.600 0580 0385 0375 0.600 -0.164
(0.084) (0.153) (0.222) (0.070) (0.098) (1.051) (0.815)

Software (¢;) 1128  1.620 2395 1510 1519 1.620 2.736
(0.118) (0.230) (0.357) (0.106) (0.134) (0.879) (0.928)

Table 2: Micro-Level Capital-Labor Substitution: Cross-Sectional Estimates

Column 1 is the OLS estimate. Columns 2 and 3 are IV regressions using shift-share instru-
ments according to Bartik (1991) and Beaudry et al. (2012), respectively. Columns 4 and 5 are
IV regression with two-stage least squares (TSLS) and limited-information maximum like-
lihood (LIML) with each industry share as an instrument. Columns 6 and 7 are the shock
(industry) level shift-share IV regressions suggested by Borusyak et al. (2021) with complete
shares and incomplete shares, respectively. Standard errors are clustered at the level of 3-digit
industry and region for columns 1 to 5. Robust standard errors are reported for columns 6
and 7.

We next do a battery of robustness checks. We first estimate using only the es-
tablishments that already existed in 2009 or before ('Old est.” in Table 3), since our
instrument has national services employment growth between 2010 and 2015. Sec-
ond, in the Economic Census, many firms report that they do not hold software assets
(S;i = 0), which might be measurement errors. We restrict the sample to firms with
non-zero software assets (‘Positive obs.”). Third, we consider an alternative order-
ing of nested CES structure that bundles labor and software first instead of labor and
equipment (‘Alt. order’).!? Fourth, we consider an estimation with tangible (equip-
ment and structure) and intangible capital (software and R&D). Finally, we run the
same regression using only standalone establishments, dropping multi-establishment
firms (‘Standalone’). The results, all using our benchmark Bartik instrument, are in

Table 3, which shows 0, < 1 and o; > 1 in all cases.

4.2 Panel Estimates of Micro-level Elasticities

In an effort to assess the broader validity of our findings, we estimate the micro-
level elasticities of substitution using a different data set and a different identification
strategy. To be specific, we utilize firm-level panel data (KISDATA) and the variations

in minimum wages as an instrument for labor cost.

share of industry n in region r (Borusyak et al., 2021). Intuitively, when regional employment is dominated
by a few industries, there would not be much variation at the shock (industry) level. The effective sample
size in our data is only 12.7. Detailed discussion of the shock-level regression is in Appendix B.4.1.

os—1

YFormally, V; = [{a (A L)% +aS(AsS;) "

ge—1

os(oe—1) .
} e 4+ aK(AgK;) o ]ﬁ, instead of equation (4).
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Old est. Positive obs. Alt. order Tan/Intan Standalone

Equipment (¢,)  0.651 0.674 0.597 0.736 0.595
(0.162) (0.318) (0.154) (0.165) (0.300)

Software (05) 1.937 1.438 1.169 2.716 1.502
(0.279) (0.404) (0.198) (0.429) (0.387)

Table 3: Robustness Checks for Micro-Level Capital-Labor Substitution

All columns are estimates from IV regressions using our Bartik (1991) instrument. Column 1
only uses establishments established before 2010, and column 2 uses data with strictly posi-
tive S; only. Column 3 is for the alternative CES ordering of the production function. Column
4 uses total tangible vs. intangible capital, instead of equipment vs. software. Column 5 only
includes standalone establishments. Standard errors are clustered at the level of three-digit
industry and region.

Estimation Strategy To identify the substitution elasticities with panel data, we
follow the approach of Chirinko and Mallick (2017), focusing on relatively longer-run
variations in factor shares and prices. We first compute three-year moving averages
of firms’ factor shares and factor prices.’’ We then take differences between adjacent
years to remove time-invariant heterogeneity across firms. The regression equations

based on Proposition 1 are as follows.

Alog(ki;/ (1 —kj;)) = a+ (0o —1)Alogxy;, + PAlogzy, + 1t + €y (35)
Alog(sl’-‘,t/(l - sz‘,t)) =a+ (05 — 1)Alogx§‘,i,t + BA logzi*/t + e+ €y (36)

With i indexing firms and j indexing industries, k;; is 7j;K;;/(w;;L;i;), and s;; is
i4Sit/ WiLiy +7,:K;s). Also, logxy;; is logw;;/7j, logxa, is (1 — ki) logw; +
kitlogr;+ —logqjs, logz;; is log sales, and 1; is year dummies. For any variable, the
asterisk denotes its three-year moving average.?!

To address endogeneity concerns, we use changes in the national minimum wage
as an instrument for variations in labor cost. The minimum wage is a particularly
useful instrumental variable for Korea during our sample period, because the mini-
mum wage increased drastically and unexpectedly. In 2017, the then president was
impeached for a reason unrelated with the state of the economy. In the presidential

election held to fill the vacancy two months later, the liberal opposition party candi-

20Chirinko and Mallick (2017) applied a low-pass filter to the industry-level variables. We are unable to

apply the low-pass filter, because our firm-level data is an unbalanced panel.

21To obtain the firm-level wage w; ;, we divide the labor compensation by the number of employees. For
equipment and software rental rates (r;; and g;,) at the industry level, we use the following imputation,
because the National Accounts of Korea does not disaggregate industry-level capital price by type of capital.
The rental rate of equipment in industry jis 7j; = R;; X (rt/Rt), where R;; is the rental rate of total capital
in industry j in year t, R; is the rental rate of total capital in the aggregate, and r; is the rental rate of
equipment in the aggregate. For the rental rate of software in industry j, replace the lower case s with g’s.
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date won. The new administration pursued a distinctly pro-labor policy in the labor
market, including substantial raises of the minimum wage. It rose by 16.4 percent in
2018 and 10.9 percent in 2019 in nominal terms, when the inflation rate was less than
two percent.

Since Korea sets only the national minimum wage, the minimum wage does not
vary across industries. To generate industrial variations, we compute two variables
for each industry in each year t: (i) the share of workers between the minimum wage
in year t and the minimum wage in year t + 1, and (ii) the share of workers reporting
hourly wages below the minimum wage in year t. We then run instrumental variable
regressions, using the current and one-year lagged values of these two variables as
instruments for the relative factor prices (Alog x;;). In an alternative specification, we

control for firms’ sales to capture changes in market demand.

Results Table 4 reports the estimation results. The elasticity of substitution be-
tween labor and equipment ranges from 0.603 to 0.627 across different specifications
(columns 1 to 2), indicating complementarity between labor and equipment. On the
other hand, the substitution elasticity between labor and software is invariably greater
than one, confirming our previous findings from cross-sectional estimations. The pat-
terns remain robust, when (i) we reverse the ordering of factors in the production
function as in footnote 19 (“Alt. order’), (ii) we use tangible and intangible assets in-
stead of equipment and software (“Tan/Intan’), and (iii) we replace firm-level wages
with the industry average of hourly male wages controlling for education and expe-

rience (‘Residual wage’).

Alt. Tan / Residual

Baseline order Intan wage

Equipment (7;) 0.603  0.627  0.627 0.047  0.396
(0.099) (0.097) (0.100) (0.079)  (0.089)

Software (0;) 1482 1479 1590 1.672  1.798
(0.259) (0.259) (0.386) (0.177)  (0.478)

sales control ve v v ve

Table 4: Micro-Level Capital-Labor Substitution: Panel Estimates

All columns are estimates from two-stage least squared regressions using minimum wage
instruments. Specifically, instrumental variables are the current and one-year lagged values
of the share of workers between the minimum wage in year t and the minimum wage at
time t 4 1 by industry and the share of workers reported wage below the minimum wage by
industry. Standard errors are clustered at the firm level.
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From the micro-level estimates derived from distinct datasets and identification
strategies, we conclude that software substitutes for labor, whereas equipment com-
plements labor. This difference in the elasticity of substitution suggests that software

may play a more crucial role in the decline of the aggregate labor share.

4.3 Aggregation

We now compute the aggregate elasticities of substitution, which determine the im-
pact of factor prices on aggregate factor income shares and markup. Applying the
theory in Section 3, we derive the aggregate elasticities ¢, and 0; as in Proposition
2, combining our estimates of the micro-level elasticities of substitution and the mo-

ments from the joint distribution of factor shares and markups in the microdata.

Data and Estimated Parameters For our baseline aggregation result, we use the
firm-level panel KISDATA from 2003 to 2018. To compute the reallocation parameters,
we need to estimate markups (y;) and price pass-through (b;) at the firm level. A firm’s
markup is given by the ratio of revenue to expenditure on a variable input, multiplied
by the output elasticity with respect to the factor. For example, with labor as a variable
input, the markup y; of firm i is

pi= ", (37)

where p;y; is revenue and « is the output elasticity with respect to labor. Because
the output elasticity is not directly observed in the data, the literature suggests sev-
eral methods of estimating markup (Baqaee and Farhi, 2019; De Loecker et al., 2020;
Edmond et al., 2018, among others). We use the ratio of revenue to total cost as
our baseline estimate, inferring a from the firm’s cost minimization condition, a; =
wL;/(wL; + rK; + gS; + vM;). Further details on the cases with alternative markup
measures are in Appendix B.2.3.

From the estimated markups, we compute each firm'’s price pass-through (b;) us-
ing the relationship between markup and pass-through given by the demand aggre-
gator in Klenow and Willis (2016):

H(Yi/Y) =1+ (o= 1) exp(1/v)v ™ [r (‘7,1> T <‘7<Y/Y)>] |

v'v v v
With this functional form, e(x) = —h;l((i))x = oh(x)~ ¢ and hence 6/6((3;))3‘ = —gh,;((fc))x =
Ze(x). Since p = -5, we obtain the following relationship between the markup y;
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and the price pass-through b;:

1 1

1—%_1+74i5'

bj = (38)

The value of the super-elasticity v/c is set to 0.11, from the empirical relationship
between firms’ sales shares and markups, as in Edmond et al. (2018).

From the various micro-level elasticity estimates in Sections 4.1 and 4.2, we select
0s = 1.6 and 0, = 0.6, the Bartik instrument estimates in Table 2, which are not much
different from other estimates. We also need to set the elasticity of substitution be-
tween value added and material input (¢;,;). We estimate ¢, using our cross-sectional
approach (Section 4.1), which results in 0, = 1.22 With 0,,, = 1, the adjustment terms
reflecting the discrepancy between value-added and sales disappear (0, — 1 = 0) in
Propositions 2 and 3.3
Lastly, we take five-year moving averages to smooth the reallocation parameters.

Details on the construction of the reallocation parameters are in Appendix B.

Results In Table 5, we report the macro-level elasticities (7, first column) and de-
compose the total change in relative factor income shares (7 — 1, second column) into
the within-firm change (¢ — 1, third column) and the remaining part that is due to
reallocation (7 — ¢, fourth column). For example, in response to a one percent in-
crease in labor cost, the expenditure on equipment relative to labor (rK/wL) changes
by 0. — 1 percent within firms and 7" — 0, percent due to reallocation, with a total
change of 0" — 1 percent in the aggregate. As shown in Section 3.2.2, this total change
in response to a change in wage is different from the one in response to a change in
the cost of equipment, &, — 1. In the last two columns of Table 5, we report the dis-
tributional moments that determine the magnitude of reallocation. We hold fixed the
micro-level elasticities over time, but the macro-level elasticities do vary over time
because the joint distribution of factor shares and markups evolves over time. In the
table, we show the values for 2005 and 2015. The time series are shown in Figure 5,
but we do not find a clear time trend in the macro-level elasticities.

We first note that the macro-level elasticities of substitution between equipment

and labor are larger than the micro-level elasticity (7. > c¢). In fact, in response to

22The estimation equation is (1/4;)logm;/(1 —m;) = Bulogw, + ymX + €y, which implies o, =
Bm + 1. The OLS and the IV estimation with the shift-share instrument give oy, estimates of 0.8 and 1.3,

respectively. This is similar to what Oberfield and Raval (2021) report in their analysis of US data.

23 As Castro-Vincenzi and Kleinman (2023) show, within a firm, a rise in material costs reduces its labor
share when labor and material input are complements (¢;; < 1) and markups are positive. In our analysis,
om affects the labor share through reallocation across firms as well. If ¢;;, < 1, the impact of capital-

embodied technological change is attenuated, resulting in less reallocation.
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changes in labor costs, equipment even substitutes for labor (73" > 1) in the aggregate,
even though the micro-level elasticity is well below one. However, with respect to
changes in the price of equipment, equipment mostly complements labor (7] < 1).
This discrepancy results from the difference in the magnitude of reallocation with
respect to the two factor prices (€ > €)). It reflects the fact that firms facing higher
demand elasticities tend to have more extreme labor expenditure shares (either very
high or very low) in the data (Proposition 2).

Reallocation plays a relatively minor role in the macro-level elasticity of substitu-
tion between software and labor (75). Accordingly, this macro-level elasticity remains
close to the micro-level elasticity of substitution between software and labor, no mat-
ter which factor price changes. Both the weight on the reallocation and the magnitude
of the reallocation are smaller for the software-labor elasticity than for the equipment-

labor elasticity (¢ < x and & < &,). The relatively small & implies that firms that use

Y. Elasticity =~ Total =~ Within Re- Distributional

ear @) Change Change allocation Moments

Factor substitution (eqp.) g, —1 o, —1 Go — O¢ X &
o& 2005 1.173 0.173 -0.400 0.573 0.289  4.560
2015 1.159 0.159 -0.400 0.559 0.334 3.707
7, 2005 0.834 -0.166 -0.400 0.234 0.289  1.925
2015 1.036 0.036 -0.400 0.436 0.334 2925

Factor substitution (sft.) 7, —1 s —1 Fs — s z &s
ad 2005 1.561 0.561 0.600 -0.039 0.068  1.048
2015 1.599 0.599 0.600 -0.001 0.033  2.295
g; 2005 1.979 0.979 0.600 0.379 -0.526  0.880
2015 1.434 0.434 0.600 -0.166 0.246  0.846
o 2005 1.468 0.468 0.600 -0.132 -0.007  0.920
2015 1.600 0.600 0.600 0.000 0.513  0.326

Changes in markup oy —1 b—1 oy — Db I &
6Z 2005 0.503 -0.497 -0.423 -0.074 0.198  0.637
2015 0.677 -0.323 -0.245 -0.078 -0.003  1.430
0y, 2005 0.699 -0.301 -0.240 -0.062 -0.043  2.199
2015 0.690 -0.310 -0.210 -0.100 0.017 -5.228
o, 2005 0.791 -0.209 -0.223 0.014 0.013  1.831
2015 0.804 -0.196 -0.217 0.021 -0.003 -7.319

Table 5: Macro-level Elasticities and Distributional Moments

The macro-level elasticities are based on Propositions 2 and 3 and the distributional moments
from the joint distribution of k;, ¢;, s;, x;, m;, 0;, w;, 7, €;, and b; in KISDATA. The micro-level
elasticities are the Bartik IV estimates in Table 2.
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software intensively does not respond much to the change in the price of software.
This is because such software-intensive firms tend to have high markups (and low
demand elasticities) in the data.

In fact, reallocation can even counteract the substitution between labor and soft-
ware within firms. Normally, for example, an increase in the labor cost reduces the
market share of labor-intensive firms, further reducing the aggregate labor share.
However, when labor-intensive firms also have relatively high software shares ({¥ <
0) or when the sales of such labor-intensive firms with high software intensities re-
spond sensitively to the shock (€ < 1), reallocation can result in a lower aggregate
software share. As discussed in Section 3.2.2, such an outcome is not possible when
there are only two factors.

Even if reallocation had a small effect in terms of factor substitution, it could
still have a sizeable effect on factor shares through endogenous changes in markup.
Changes in factor prices affect not only within-firm markup but also the aggregate
markup through reallocation, which in turn affect the aggregate income shares of all
factors.

The bottom panel of Table 5 shows that the aggregate markup decreases (increases)
when factor prices increase (decrease), 7, —1 < 0. Because of the incomplete price
pass-through in our specification (b; < 1), on average, within-firm markup will de-
crease in response to higher costs (b < 1, third column). Reallocation across firms can

either reinforce or counteract this within-firm markup change, depending on the joint
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Fig. 5: Macro-level Elasticities

The dotted lines in panels (a) and (b) are the micro-level elasticity estimates. The macro-
level elasticities are based on Propositions 2 and 3 and the distributional moments from the
joint distribution of k;, ¢;, s;, x;, m;, 0;, w;, 7, €;, and b; in KISDATA.

32



distribution of factor shares and markups across firms in the data. The weights (7,
tifth column) are proportional to the correlation between factor shares and markups.
In our data, markups are not significantly correlated with labor shares or equipment
shares. On the other hand, they are positively correlated with software shares so that
reallocation reinforces the effect of the within-firm markup changes in response to
software price changes. As a result, of the three factor prices, the software price has

the largest effect on the aggregate markup.

5 Macro-level Elasticities and Aggregate Labor
Share

The estimated elasticities of substitution in Section 4 suggest that it is software, not
equipment, whose declining price contributed more to the fall in the aggregate labor
share. We now quantify the respective contribution. Proposition 4 summarizes the
impact of capital-embodied (software and equipment) technological changes on the

aggregate labor share.?*

Proposition 4 (Change in the aggregate labor share) The impact of capital-embodied

technological changes on the aggregate labor share is given by:

B o o 1/
LS; — LS, | = LS [— (st(Uj,t -1)— St(UZ,t - 1)) In 1/q?t1

1/7’1l :|
/71 ’

— (@@ —1) — @si(el, 1) = R — 1)) In (39)

where ¥ = LZXH

Proof In Appendix A. |

Given the aggregate elasticities in Table 5, equation (39) implies that software-
embodied technological change (dIn1/g > 0) reduces the aggregate labor income
share through both factor substitution (77 > 1) and markup changes (7 < 1). On the
other hand, equipment-embodied technological change (41n1/7) has countervailing
effects. In terms of factor substitution, it always increases the labor share within a firm
because equipment complements labor (¢, < 1). However, reallocation may or may
not counteract the pattern of within-firm factor substitution (¢, = 1). The responses

of markup invariably reduces the aggregate labor share (77, < 1).

240ur production function in effect assumes that other types of capital have a unitary elasticity of sub-
stitution with respect to labor and hence do not affect the labor share. See proof of Proposition 4 for details.
Since the prices of equipment and software fell much more than those of other capital types in the data, our
results do not hinge on this assumption. Figure 2 supports this assumption.
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Data To implement the decomposition in equation (39), we construct the aggregate
labor income share LS;, aggregate equipment income share e;, and aggregate software
income share s; from the National Accounts as described in Section 2.2° Software
and equipment-embodied technological change is represented by five-year moving
averages of the inverse of the price of software and equipment investment relative
to consumption, as in Section 2. The decomposition starts in 1990, when Korea’s
aggregate labor income share started to decline in a sustained manner. As the cross-
sectional moments are available only after 2003, we impute the values between 1990
and 2002 from the 2003 values. We note that the aggregate elasticities do not have

clear time trends (Figure 5). Further details are in Appendix B.

Results Table 6 and Figure 6 report by how much capital-embodied technological
change affected the aggregate labor income share between 1990 and 2018 in Korea.
The aggregate labor share declined by 4.4 percentage points in the data.

Using the estimated macro-level elasticities and the software price time series, we
find that software-embodied technological change accounts for 2.9 p.p. or 66.9 percent
of the overall decline in the labor share (first column, top panel). Of the 2.9 p.p., 1.4
p-p- (second column) is due to factor substitution and the other 1.5 p.p. (fifth column)
is due to the rise in aggregate markup in response to the falling software price, a near-
even split.

The decline in the labor share through factor substitution is entirely (1.5 out of
1.4 p.p.) attributed to within-firm substitution of software for labor (governed by the
micro-level elasticity o) and not at all to reallocation across firms (third and fourth
columns). As for the markup increase in response to the falling software price, within-
firm and between-firm adjustments play comparable roles (0.8 and 0.7 p.p. respec-
tively out of 1.5 p.p.). One may think that reallocation overall has a minor effect on
the decline of the labor share, but it should be noted that the within-firm markup
increase comes with a rise in market share, which entails reallocation. In fact, as in
Kehrig and Vincent (2021), reallocation can be broken into three components: (i) large
firms reducing their labor share, (ii) firms with a low labor share growing rapidly, and
(iii) firms simultaneously gaining market shares and decreasing their labor shares.
Their study of the US manufacturing plants found that the decline in the aggregate
labor share was mostly driven by those plants that expanded rapidly while reducing

their labor share—that is, (iii) above. Our decomposition is different from theirs, but

25We use the same values for § as for s and & as for . Formally, § = Y w;(s;(1 —m;) + mioc?,) ~Y ws =s

and & = L w;(x;(1 —m;) + mja},) = Y wik; = x.
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e Total change in labor share in the data: -0.044

o Effects of Software-embodied Technological Change (AIn1/q)

Total Factor Substitution Markup

Overall Within Between Overall Within Between

Changes -0.029 -0.014 -0.015  +0.001 -0.015  -0.008 -0.007
(% explained) (66.9)  (31.9) (33.0) (-1.2) (35.0) (19.0) (16.1)

e Effects of Equipment-embodied Technological Change (AIn1/7)

Total Factor Substitution Markup

Overall Within Between Overall Within Between

Changes -0.004 +0.004 +0.014 -0.010  -0.009 -0.008  -0.001
(% explained) (10.2)  (-9.5) (-32.8)  (233)  (19.8) (174)  (23)

Table 6: Effects of Capital-Embodied Technological Change on the Labor Share

The decomposition is for the 1990-2018 period. The overall effect is calculated using the
macro-level elasticities (7), and the within effect is computed using the micro-level elasticities
(o). The between effect is the difference between the overall and the within effects. Percent
explained of the labor share decline in the data is in parentheses.

the importance of the within-firm factor substitution and the within-firm markup in-
crease in our result is consistent with firms increasing market shares while simultane-
ously reducing their labor shares. More important, our result suggests that software-
embodied technological change may well be the cause of the pattern of reallocation
observed both in the US data and in the Korean data.

The left panel of Figure 6 plots the cumulative impact of the fall in the software
price on the aggregate labor share through within/between factor substitution and
within/between markup increases.

The effect of equipment-embodied technological change is shown in the bottom
panel of Table 6. Using the estimated macro-level elasticities and the equipment price
time series, we obtain a 0.4 percentage point decrease in the labor share (or 10 percent
of the actual decrease) from equipment-embodied technological change. Behind this
small number are several conflicting forces. Within-firm substitution pushes up the
labor share by 1.4 p.p. (third column) because ¢, < 1, but the reallocation toward low
labor share firms goes against it, negating 1.0 (fourth column) of the 1.4 p.p. increase.
Factor substitution overall raises the labor share by 0.4 p.p. when the equipment
price falls. In addition, the falling equipment price raises markups and reduces the
labor share by 0.9 p.p. (fifth column), mostly through what happens within firms

(sixth column). In sum, because of the heterogeneous markups, equipment-embodied
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Fig. 6: Effects of Capital-Embodied Technological Change on the Labor Share

The decomposition is for the 1990-2018 period. The overall effect is calculated using the
macro-level elasticities (7), and the within effect is computed using the micro-level elasticities
(0). The between effect is the difference between the overall and the within effects. Percent
explained of the labor share decline in the data is in parentheses.

technological change contributes to a small reduction in the labor share, even though
equipment and labor are found to be complements at both the micro and the macro
levels.

Put together, software-embodied and equipment-embodied technological change
accounts for 77 percent of the decline in the aggregate labor share between 1990 and
2018 in Korea. Software-embodied technological change is the key driver (67 of the
77 percent), and variable markups are crucial for a comprehensive understanding of
the overall impact of capital-embodied technological change. Although not reported
here, when we simply lump together equipment and software as one capital bundle
in a two-factor production function, we find this capital bundle and labor are com-
plements: This simpler specification is a non-starter for thinking about the decline of
the labor share in the face of falling capital prices. Furthermore, even with software
and equipment as two separate factors of production, When we use the standard CES
aggregator with constant markup, software-embodied technological change accounts
for less than one-third of the decline in the aggregate labor share.

In Appendix C, we provide additional results as robustness checks. First, we
provide decomposition results using the aggregate elasticities and distributional mo-
ments from the manufacturing census data. Second, we consider alternative values of

pass-through (b;) based on the empirical relationship in Baqaee et al. (2023).2° In both

26Baqaee et al. (2023) suggest that the Klenow-Willis specification produces too little variation in price
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cases, we obtain qualitatively similar results: The equipment-labor substitution elas-
ticity is larger at the macro level than at the micro level (but still less than one), while
the macro-level software-labor substitution elasticity remains close to its micro-level
counterpart. In addition, the aggregate markup is much more responsive to software

prices than other factor prices.

6 Conclusion

In this paper, we establish that the capital-labor substitution elasticity is different
across types of capital. The equipment-labor substitution elasticity is less than one,
consistent with the micro-level findings in the literature, but the software-labor sub-
stitution elasticity is greater than one, a novel finding. This distinction is important
for understanding the decline of the aggregate labor income share over time.

Our focus on software connects well with (and nicely complements) the three lead-
ing explanations of the labor share decline. First, our results support the literature
arguing that technological change embodied in capital reduced the labor share since
the 1980s (Karabarbounis and Neiman, 2013). We clarify that it is software rather
than equipment that substitutes for labor, both at the micro and the macro levels.
Second, our results reinforce the findings of (Koh et al., 2020) that intangible capital
shares, rather than tangible capital shares, rose at the expense of labor shares in the
aggregate. We not only estimate the elasticities of substitution to quantify the role of
capital-embodied technological change, but also establish the importance of the het-
erogeneous, variable markups in pushing down the labor share as a result. In fact, the
effect of the rising markups is as large as the factor substitution itself. In other words,
comparing the factor income shares of labor and capital alone will underestimate the
true impact of software-embodied technological change by half. Third, the literature
has documented how reallocation across firms contributed to the decline of the aggre-
gate labor share (Autor et al., 2020; De Loecker et al., 2020; Kehrig and Vincent, 2021).
We find that firms with high software intensity generally have low labor shares and
high markups in the data. This means that software-embodied technological change
can be the causal force behind the reallocation toward firms with high markups and
low labor shares in the data, bringing down the aggregate labor income share.

The natural next step is to ask how such technological change affected different
workers differently and hence the overall income inequality. Because of the limited

scope of worker heterogeneity in our data, we were not able to assess how equipment

pass-through, potentially understating the magnitude of reallocation.
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and software interact with workers of different skill levels. As previously mentioned,
our calibration exercise using macro data in the spirit of Krusell et al. (2000) finds
that equipment complements both high-skill and low-skill workers, but complements
high-skill workers more. Software, on the other hand, substitutes for both high-skill
and low-skill workers, but substitutes for low-skill workers more. It suggests that
capital-embodied technological change raises skill premium and reduces the income
share of low-skill workers. At a more disaggregated level, Aum (2020) documents
that workers in middle-skill occupations tend to use equipment more, while those in
high-skill occupations tend to use software more in the US O*NET data. We think
that a richer framework that allows for multiple types of capital and heterogeneous
workers—for example, an enhanced version of the model in Aum et al. (2018)—is a
promising avenue for future research on the distributional consequences of techno-

logical progress.
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Appendix A Proofs

Proof of Proposition 1 From equations (8) and (9), we have the relative price between
wage and equipment price as:

L oe—1 1
w_a (AL (K
r DélK AK Li '

Taking logs, we have

L
wo ; AL T’Ki
(0o 1)ln7—cfeln“£<+((fe 1)lnA1<+lnwLi'

(A.1)

Differentiating equation (A.1) with Ay /Ag fixed and using the definition of k;, we
obtain equation (15), which is the first part of Proposition 1.

Similarly, from equations (5), (8), (9), and (13), we have ¢; = p;(Y;:/V;)V/ o (V;/ X;)1/%.
Dividing it by (10), we obtain

no (L) (8)
g ad \As Xi)

Taking logs, we have

¢; 1 1 qSi
0s—1)In—==0In <+ (05 —1)In— +1In . A2
(s )nq sanZ-S (s )nAS 0 X; (A.2)
Differentiating equation (A.2) with Ag fixed, we derive
dln 25
PiXi
os—1=—"F"-—. A3
’ dln % (8.3)
q
From the definition of ¢; in equation (13),
1 1
din¢; = w+ dinr. (A4)

= dIn
"‘ZK Oe " 1—0, "‘iL e A 1-0,
1+ (i) () t+ () ()
L

U'E ag_l : . . . . . .
Since (;ilf) (1‘2—2) £ = foé.l from equations (8) and (9), inserting it into equation

(A.4) and using the definition of k;, we obtain
ding; = (1 —k;j)dInw + kidInr.

Finally, we have ¢, X; = wL; + rK; from equations (5), (8), (9), and (13). Equation (A.3)

becomes

S;
oo —1 = dIn wL?quKi
’ (1—ki)dln%—|—kidln§'
which is the second part of Proposition 1. |
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Proof of Corollary 1 Totally differentiating equation (A.1) and setting dlnw =
dInr = 0, it is straightforward to see the first part of Corollary 1. Totally differentiat-
ing equation (A.3) and setting dIng = 0 and following the same steps in the proof of
Proposition 2, the second part of Corollary 1 follows. [ |

Proof of Proposition 2 Let the cost function of establishmentibe c; = c(Y;, w, 1,4, p) =
wL; +rK; +qS; + pM;, and ¢ = ) ;c;. Firstly, consider dlnw > 0, dInr = 0, and
dlng = 0.

Equipment-labor substitution From the definition of ¢% (Definition 1),

o _q_ dngi Cdin 1 dink 1 dk (A5)
¢ dinw  dlnw  1—kdlnw k(1—k)dinw’ ‘

From the definition of k = }_ 6;k;,

i i
From equation (15) in Proposition 1, we have

dk; = (0, — 1)k;(1 — k;)d Inw. (A7)

Denoting x = ZIE )) wegetl —x = % Hence, equations (A.5)—(A.7) imply

; Oidk;

1 ao;
7 1= (-0 =)+ g D (A8)

We now turn to ), k; dlnw Following Oberfield and Raval (2021), we repeatedly
use that ) ; xd0; = 0 for any x not variying across i. For example, ), ki% =Y(ki—
k)dlnw = Y.k )91%22 We will also use that }; x(k; — k)6; = 0 for any x not
varying across i.

Since 6; = Y=, 9,dIng; = dIn(1 —s;) +dIn(1 — m;) +dInc; — dIn(1 —

s)(1 — m)c. Note that 0, — 1 = %m, where g@; refers to the price of labor-

equipment-software composite (i.e. ¢;V; = wL; + rK; + g5;). By Shephard’s lemma,

‘fillr;lﬁj = {;. Also, we denote labor content of material as % = 5112;’), and assume that
labor content of material is the same as labor content in the final good (i.e. a}) = a) =
dIn dIn(1-m;) _ dm,; _

L), Combining, we have d(lnw ) = _ (1—m:1)1dlnw = m;({; — a}y)(1 — o). Similarly,
from %f/—qsi) we have dlr;(]}:qsi) = —1d_s; =si(1—ki)(1—03).

Taking together, and using that }_;(k; — k)6;,d In(1 — s)(1 — m)c = 0, we have

Sk, i = Y (ki — k)6, din(l1—s;) dlIn(1—m;) dlng;
- ldlnw_i ! ! dinw dlnw dlnw
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dIn Ci
dlnw |’
(A.9)

=Y (ki = k)6; |si(1 — ki) (1 — 03) + m; (& — ay) (1 — 02) +

i

_ dlnp dinv
w _
where “P — dlnw — dlnw"

Differentiating cost function ¢; = ¢(Y;, w,71,4,p), dIn¢; = CYC—IYId InY; + C“’C—lwd Inw.

From Shephard’s lemma, c,,;w/c; = £;(1 —m;) + mz-(xg’. Constant returns to scale
implies <4 xYi — 1. Hence,
dlnc¢; dlnY;
= (1 —m; oy, Al
dnw dlnw (1 —mi) + miey (A-10)

Substituting equation (A.10) into (A.9),

dGZ - o ‘-‘ L i w s dll’lYi
;klm_zi:(kl k)0; _s,(kl D)os —mi(€; — ay)ow + (1 — ki) + }

dlnw
=2k _“‘l’ ~ 1800~ mE (1~ ki) (L= s) =)o + (1 ki) + fﬁifo]
= L0~ 90t~ 1% — (1~ )12~ e + (1~ k) + G|
w dlnY;
:;(ki—k)Qi (k — k) (TV0% + (1 — °)m® _1)+d1nw]
:k(l_k)X(CwUs—}—(l—Cw ﬂ_”lem—l _|_Z dlnY
(A.11)

Here, we denote

_ Zz( k)( — ki )0 5; Zz( —k (£ _aw)e m;

Y )
S (ST Tk iy o oy s /T

Substituting equation (A.11) into (A.8), we get

dlnY;
= (1= X0+ X (00 + (= Lm0 + s Yk~ KB G (A12)

Now we turn to ler;z; We have aggregate Y that satisfies 1 = Y ; H(Y;/Y). And

cost minimization implies p;/p = H'(Y;/Y). Denoting the inverse of H' with h, we

have
dInY;/Y = —eidInp;/p, (A.13)
where €; = —%% The optimal markup will be p(p;/p) = 0 c(pi ) /) . Optimal

pricing implies p; = pu(pi/p)cy i
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We first define firm i’s local rate of price pass-through (b; = ddli% = ddlglcp L). Dif-

ferentiating optimal pricing condition, dIn p; = ”TWd In p; + dIncy,. Rearranging,

dinp;, _ 1
we get by = dlncy; — q_#xpilp”
K
Note that a change in wage would also affect aggregate price (a)) = dllrr:f;) From

equation (A.13), we know that dInY;/Y is related to dIn p;/p. Since optimal pricing
implies p;/p = u(pi/p)cyi/ p, differentiating gives

dinp;/p W (pi/p)pi/pdInp;/p dlncy; dlnp

dlnw u(pi/p) dlnw dinw dlnw’
Constant returns to scale and Shephard’s lemma implies d;?ncsz =(1—-m)t;+ mioy.
(Again, we assumed a3y = a;;.) Substituting it and rearranging,
dIn dlnp;/p /p w
Tnw = bi(1—m;) (6 — ) (A.14)
and
dlnY;/Y

Now we use equation (A.15) to obtain

F D~ B Gt = prr D — k01— m) o — £)
= k(ll—k) ;(ki —k)6:e (1 —m;) (ay — £;)
1

- =F )i:(ki — k)il (1 —my) (o — £;)

1
= Ltk — ke (1 — ) [ — (1= k) (1 - )]
= Fr g Dk AR — ) ) (1)
= x(1-79)(1 — m)ev. (A.16)

Note that we denote

g = b=l = mog — )0y
¢ Yiki—k)( —ml)(ap—éi)ei :

p,Y dinpY;/pY __ -0

Finally, we obtain &, from 21

dlnw
YidnY,/Y .
ZF;Y dlnw (1_mi)(“p_£i>zo
= 4® Zz piY, (61 —1)bi(1 —m;)¢;

P LipiYilei — 1)bi(1— mj)
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Finally, from equations (A.8) and (A.16), we now have

= (1 =x)oe + x [¢%0s + (1 = )0 + (1 = 0¥ = (1

where
v = Yi(ki —k)(1 =k )Gsz
Yi(ki —k)(1 - )
o Lilki = k) (4 — ) 0im;
S Y (o 3 (A aw>
w_ L (ki — k) (1 — m;) (2 — £;)6ieiby

Yi(ki —k)(1— )(“w £;)6;
A — YipiYi(er — 1)bi(1 —m;)¢;
P ipiYi(ei — 1)bi(1 —my)

= Y)mg)

&l

Software-labor substitution Similar to the proof in the equipment-labor substi-

tution, we begin with

dlnf: _ 1 ds

—1= (1—kdinw fsdlnw’

Q
“8

From the definition, s = }_ w;s, we also have
ds =Y wids; + ) sidw;.
i i
From Proposition 1, we know that
ds; = (05— 1)si(1—s;)(1 —kj)dInw = (05 — 1)si¢;d Inw

Now denote

il — 0)(si — s)w;
ls ’

‘:wE_

Then it is straightforward to check

Yilisiw;
_awy _ i
(1-2%) =

and so Y ; w;ds; = ¢s(1 — &%) (05 — 1) from equation (A.19).

Therefore, from equation (A.17) and (A.18), we get

7 —1=(1-2&(c gz dwi'

"dnw

(A—m;)c;

(A.17)

(A.18)

(A.19)

(A.20)

Since w; = Tom)c 7 , following similar steps in deriving equation (A.9) and (A.10),

we have

dinw; dIn(1—m;)/(1—m) n ding;/c
dinw dlnw dlnw
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_dIn(1—-m;) dlnY; 01— ) + g — din(1-m) dlnc
 dhnw dinw = ! P dinw dinw’
Since ¥ si s = Li(si —5) 7ing = Li(si — 5)wi i
dinw; 1 dlnY;
sfz wlm_ﬁ i(sz—s)wz m;(l; — w )(1—c7m) (1—m1)(€1—0cp)+dlnw]
1 I dlnY;
_@;(SZ s)wi |y (6 — ) (1 — om) + (1 —mg’) (¢; a”)+dlnw]
o 1 . . I ‘ sw dll’lYi
== i (si — s)w; _El(l myom) + TInw
1 [ — W w
= = Y5 — )i |61 = 10) + eibi(1— my) (& — )]
1 _ ~ _
= = Y s = s)awr |61 = ioy) + & (1 — ) (o) — £1) |
1
= o7 (s = s)wili [(1 —mfom) — &'(1 — )]
1
= 7 2 —(si =) (li = O)wi [(M 0 — 1) + &(1 — 1))
i
= (Mmoo + (1 —m¥)ey —1). (A.21)
Here, we denote
0 — Yi(si —s) (4 — oy )wim; and & = Yi(si —s)(1—m;)(ay — ) wieib;
T Lisi—s) (b —a)wi ] T Lisi—s)(1—my) (el — 4w,
Inserting equation (A.21) into equation (A.20), we get
08 = (1=8%)os + &% [mgom + (1 — mg)&g’], (A22)
where
w_ _ Xi(si—s)(li — Hw;
"= st
0 Yi(si —s) (4 — oy )wim;
’ Yi(si—s)(li—a )
v Yi(si—s)(1—m; )( ; — li)wieb;
T Lilsi—s)(1- mz)(fxw ti)wi
Cases with dInr > 0 and dIng > 0 are analogous. |

Proof of Proposition 3 Consider a case withdInw > 0,dInr =0,and dlnw = 0.

We define aggregate markup as u := ) y;w;. Note that we weight the establish-
ment i’s markup with i’s share of non-material cost (w; = (wL; + rK; +qS;)/ (wL +
rK 4 g5)).
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Changes in the aggregate markup responding to a change in wage is given by

dinp 1 dp 1 Ay, dw;
dinw ~ pdlnw ~ u ;wzdlnw—{_;%dlnw (A.23)
Since p; = p; X mc;, from the definition of price pass-through (b; = ddli\n L +-) and
Shephard’s lemma (d;rl‘nmzs" = {i(1 —m;) + mjay), we have
dlnpi; = (b; — D[t;(1 — m;) + ma] = (b; — 1)¥; (A.24)
dlnw - 1 1 1 1 p - 1 1% .

where we denote /; = (1 —m;) + miuc;f for notational convenience. Using equation
(A.24),

w; = Seopdi(bs ~1) = g1 =) (5 1), (A.25)

dlnw

where, we define

w._ Xl — )l — E)wi’ and B e L Vigibiwi.
ul Y niliw;

Also, following a similar calculation in equation (A.21),

dIn w; [ » -~ dInY;
Z(‘Mi—]/l 7_2 '- i(fi—ﬂép)(l—tfm)+€i+dlnw:|

: “Anw
_ Z i — 1) :(Zi — ) (0 — 1) = (6 — ) (0 — 1) + T — by (7 — lx;:)}
_ ;(yi — )i | —bi(ow = 1) + Liow — eibi(T — a8 |
_ Z(yi — w)w; :—éi(am — 1) + Li(om — é;ﬁ")}
—Z —0)(1=0w) +Z W@l — 1) (o — &)

= y& (O — 1) + uly™ (e — Om), (A.26)

where, we define

o Zilpi )l —aJweb S =)

(

el = - n : =

g (i — ) (l — ) w; ul
Combining equation (A.23), (A.25), and (A.26), we get

51’ — E)(Ul

dln
o (1 e 1 (=) (o - 1),
with
w — _Zi(ﬂi - .u)(zl — Z)wl
N = =
ul
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L piliw;
o il — 1) (U — &) wieib;
g Vi (i — 1) (0 — &)
- Ll =) (i = Ow
ul
Cases withdInr > 0 and dIng > 0 are analogous. |

€

Proof of Proposition 4 Denoting firm i’s capital other than equipment and software
with O; and its price o, the aggregate labor income share is
_ Liwhi _ L wL
YupiYi  Xipi(wLi +rK; +4S;) + ¥ pi00;
_ Y liw;
= o
¥ pi(wi + mwi)
B 14
X piwi(1+0)
For ) ; ‘uiwi(l + Ol‘),

dZﬂiwi(l + Oi) = Zd(yiwi)(l + Oi) + Z]/liwid(l + Oz')-

LS

1

Assuming, 0, = 1, we have }; y;w;d(1 + 0;) = 0, and hence
d Z,uiwi(l + Oi) = Zd(y,wl) (1 + Ol‘).
i i

That is, in principle, the distribution of the income share of other capital across firms
can affect the weights for aggregating markups. To simplify the decomposition, how-
ever, we assume (1 + 0;) = (1 + 0) for all i. Then we have

dLLSS =dInl —dlnp.
Therefore, the impact of software-embodied technological change on aggregate labor
share is given by
dLS

—dlng

= LS x [s(a? —1) = 3(a} —1)] .

Similarly, the impact of equipment-embodied technological change is

dLS _r —r (T
- —LS x [—se(as —1)+e(o; —1) — (0, — l)} .
Finally, an increase in wages results in
dLS . —w — W D (=W
= LS x [s(l—e)(as —1) — (1-e) (@ — 1) + I(a" —1)].
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Appendix B Data

B.1 National Accounts
B.1.1 Price index

When measuring capital-embodied technological change, we rely on the price indices
of investment and consumption goods obtained from the Korean national accounts. A
notable drawback of using the Korean national accounts is that the software price in-
dex would not fully capture software-embodied technological change. Since 1994, the
software price index comes from the producer price index, potentially inadequately
reflecting quality improvements. To address this concern, we adopt the adjustment
method proposed by Parker and Grimm (2000), the approach taken by the US Bureau
of Economic Analysis (BEA). Specifically, BEA makes a bias adjustment of 3.15 per-
cent per year to the producer price index from the Bureau of Labor Statistics due to
the discrepancy between the hedonic method and the matched model method. Ac-
cordingly, we apply a bias adjustment of 3.15 percent per year to the software price
index from 1994 onward. The resulting software price index in Korea exhibits similar-
ity with the BEA price index for the US, affirming the reliability of our method, given
that software technology is expected to be consistent between Korea and the US.

B.1.2 The Rate of Return on Capital

A standard macro model predicts that the rate of return on capital for each capital

type j satisfies the following condition:
Rip = (1+71)qjr — (1—6j1)gj6-1,

where ¢ is the net rate of return, g;; is the price of capital relative to consumption
for capital type j, and ¢;; is the depreciation rate for capital type j. We calculate g,
using the capital price index and the price of consumption in the National Accounts
(with a bias-adjusted software price, as described earlier). The depreciation rate J; is
computed from net capital stock and investment using the formula:

i NKj;—1 x 7§, — NKj; + NI]-,t,

. k
NK]’t,1 X 7-[]',[

where NK;; is the nominal capital stock at the end of period f for capital type j, NI is
the nominal investment at time ¢ for capital type j, and 7'[}‘, ; is the ratio of capital price

index between time ¢ and ¢t — 1 for capital type j.
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For the net rate of return, r;, we consider two approaches. First we estimate ;
by the corporate bond rate net of expected inflation, where expected inflation is mea-
sured by a three-year moving average of the CPI inflation rate. Second, we use the

estimated aggregate markup and equation (B.1) to back out r4:

. ZULt
pe(wLe + 35 R 1K) ’

where wL; is the compensation of employees (adjusted for proprietor’s income) and

(B.1)

LSy

ut is the aggregate markup estimated from the firm-level data. We chose the second
approach in our decomposition analysis. However, the specific choice of approach

makes a minimal difference in our results.

B.1.3 Labor Share

Total income in the national economy includes the proprietors” income, a mix of labor
and capital income. Gollin (2002) suggested several methods to estimate the labor
share of the proprietors” income. One such method assumes that the labor share in

proprietor’s income is the same as that of the rest of the economy (M1):

M1 : LS — CE+NLS>|<PI,

Y
CE
Y - CFC—PI

with NLS =

where CE represents compensation of employees, PI is proprietors” income, CFC is
consumption of fixed capital, NLS is net labor share, and Y is either gross value added
(without net production tax) or gross domestic product (with net production tax).
To be consistent with the theory in this paper, we compute gross labor share, which
includes the consumption of fixed capital in the denominator.

Given the substantial presence of self-employment in the Korean economy, the
measurement of labor share is sensitive to the treatment of the proprietor’s income.
In particular, Park (2020) highlighted that a sizable proportion of self-employed is
working with employees, whose wages are included in the compensation of employ-
ees measured in the national accounts. He proposed explicitly considering this factor
in constructing aggregate labor share. Specifically, he utilizes information that the ra-
tio of business income between self-employed with employees and without employee
is approximately 2.3, and self-employed with employees hire 2.5 workers on average.
Assuming that labor share of self-employed without employees is the same as labor
share of the rest of the economy, we get the following (M2):

CE+ NLS % Plp+ NLS * PI,/3.5

M2:LS =
Y
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selfy

ith PI, — PI
with £l " Selfy + 2.3 x self,

PI, = PI — Pl
CE
NLS = Y — CFC — PI,

where self, and selfy are the number of self-employed with and without employees,
respectively. Also, PI, and PIj refer to the income of self-employed with and without
employees, respectively.

Alternatively, one can assume that labor share of the entire self-employed is the
same as the labor share of the corporate sector (M4: C) or the rest of the economy
(M4: C&G). To do so, we need to subtract labor income of workers working with
self-employed from the compensation of employees. Unfortunately, Korean national
accounts provide such information only from 2010. Instead, we can assume that the
wage of workers working with self-employed is the same as the average wage of
workers working in an establishment with the size of 5 to 9 employees, with an aver-

age number of workers working with self-employed being 3.5 (M3):

CE x (1 — stx25 o 7p) 4 NLS % PI

M3:LS = wemp ,
Y
CE x (1 _ selfpx2.5 > ZUT)
ith NLS = wemp
wi Y — CEC — PI

where wemp is wage employment and wr is the ratio of the average wage of workers
working in an establishment with size of 5 to 9 relative to the average wage of workers
in all establishments.

Figure B.1 shows the calculated aggregate labor share using alternative ap-
proaches. While the magnitude of the decrease in labor share varies depending on
methods, the patterns are generally similar, especially for gross labor share. For net
labor share, the declining trend is mitigated when adjusting for self-employment with
employees (M2). Because the rate of return on capital should include depreciation, we
stick to gross labor share in our analysis. This is particularly crucial considering our
focus on software, which typically has a higher depreciation rate than other factors.
It is noteworthy that Karabarbounis and Neiman (2014) showed in a simple model
that during a transition where the main shock to the economy is a decline in the
price of high depreciation capital, gross labor share falls while net labor share rises.
Importantly, in such cases, gross labor share serves as a better measure of changes in
welfare among agents. In the main text, we use a conservative measure, M2:GDP, as

a baseline measure of aggregate labor share.
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Fig. B.1: Aggregate labor share in Korea

M1 assumes that labor share in income of self-employed is the same as that of the rest of the
economy. M2 assumes that labor share in income of self-employed without employees is
the same as that of the rest of the economy. M3 assumes that the average wage of employees
working with self-employed is equal to the average wage of workers working in plants
with size 5 to 9. M4 calculates labor share of the corporate sector (M4-C) or corporate and
government (M4-C&G). The denominator is either GDP or GVA in gross labor share and
either GDP or GVA net of consumption of fixed capital in net labor share.

B.2 KISDATA

KISDATA is a database on financial information for firms listed on the Korea Stock
Exchange and firms unlisted but required to publish external auditing reports. The
criteria for external audit requirement is as follows. Until 2008, firms whose asset
value exceeded 7 billion KRW had to be audited externally. Since 2009 (2014), firms
with (i) asset value greater than 10 billion (12 billion) KRW, (ii) asset value greater than
7 billion KRW and liability greater than 7 billion KRW, or (iii) asset value greater than
7 billion KRW and more than 300 employees were subject to external audits. Among
firms in KISDATA, we exclude financial firms and quasi-governmental and non-profit

tirms from the sample. Our data runs from 2003 to 2018.

B.2.1 Labor Share

To construct labor shares, we need data on labor compensation and value added. We
combine employee compensation and benefits in income statements and labor costs
in manufacturing cost statements to obtain firms’ total labor compensation. Note that
the employee compensation and benefits in an income statement can be understood

as the labor income accruing to non-production workers, while the labor cost in a
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manufacturing cost statement as the labor income accruing to production workers.
To compute value added, we add up operating profit, depreciation and amortiza-

tion, taxes and dues, and labor compensation. The labor share at the firm level is then

computed by dividing labor compensation by value added. In the regression analysis,

we restrict our sample to those with labor shares between zero and one.

B.2.2 Software and Equipment Capital

We use the variable “intangible asset - software” in firms” balance sheets to measure
their software asset. According to Korean Generally Accepted Accounting Principles
(K-GAAP), a firm classifies its software purchases from outside as software assets. A
tirm may have software developed in-house as an intangible asset, but this component
is not included in our analysis. It can be included in research and development in
principle, but not separately reported. Our measure of equipment capital is the sum
of machinery, transportation equipment, tools, fixtures, and furniture, reported in
balance sheets. For the reduced form regression in Section 2, we divide software asset
and equipment asset by value added to measure software intensity and equipment

intensity, respectively.

B.2.3 Markup

We consider five different approaches to measure firm-level markups. Our procedure
for the construction of markup follows Bagaee and Farhi (2019) and Edmond et al.

(2018) to a large extent.

Accounting Profit (AP) For the accounting profit approach, we use operating

profit to measure profits and use the expression
. . 1
operating profit = | 1 — (AP sales (B.2)
to get uA for each firm in each year.

User Cost (UC) We assume that the operating surplus is
1
OS = RK + (1 — Vuc) sales, (B.3)

where OS is the operating income (with depreciation), R is the user cost of capital,
and K is the stock of capital. We compute the sum of sales net of cost of goods sold

and depreciation as OS, and the sum of tangible and intangible assets as K.
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The user cost of capital is given by
Rip=1+r)—(1- 5i,t)EtPi'<,t+1/P5'(,t/ (B.4)

where r; is the average real rate of corporate bond, 4;; is the industry-level deprecia-
tion rate implied in the National Account, and Etpf 1/ pf’ ; is the three-year moving
average of the changes in the relative price of capital to consumption by industry. We
then back out #Y¢ from equations (B.3) and (B.4).

Production Function (PF) For the production function approach, we estimate the
elasticity of output with respect to variable inputs following Bagaee and Farhi (2019)
and De Loecker et al. (2020).

To estimate elasticity, we need an outcome variable (log sales), free variable (log
cost of goods sold), state variable (log capital stock), and proxy variable (log invest-
ment). We deflate sales and cost of goods sold with gross value added deflator by
industry and deflate capital expenditure with gross fixed capital formation deflator
by industry. To compute capital stock, we apply the perpetual inventory method
(PIM) with the initial level of tangible and intangible capital and capital expenditure.
We also control for sales shares in one-digit and two-digit industries in the estimation.
We exclude samples with the cost of goods sold to sales ratio or selling, the general
and administrative expense to sales ratio in the top and bottom 2.5 percentiles by year.
We also exclude agriculture and the finance and insurance industry.

The elasticity is estimated as in Olley and Pakes (1996) with three-year rolling
windows by one-digit industry. Then ¥ is

PF _ dlog F/dlog X

Y (B.5)

where F is the production function, X is variable input (cost of goods sold), and Y is

sales turnover.

Cost Minimization (CM1 & CM2) One of main challenges in estimating markup
lies in the difficulty of estimating the output elasticity (dlogF/dlog X) in equation
(B.5). For instance, Bond et al. (2021) argues that production function estimation based
on revenue data (as in PF) offers little insight into firm-level markups, while Ridder
et al. (2022) proposes that revenue data can still offer valuable information on the
dispersions and trends of markups, albeit with a biased estimation of markup levels.

One way to circumvent this issue is to indirectly use an optimal condition derived

from cost minimization. Considering labor as a variable input, for example, cost min-
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imization under the constant returns to scale technology implies:

dlogF, wi;
dlog ¢, N wl; +rK; +qS; + pM;

(B.6)

Instead of directly estimating the output elasticity, one can use equation (B.6) together
with equation (B.5) to compute the markup. In practice, one can use either firm-level
cost share (CM1, Oberfield and Raval, 2021) or cost-weighted average at industry-
level (CM2, Edmond et al., 2018).

Selection of Benchmark Markup When computing distributional moments ac-
cording to Proposition 2 and 3, we choose the markup estimated according to cost
minimization (CM1) as the benchmark, and compute the demand elasticity that each
firm faces according to:

Because we need p; > 1 to apply equation (B.7), we trimmed observations with a
markup less than 1.01 as well as those greater than 10. We selected markup CM1 as
the benchmark for mainly four reasons summarized in Table B.1. First, among the
considered markup measures, CM1 has the fewest observations with ji < 1 that are
trimmed in the analysis. Second, the markup CM1 has the fewest missing values for
observations with positive software assets, which are crucial in our analysis. Third,
CM1 is a markup measure that aligns directly with our theory. Fourth, all the markup
measures produce similar results in the quantification, except for the case of CM2,

which shows about twice the magnitude of effects on aggregate markup.

Share of obs. w/  # missing u Decomposition results

<101 u>10 with sft> 0 Overall Substitution Markup
AP 0.231 0.000 8,352 -0.029 -0.020 -0.008
ucC 0.089 0.000 8,701 -0.027 -0.015 -0.012
PF 0.330 0.005 16,435 -0.027 -0.015 -0.012
MCl1 0.058 0.006 1,766 -0.029 -0.014 -0.015
MC2 0.196 0.027 9,425 -0.051 -0.014 -0.038

Table B.1: Summary on alternative markups

The first and second columns show the share of observations with estimated markup
below 1.01 and above 10, respectively. The third column counts the number of miss-
ing or trimmed observations with information on software assets. The fourth to sixth
columns show decomposition results on the effects of software-embodied technolog-
ical change, as in Section 5, with alternative markup measures.
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B.2.4 Pass Through

We compute each firm’s price pass-through (b;) using the relationship between the
markup and the pass-through under the demand aggregator proposed by Klenow
and Willis (2016), which is represented by equation (38), or
b = ! — = ! —.
11— TH4pig

H

We follow Edmond et al. (2018) when setting a value to super-elasticity, or
v/o. Specifically, under the Klenow-Willis specification, each firm’s sales share and
markup follow the relationship:

1 +1In <1 — 1) = constant + Yin shi, (B.8)
Hit v

where sh;; represents the sales share of firm i at time t. We estimate equation B.8
controlling for firm and year fixed effects. The estimated parameter for the super-

elasticity v/ ¢ is 0.113, with a standard error clustered at the firm-level of 0.002%.

B.3 Census

Our data source for the cross-sectional estimation of the elasticity of substitution be-
tween labor and capital is the Korean Economic Census 2015. It surveys all estab-
lishments in the manufacturing sector with more than one employee as of December
31, 2015. We exclude branches, sole proprietorships, governmental and non-profit es-
tablishments as they do not report intangible assets. We use annual payroll for wL;,
equipment capital (machinery and transportation equipment) for K;, and software
assets for S;. We drop all establishments that did not report whether they have intan-
gibles. When an establishment explicitly reports that it does not hold intangibles, we
assign zero to its S;. To compute the factor income shares, we use the rate of return on
equipment and software (r and q) imputed from the National Accounts. We winsorize

factor shares at the first and the 99th percentiles.

B.3.1 Distribution of Factor Shares

The Census data includes the location of establishments. The unit of a region in our
analysis is Si-Gun-Gu, an administrative division of Korea, comparable with com-
muting zones in the US in terms of the average population size. Figure B.2 shows
the regional distribution of software (s;), equipment (k;), and labor shares (¢;) in non-

material costs.

Z’Edmond et al. (2018) estimated the same equation using US data and obtained a super-elasticity of
0.16.
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(a) Software (s;) (b) Equipment (k;) (c) Labor (¢;)
Fig. B.2: Factor Expenditure Shares by Region

The colors represent the quantiles of regions in the distribution of factor shares on
non-material cost, with darker colors corresponding to higher quantiles.

Although not visually apparent, the covariance between software shares (s;) and
equipment shares (k;) is positive and the covariance between software shares (s;) and
labor shares (¢;) is negative, indicating that factor shares are not always negatively

correlated in the case of three factors. These relationships are more clear in Figure B.3.

Equipment share

Labor share

T T T T T T T T T T
0 .005 .01 .015 .02 .025 0 .005 .01 .015 .02 .025
Software share Software share

(a) Software Share vs. Equipment Share (b) Software Share vs. Labor Share

Fig. B.3: Relationship between Software Share and Labor or Equipment Share

Each circle is a region. The horizontal axis is the average software share of all firms in
a region. The vertical axis is a region’s equipment share in the left panel and its labor
share in the right panel. The size of the circle corresponds to a region’s value added.
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B.4 Regional Employment Survey

We use wage differences across regions as our explanatory variable when estimating
the micro elasticities of substitution. We obtain the wages from the 2015 Regional
Employment Survey. The Regional Employment Survey is a household-level survey
of workers’ salary, demographic information, educational attainment, and experience.
We control for workers” observable characteristics such as education, experience, and
demographics. We then aggregate the residual wages to the region level for regional

variation in labor costs.

B.4.1 Bartik instrument

The residualized local wages may be correlated with unobservable productivity that
is not factor-neutral. To address this concern, we use Bartik (1991) instrument. Our

instrument is

Z, =Y wriolog(Lit/Lip)
1€N;

where Nj is the set of service industries, w, ;( is the industry i’s share of employment
in region r at time 0, and L;; is the nationwide employment of industry 7 at time .

According to Goldsmith-Pinkham et al. (2020), the Bartik estimator Bbmik can be
rewritten as the weighted sum of the just-identified estimators with one industry’s
regional share as an instrument, ﬁbartik =3, ﬁciﬁi, where «;’s are known as Rotem-
berg weights. Table B.2 is a summary of the Rotemberg weights. Panels A and
C show that two industries with the largest Rotemberg weights account for 95 per-
cent (=0.527+.425) of the overall weights and 65 percent (=0.952/1.457) of the positive
weights in the estimator. They are the research and development industry and busi-
ness support services industry. The contribution of these two industries are shown by
the two large circles in Figure B.4.

Panel B shows that the national growth rates of service industries indexed by i
(gi = Lit/Lip) are also positively correlated with the weights, while the variance of an
industry share across regions (var(w;)) are only weakly correlated with the weights.

Regarding the identification with Bartik instruments, Borusyak et al. (2021) shows
that one needs to assume either the initial shares are exogenous or the shocks are ex-
ogenous. In particular, a Bartik regression can be translated into a shock-level regres-
sion with a specific weight (s; = ), w,;) when shocks are exogenous. For an original

IV regression y, = a + Bx, + &, with Bartik instrument z,, an equivalent shock-level
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Sum Mean Share
Panel A. Negative and positive weights
Negative -0.457 -0.038 0.239
Positive 1.457 0.066 0.761
a; gi £ var(w)
Panel B. Correlations
& 1.000
Qi 0.244  1.000
)2 0597 0.114 1.000
var(w;) -0.034 -0.104 0.098  1.000
& gi O 05 Lhor
Panel C. Top Rotemberg weight industries
Research & development 0527 0316 0326  2.387 0.527
Business support services 0.425 0182 0.130 1.427 0.952
Warehousing and transportation 0.108 0.165 0.045  0.319 1.060
Retail trade (except motor) 0.061 -0.023 -0.647 1.904 1.122

Table B.2: Summary of the Rotemberg Weights

Panel B reports correlations among the Rotemberg weights (&;), the nationwide employment

growth of industry i (§; = L;;/L;y), the first-stage F-statistic of the industry share (E), and the

variance of a given industry’s employment share across regions (var(wj)).

10
|

o, estimate
0

ol

I

1

|

:

i

i
O
i

I

1

1

I

I

I

I

I

1

1

I

I

- I

E 1 ’)

I

I

I

|

g, estimate

15
|

10
|

5
|

o
@ A ¥ e N LS
oo o
©@ Q@ Q
O
"." i
ol o
O O Positive weights Negative weights o O Positive weights Negative weights
T T T T T T ' T T T T T T
0 100 200 300 400 500 0 100 200 300 400 500

First-stage F statistic

(a) Equipment (&)

First-stage F statistic

(b) Software (05)

Fig. B.4: Heterogeneity of the elasticities

The figure plots the relationship between each instruments’ ¢;, first-stage F-statistics, and the
Rotemberg weights. Each point is a separate instrument’s estimate. The estimated (0;) for each
instrument is on the y-axis and the estimated first-stage F-statistic is on the x-axis. The size of
the points is scaled by the absolute value of the Rotemberg weights, with circles for positive
weights and diamonds for negative weights. The dashed line is at the estimated elasticity using
the Bartik instrument. Instruments with first-stage F-statistics below 5 are excluded.
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regression is a s;-weighted IV regression, using the shocks g; as instrument, estimating
Vi = o+ Bx; +&.

While the point estimates j are equivalent in both approaches, Borusyak et al.
(2021) shows that the shock-level regression provides a correct inference when shocks
are exogenous but shares are endogenous. That is, the Bartik instrument is valid when
shocks are randomly assigned (and have a common mean). Regarding the consistency
of the estimator, the effective sample size of the shock-level regression is large when
the expected Herfindahl index of average shock exposure (3, s?) converges to zero as
the number of regions increases.

For the shock-level regression, one needs to think carefully about the regional
weights w;;’s. When Y _; w,; varies across regions, it can generate non-random varia-
tions in addition to quasi-random variations of shocks. Borusyak et al. (2021) shows
that one can address this concern by controlling for } ; w,; in the regression. Because
we construct Bartik instrument using services industries, we can consider two kinds
of weights: (i) construct w,; with services employment only, so that ) ; w,; = 1 for all
r, or (ii) construct w,; with total employment in the region, so that } ; w,; < 1 varies
across r. We consider the former (i) as a benchmark and (ii) as a robustness check.

Table B.3 reports summary statistics of shocks g; = L;;/L;p and the inverse of
the Herfindahl index of industry weights (1/ Y; s?). In the regional employment sur-
vey, only two-digit industries are reported, so we have a total of 34 service indus-
tries. When we construct w,; with total regional employment, a residual industry
with share w, 9 = 1 — } jcn, w;,i can be thought as one with zero growth. Summary
statistics in this case are reported in the first column of Table B.3. In the second case,
we consider only service industries so that ) ;cy, w;; = 1, reported in the second col-
umn of Table B.3. The non-service industry has a large share of regional employment,
and hence it generates a much smaller interquartile range and larger HHI, leading to
a smaller effective sample size (Column (1) in Table B.3). This suggests that we want
to choose between constructing weights only with service industries (Column (2) in
Table B.3).

Table B.4 reports the results from the shock-level regression with only service em-
ployment (column 1) and with total employment controlling for the initial share of
non-service employment (column 2). We have 0, < 1 and os > 1 in both cases, but
the standard errors are much larger than those clustered at the level of region and
three-digit industry. These results are also reported in Table 2 as SSIV1 and SSIV2. In

column 3 and column 4, we also report shock-level regression results with an instru-
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With Total Employment With Service Employment
1) (2)

Mean g; 0.030 0.053
Standard Deviation g; 0.091 0.116
Interquartile Range g; 0.005 0.100
1/HHI 4.78 12.70
Maximum s; 0.429 0.155
No. of industries 35 34

Table B.3: Summary Statistics of Shocks (g;) and Industry Weights (s;)

ment of which share includes industrial network structure.

The standard errors are large as we have a small effective sample size, and do not
utilize establishment level information here. To be specific, as shown in Table B.3, we
only have 34 two-digit service industries in the regional employment survey where

the inverse of HHI is only 12.70 even when we exclude non-service industries.

Cross-Sectional Shock-level

Complete Incomplete Complete Incomplete

share share share share
Equipment (o) 0.600 -0.164 0.600 -0.164

(0.153) (0.165) (1.051) (0.815)
Software (o) 1.620 2.736 1.620 2.736

(0.230) (0.253) (0.879) (0.928)
First stage F 693.7 567.5 7.025 7.201
Obs. 31,403 31,403 34 34

Table B.4: Estimation Results: Shock-level Regression

Appendix C Robustness of Decomposition

In this section, we redo decomposition analysis in Section 5 with alternative ap-

proaches in various perspectives.

C.1 Alternative Data

We check whether our decomposition results remain robust with aggregate elastici-
ties computed with Census data. Because we have software information only in the

year 2015 for the manufacturing sector, we calculate distributional moments with 2015
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Census data for manufacturing plants. Since the distributional moments do not ex-
hibit a clear time trend (Figure 5), our main results will likely remain even if we used
the aggregate elasticities based on the 2015 Census distributional moments for all pe-
riods.

Table C.1 reports the decomposition with aggregate elasticities computed from
Census data. With aggregate elasticities from Census data, the aggregate markup
rises less and there is slightly more factor substitution through between-firm real-
location. In addition, equipment-embodied technological change reduces the labor
share less due to attenuated between adjustments in factor substitution. Overall,
capital-embodied technological changes (software and equipment combined) account

for about 57.7 percent of the decline in the aggregate labor share in the data.
e Total changes in labor share : -0.044

e Effects of Software-embodied Technological Change (AIn1/q)

Total Factor Substitution Markup

Overall Within Between Overall Within Between

Changes 0.025 -0.016 -0.015 -0.001  -0.010 -0.007  -0.003
(% explained) (57.5) (354) (33.0)  (24) (22.0) (157)  (6.4)

e Effects of Equipment-embodied Technological Change (AIn1/7)

Total Factor Substitution Markup

Overall Within Between Overall Within Between

Changes -0.000 +0.008 +0.014 -0.006  -0.009 -0.009  +0.000
(% explained)  (0.3)  (-19.2) (-32.8)  (136)  (195) (19.7)  (-0.2)

Table C.1: Effects of Capital-Embodied Technological Change with Census Data

The decomposition is for the periods between 1990 and 2018. Percent explained of the overall
labor share decline in the data in parentheses.

C.2 Alternative Pass-through

Bagaee et al. (2023) argued that the Klenow-Willis specification may produce too lit-
tle variation in price pass-through, compared to the empirical estimates of the price
pass-through from Belgian firm data, potentially attenuating the magnitude of real-
location. To be specific, when estimating b; from reasonably estimated y; using the
Klenow-Willis specification, the resulting pass-throughs (b;) show insufficient varia-

tion compared to the empirical b; provided by Amiti et al. (2019). Instead of relying on
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Fig. C.1: Effects of Capital-Embodied Technological Change with Census Data

The overall effect is calculated using the macro elasticity (7) and the within effect is computed
based on the micro elasticity (o) and the average pass-through (b). The between effect is the
difference between the effects based on macro elasticity and micro elasticity.

the Klenow-Willis specification, Baqaee et al. (2023) suggested using empirical pass-
through and sales share to back out the markup. Specifically, They characterized the

theoretical relationship among markup, sales share, and pass-through as follows:

dlogu;i = (i — 1)1 ; by log i, st.Exfu; ']t =g, (C.1)

where y; represents firm i’s markup, b; is the pass-through, and A; is the sales share.
Using the empirical relation between pass-through (b;) and sales share (A;) of Belgian
tirms, Baqaee et al. (2023) back out y; from equation (C.1).

To assess the impact on our decomposition, we examine the relationship between
empirical b; and y; from equation (C.1), using the empirical pass-through of Amiti
et al. (2019) and the sales share of Korean firms ();) from Census data?®. We then
use the relationship between b; and y; implied by equation (C.1) to impute firm-level
pass-through (b;), corresponding to its empirical markup (y;).

Table C.2 reports the decomposition results with aggregate elasticities computed
with alternative pass-through. As expected, a higher dispersion in pass-through am-
plifies markup channel. With alternative pass-through, the aggregate markup rises
0.06 percentage points more while factor substitution is rarely affected. For equip-
ment, an increase in markup is more pronounced: Markup channel reduces labor

share 1.6 percentage points more than the baseline case, while between adjustment

ZMore specifically, Amiti et al. (2019) provides empirical b; by a firm’s employment size. We match
Amiti et al. (2019)’s b; with Korean A;, corresponding to the same employment density.
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in factor substitution is slightly attenuated. Overall, capital-embodied technological
changes (software and equipment combined) account for all the decline in the aggre-

gate labor share observed in the data.
e Total changes in labor share : -0.044

e Effects of Software-embodied Technological Change (AIn1/q)

Total Factor Substitution Markup

Overall Within Between Overall Within Between

Changes 0.034 -0013 -0.015 +0.001  -0.021 -0.018  -0.003
(% explained) (78.0) (30.5)  (33.0)  (25)  (47.5) (40.1) (74

o Effects of Equipment-embodied Technological Change (AIn1/7)

Total Factor Substitution Markup

Overall Within Between Overall Within Between

Changes -0.014 +0.011 +0.014 -0.004  -0.025 -0.024  -0.001
(% explained) (31.9) (242) (-32.8)  (8.6) (56.0) (54.8) (1.2

Table C.2: Effects of Capital-Embodied Technological Change with Alternative Pass-Through

The decomposition is for the periods between 1990 and 2018. Percent explained of the overall
labor share decline in the data in parentheses.

02
02

.01
|
01

-.01
|
-.01
|

-.02
|
-.02
|

-.03
|

03

1990 2000 2010 2020

1990 2000 2010 2020
wiin Substitution [ b/w Substitution w/in Substitution [ b/w Substitution
I Markup —o0— Overall I Markup —o0— Overall
(a) Software Contribution (b) Equipment. Contribution

Fig. C.2: Effects of Capital-Embodied Technological Change with Alternative Pass-Through

The overall effect is calculated using the macro elasticity (7) and the within effect is computed
based on the micro elasticity (o) and the average pass-through (b). The between effect is the
difference between the effects based on macro elasticity and micro elasticity.
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