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Abstract

This thesis consists of three chapters. Chapter 1 studies the role of marketing
in the economy. Using aggregate and firm-level data, I find that aggregate
marketing intensity in the US increased sharply around the mid-1990s, which
coincides with a rapid rise of elasticity between firm-level Marketing Produc-
tion Cost Ratio and markup. To explain these facts, I develop a model with
heterogeneous firms and endogenous markups in which firms engage in market-
ing to signal their quality. I use a calibrated version of the model to quantify
the impact of information frictions and marketing on aggregate productivity.
I find that quality information revealed by marketing is valuable and access to

marketing cannot undo the information frictions completely.

Chapter 2 examines the impact of zombie firms on resource allocation. Using
firm-level data in China, I show that zombie firms are larger, less productive,
and receive a higher subsidy rate on average. The difference in average subsidy
rate between zombies and non-zombies reflects both the selection criterion of
zombies and the underlying joint distribution of subsidy rate and productivity.
I develop a model with heterogeneous firms to quantify the impact of zombies
on aggregate productivity. Quantitative exercise shows that reducing the dis-
persion in subsidy rate across firms can lead to significant productivity gains,
while policies that increase the exit rate of zombies have limited productivity

effects.

Chapter 3 establishes two facts along with the rise of information technol-
ogy: (i) the output from the information sector is more intensively used as an
intermediate input; (ii) the wage of information workers and their total em-
ployment increase relative to those of non-information workers. To understand
the causes, we develop a two-sector accounting framework with sector-factor
specific technical changes. We find that labor-augmenting technical change is
important in explaining the observed change in wage premium and intermedi-

ate shares.
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Chapter 1

Marketing, Market Power, and
Aggregate Productivity

1.1 Introduction

Firms spend substantial resources on marketing. In 2012, around $140 billion
was spent on media advertising in the US. This represents 0.9% of US GDP
and $444 per capita.! As Bagwell (2007) noted, marketing is a “prominent
feature of economic life”.2 The massive spending creates information for con-
sumers, provides a channel for firms to differentiate from their competitors
and gain market power. Despite the prominence of marketing, at the aggre-
gate level, there is little empirical evidence on the magnitude and trend of
this spending, and how the marketing spending correlates with market power.
Quantitatively, few attempts have been made to quantify the impact of mar-
keting on aggregate productivity by accounting for both the positive effect of
marketing through information revelation and the negative effect of marketing

via markup dispersion.

In this chapter, I estimate aggregate marketing intensity in the US, which
is defined as the ratio of aggregate marketing spending to GDP. Using firm-
level data, a positive correlation between Marketing Production Cost Ratio
(MPCR) and market power is documented. Moreover, the cross-sectional
MPCR-markup elasticity co-mowves closely with aggregate marketing inten-

sity. To explain these facts, I develop a model with heterogeneous firms and

'Belleflamme and Peitz (2015).
2The original phrase refers to advertising. Since advertising is a major component of
marketing, I adopt the quote here.
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endogenous markups where firms engage in marketing to signal their quality.
The existence of information frictions could explain both the level of elasticity
and its co-movement with aggregate marketing intensity. I then use the model
to evaluate the impact of information frictions and marketing on aggregate
productivity. Although access to marketing cannot restore the complete in-
formation allocation, marketing generates significant productivity gains by re-
vealing valuable information to consumers. The gain from quality information

revealed by marketing tends to dominate the loss due to markup dispersion.

I begin by estimating the aggregate marketing intensity in the US. The aggre-
gate marketing expenditure contains three components: advertising expenses,
purchased marketing services, and own-account marketing labor compensa-
tion. It is observed that since the mid-1990s — the beginning of the Internet
era — aggregate marketing intensity in the US increased by about 20% un-
til 2000. From 2000 onwards, the aggregate marketing intensity flattened out.
The further decomposition shows that the rise of aggregate marketing intensity
is a within-industry phenomenon. The within-industry component continues
to rise until the financial crisis. Therefore, it is the reallocation of output be-
tween industries that results in a flattened aggregate marketing intensity since
the 2000s. One possible explanation of rising marketing intensity is that the
rise of information and communications technology expands the marketing op-
portunities and provides more channels for the interaction between firms and

consumers.

I then investigate whether marketing spending is related to the market power
of the firm. Using Compustat data, I document that marketing is positively
correlated with the markup. Firms with high markups tend to spend more on
marketing relative to production, and thus have high MPCR. In addition, the
cross-sectional MPCR-markup elasticity increases sharply around mid-1990s

which co-mowves with aggregate marketing intensity closely .

To explain the findings in the data, I develop a model with heterogeneous
firms and endogenous variable markups where firms engage in marketing to
signal their quality. The demand of a firm depends on its taste shifter, which
is assumed to be a geometric average of the exogenous quality and endogenous
appeal of the firm. Each firm has access to a marketing technology, where they
can increase appeal using labor inputs. I assume it is less costly for high-quality
firms to increase the appeal. Thus, when quality of the firm is unobservable,
firms can credibly convey quality information via appeal. In the presence of

information frictions, I use the notion of Perfect Bayesian Equilibrium (PBE)
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to solve the model. One drawback of PBE is the multiplicity of equilibria due
to the flexibility of off-equilibrium beliefs. I focus on the least-cost separating
equilibrium (LCSE) in this chapter.

In the model, quality is the only source of heterogeneity between firms. Markup
is positively correlated with firm size and quality. When there are no informa-
tion frictions, firms would still spend on marketing to increase appeal as it is
complementary to consumption. The MPCR is constant across firms within
the same industry and independent of the markup. However, with informa-
tion frictions, the signaling competition between firms generates a positive
correlation between MPCR and markup. Technical changes that increase the
returns to marketing fuel the signaling competition, which would increase the
MPCR-markup elasticity and aggregate marketing intensity simultaneously.
The intuition is that higher returns to marketing lower the cost for low-quality
firms to mimic high-quality firms. Thus, more intense signaling competition
between firms generates a larger dispersion of MPCR for given amount of

markup dispersion.

I calibrate the model to match the industry-level distribution on marketing
intensity and firm size. There are two sources of heterogeneity across indus-
tries. The first difference is the weight of appeal in consumers’ utility function.
For instance, the weight could be higher for some goods such as cosmetics and
clothing. The second source of heterogeneity is the level of quality differenti-
ation within an industry, which is measured by the tail parameter of quality
distribution. The tail parameter captures the extent of signaling competi-
tion. These two sources of heterogeneity determine the marketing intensity
and firm size distribution within an industry. The calibrated model implies
an MPCR-markup elasticity similar to the data, and a rise in the returns
to marketing generates a co-movement between MPCR-markup elasticity and

aggregate marketing intensity:.

The calibrated model allows us to quantify the effects of marketing and infor-
mation frictions on aggregate productivity. I begin by asking to what extent
access to marketing can undo the information frictions. Compared to the com-
plete information allocation, the productivity loss from information frictions is
around 3 percent. I decompose the loss into two channels: (i) a between-firm
component that summarizes the misallocation between firms due to markup
and information distortion, and (ii) a between-activity component that sum-
marizes the misallocation of labor between production and marketing in the

aggregate. I find that between-activity channel accounts for almost all the
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losses from information frictions. Moreover, the recent technical changes that
induce higher returns to marketing, such as the Internet and search engines,

would increase the loss from information frictions.

Next, I move on to study the aggregate impact of marketing, which has been
debated at length in the theoretical economic literature. Using the calibrated
model, I attempt to study this question quantitatively. On the one hand, mar-
keting is informative as it conveys valuable quality information to consumers.
On the other hand, the information revealed by marketing would result in
markup dispersion and hence resource misallocation between firms. I restrict
a firm’s ability to signal its quality via appeal and compare the LCSE with
a no-information allocation. I find the productivity gains from information
revealed by marketing can be substantial. However, the result comes with
caveats. Firstly, LCSE implies a minimum loss in the process of information
revelation. The deviation from LCSE would lower the gains from marketing.
Secondly, as in Edmond et al. (2018), markup is related only to firm size in the
model. If marketing generates dispersion in the markup which is not related
to size, then it would involve a larger loss from misallocation. Furthermore,
the model presumes each sector faces the same information frictions, whereas
in reality quality information could be observable for some industries even

without marketing.3

Related literature

This chapter is related to several strands of literature. Firstly, the measure-
ment of marketing spending is related to those of intangible capital. Corrado
et al. (2005) and Corrado and Hao (2014a) measure brand equity as a compo-
nent of intangible capital by capitalizing several items of marketing spending.
In this chapter, I estimate marketing spending directly and show its trend
since 1987 in the US. The technological interpretation of the rising marketing
intensity is consistent with Haskel and Westlake (2018).

In the model, firms spend on marketing to signal their quality, increase the ap-
peal, and gain market power. The variation in firm size is driven by the quality

information revealed by marketing, which is related to the recent literature on

3Beyond the mechanism in the model, there are many other ways that marketing could
affect aggregate productivity. Some of them focus on the positive role of marketing, and
others focus on the detrimental role of marketing. It is not possible to account for all
those channels into a single framework. Nevertheless, the result remains as one of the first
attempts to quantify the aggregate impact of marketing.
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the determinants of firm performance (Hottman et al., 2016). Besides, the
revealed information induces dispersion in markup and lowers the aggregate
productivity as in Edmond et al. (2018) and Baqaee and Farhi (2018). Other
theoretical papers discuss different ways of how marketing affects demand,
such as reaching more customers (Arkolakis, 2010) and forming new customer-
relationships (Gourio and Rudanko, 2014). Nevo (2001) studies the pricing
behavior in the ready-to-eat cereal industry and discovers that the observed
high price-cost margins can be partly attributed to the fact firms spend a large

number of resources on marketing to influence the perceived quality.

The positive correlation between MPCR and markup in this chapter is related
to Traina (2018) and De Loecker et al. (2018). They document that markup
is positively correlated with “Selling, General and Administrative Expenses”
(SGA) expenses of firms. However, as noted by Ptok et al. (2018), SGA is not
a measure of marketing expenditure. SGA-based marketing spending mea-
surement fails to generate the co-movement pattern with aggregate marketing

intensity.

Lastly, this chapter is also related to the discussion of marketing and welfare.
The idea of using marketing spending to signal quality is first proposed by
Nelson (1974), which highlights the informative role of marketing. The model
could entertain the other two views on marketing as documented by Bagwell
(2007) — complementary view and persuasive view. Results show that the
gains from information tend to dominate the loss due to markup dispersion,
and the aggregate effects of marketing are welfare-enhancing. Rauch (2013)
investigates the effect of a change in the marginal costs of advertising on con-
sumer prices. He posits the aggregate effect of advertising to be informative

since advertising tends to decease consumer price.

The chapter is organized as follows. Section 1.2 introduces the data and mea-
surement of marketing spending and markup. Section 1.3 presents the empiri-
cal facts regarding marketing intensity and MPCR-markup elasticity. Section
1.4 illustrates the model. Section 1.5 explains how we calibrate the model to
match cross-industry marketing intensity distribution and concentration facts.
Section 1.6 presents the quantitative results. Section 1.7 discusses the impli-

cations of the model. Section 1.8 concludes.
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1.2 Data and Measurement

1.2.1 Aggregate data on marketing spending

Firms spend substantial resources on marketing to attract consumers and gen-
erate revenues. As noted by Corrado and Hao (2014a), marketing spending is
“outlays designed to augment the demand for a firm’s products and services —
that is, to shift its price-quantity demand schedules upward, so that more will
be sold at a given price.” Following the literature, I estimate the marketing

spending in the US using data from different sources.*

The marketing expenditure consists of three components. The first compo-
nent is the advertising expense. Advertising is one important part of market-
ing which is used to raise awareness and convey information concerning the
products to the consumer. Beyond advertising, firms also purchase market-
ing research and marketing consulting services. Those services help them to
create and develop a successful marketing strategy. Lastly, there is an ad-
ditional in-house component where firms hire employees, such as marketing
managers and public relation specialists, to conduct marketing activities. I
estimate these three components separately and add them up to get the total

marketing spending in the US.

Advertising expenses. [ extract advertising expense data from IRS tax
data, both at the industry-level and aggregate level. Firms report advertising
expenses to the IRS for the tax deduction purpose. The data are reported by

legal forms of organization, major industry, and ownership.

The advertising expense includes all the direct costs of advertising. For ex-
ample, it would cover the advertising expenses via different media channels
(including newspapers, TV, Internet, etc) and public relations expenses (e.g.
sponsorship of sports teams, publicity campaign or events), and cost of pro-

ducing promotional items like t-shirts and mugs.

4The measurement of marketing spending is related to the literature on the measurement
of intangible capital. Corrado et al. (2005) summarize the intangible capital into three cate-
gories: computerized information, innovative property, and economic competencies. Within
the category of economic competencies, they capitalize several spending on marketing and
label it as brand equity. Due to the process of capitalization, only a fraction of marketing
spending is accounted as an investment in the brand and the level of the fraction varies
across different items of marketing. Thus, the resulting trend of brand equity may be differ-
ent compared to the total marketing spending itself. In this chapter, I estimate directly the
magnitude and trend of marketing spending in the US. For details on the measurement of
brand equity, see Corrado and Hao (2014a).
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Marketing research and consulting. The second component of market-
ing spending is purchased marketing research and marketing consulting ser-
vices. I estimate the total spending on those activities using the revenue of the
corresponding industries, specifically NAICS 541613 for marketing consulting
services and NAICS 541910 for marketing research.® For the industry-level
purchase of the output from these two industries, I use the 2002 benchmark

input-output table.

Marketing labor compensation. The last component of marketing spend-
ing is the own-account component, where the own-account component is mea-
sured by the wage compensation to marketing workers. Specifically, I first
identify a list of marketing occupations and then estimate the labor compen-

sation associated with those marketing occupations for each industry.®

Notice that the marketing labor compensation in the media and marketing
related industries may already be part of purchased advertising expenses for
other industries. To avoid this double counting problem, I only estimate the
marketing labor compensation for the private, non-agricultural, non-media,
non-marketing related industries. Besides, I do not estimate the capital spend-
ing in the marketing department for two reasons. Firstly, to my knowledge,
there is no data available that separately report the capital investment for
different function departments within the firm. Secondly, the measurement of
marketing spending is recorded as operating expenses in the income statement,

which would be consistent with the firm-level data.

1.2.2 Firm level data

For the firm-level data, I use the Compustat Fundamental Annual file, where
I observe sales, capital stock information, operating expenses, and industry
classification. The choice of data is driven by two reasons. Firstly, Compustat
covers a wide range of industries over a substantial period of time. Additionally,
it reports detailed components of a firm’s operating expenses, which allows for

the estimation of markup and marketing spending.

Following De Loecker and Warzynski (2012), T apply the production-based

estimate of markup to the Compustat data. Markup is measured as a ratio

®The survey-based measures are available from the Service Annual Survey (SAS).
6See section 1.9.1 in Appendix for the list of occupation that is marketing related and
the method to estimate the marketing labor compensation.
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between output elasticity of variable input and revenue share of variable input

PuQit
Py Vit

it = Oy

In Compustat data, I use “Cost of Goods Sold” (COGS) as a measure of variable

input and assume an industry-specific production function to estimate 6y,.”

Marketing spending is measured using advertising expenses (XAD). Marketing-
Production Cost Ratio (MPCR) is measured as the ratio of marketing spending
to production cost (COGS).® For each year, I define the cross-sectional MPCR-

markup elasticity as coefficient p from the following regression
log (MPCR;s) = p log(pis) + 0s + €5

where 6, is the industry fixed effect.”

It is worth noting that “Selling, General and Administrative Expenses” (SGA)
is not a valid measure of firms’ marketing spending. Among 29 items that
constitute SGA, only 2 items — advertising expenses and marketing expenses
— relate directly to marketing spending. Ptok et al. (2018) show that advertis-
ing expenses reported by Compustat is highly correlated with total marketing
spending of the firm.!%!* To this end, I view the advertising expenses as a

valid proxy of the marketing spending of the firm.

"The lack of firm-specific deflator for input and output may lead to a biased estimate of
0,. But it will not affect the variation of markup across firms in a given year or over time.
See Brandt et al. (2017), De Loecker et al. (2018) for details.

8Both components are part of the operating expenses of the firm. COGS could be viewed
as the total variable cost of production.

9The COGS appears in the denominator of both the dependent variable and regres-
sor. In section 1.9.4 of Appendix, I implement an alternative specification log (X AD;s) =
po log(uis) + p1log(COGS;s) + 05 + €;5 and find the estimated pg is similar to the estimated
p in the main regression.

OPtok et al. (2018) collect marketing data from an alternative source Advertising Age
and compare it to SGA based marketing estimates. As they mention in the paper, “ADV
offers a good measure of advertising spending and a partial measure of total marketing
spending, but SGA fails to capture marketing spending or any of its subconstructs.”

11n section 1.9.6 of Appendix, I estimate the marketing spending using SGA expenses.
The SGA-based marketing measure fails to generate the co-movement pattern in section 1.3.
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Figure 1.1: Aggregate marketing trend in the US
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Notes: This figure plots the ratio of marketing expenditure to GDP in the US since 1987.
1.3 Empirical Findings

1.3.1 Aggregate trend of marketing intensity

Figure 1.1 shows the aggregate marketing intensity in the US. Since the mid-
1990s, there is an upward trend in marketing spending in the US from about
3.3 percent of GDP to 4 percent. The rising trend vanishes after the 2000s.'2

Aggregate marketing intensity is output weighted industry-level marketing in-

A4} AA4;t }gt«A4;t
YTl XN,

where M and Y, are marketing spending and output for industry s at year

tensity,

t. The change in aggregate marketing intensity could be driven by either
within-industry change in marketing intensity or between-industry reallocation
of output. To understand the source of the change, I decompose the aggregate
marketing intensity into a between and within component. For the between

component, I fix the marketing intensity of each industry as in 1987 and allow

12In section 1.9.1 of Appendix, I plot the decomposition of marketing intensity into three
components— advertising, marketing service, and own-account marketing labor compensa-
tion. In the mid-1990s, all three components of marketing spending were rising. However,
since 2000, advertising intensity was declining while marketing service and own-account
components were rising. This reflects the shift from outbound marketing towards inbound
marketing.
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Figure 1.2: Marketing expenditure decomposition

o]

< |

o

w

[p I

=]

[T}

o

C)_ T T T T T T T T T T T T T T

1987 1989 1991 1993 1995 1997 1999 2001 2003 2005 2007 2009 2011 2013
year
Marketing intensity = — — — Within

— —# — - Between

Notes: This figure decomposes the aggregate marketing intensity into two components:
between-industry component and within-industry component. The solid line shows the
aggregate marketing trend in the US. The within component shows the aggregate marketing
intensity when fixing the industry value added share as in 1987. The between component
shows the aggregate marketing intensity if I fix industry marketing intensity as in 1987.

for reallocation of output. On the other hand, for the within component, I keep
the output share as in 1987 and allow for change of within-industry marketing

intensity.

Figure 1.2 shows the result of this decomposition. The rise in the aggregate
marketing intensity is driven by the within component. The within compo-
nent follows closely the aggregate marketing intensity before 2000. After 2000,
there is a growing discrepancy between the two. The within component keeps
rising until the burst of financial crisis whereas the aggregate marketing inten-
sity flattens out. The discrepancy can be explained by the change of between
component. Before 2000, the change of this component is negligible. However,
it is on a decreasing trend after 2000. As a result, the stagnation of aggregate

marketing intensity since 2000 is due to between-industry reallocation.

Returns to marketing in the Internet era. Thus far, [ show that since
the mid-1990s, there is an increasing trend in marketing intensity in the US.
The reason behind this change could be due to technology. According to the
Wikipedia page on the history of marketing, the key innovation in the mid-
1990s that influenced marketing practice is the rise of customer relationship
management (CRM) technology and search engines. These innovations expand

the marketing opportunities for the firms and increase the returns to market-
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Figure 1.3: Employment shares of marketing-related activities in the US
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Notes: This figure plots the employment shares of marketing services industry (left axis) and
marketing-related workers (right axis). The marketing-related workers contain marketing
labor in own-account component and workers in the marketing services industry.

ing spending. For instance, CRM software digitizes processes and automates
tasks to improve the effectiveness of customer relationship management. A
recent survey by CMO shows that in the year 2018, more than 40% of the
marketing spending is on digital marketing. Besides, the availability of a vast
stream of digital data presents opportunities for firms to identify customers
who would be potentially interested in the product and hence increases the
effectiveness of marketing. Goldfarb and Tucker (2011) find that the effective-
ness of marketing depends on the advertiser’s ability to collect data on web
users.'® Consistent with the technological interpretation of the rise in market-
ing intensity, Haskel and Westlake (2018) also argue that the current wave of
digital technologies has made production more scalable.!* Higher returns to
marketing should reallocate labor towards marketing activities. In Figure 1.3,
I plot the employment shares of marketing services industry and marketing-
related occupations. The result implies there is a significant reallocation of

labor towards marketing-related activities.

13See Goldfarb (2014) for a review of online marketing literature.

4In Table 1.14 of Appendix, I classify the industries into two groups: IT-intensive and
non IT-intensive. I show that there is a larger increase in the marketing intensity for IT-
intensive sector.
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1.3.2 Marketing-production cost ratio and markup

In this section, I show that marketing spending at the firm level is related
to market power.!® Figure 1.4 is a binscatter plot between the logarithm of
MPCR and the logarithm of markup. The figure implies a positive relationship
between the markup and the MPCR of a firm. Firms with higher markups
tend to spend more on marketing relative to production. This is consistent
with the view that firms spend on marketing to differentiate from competitors

and gain market power.

What is striking is that the MPCR-markup elasticity is co-moving with aggre-
gate marketing intensity. Figure 1.5 presents the same binscatter plot but for
two periods: before 1995 and after 1995. Comparing two sub-periods, the elas-
ticity is higher after 1995. Indeed the elasticity between MPCR and markup
increases by about 25 percent after 1995 as shown in the left panel of Fig-
ure 1.6. In the right panel of Figure 1.6, I plot the regression coefficient from
year-on-year regressions. The level of cross-sectional elasticity between MPCR
and markup co-moves almost perfectly with aggregate marketing intensity as
in Figure 1.1. In the section below, I propose a model that could explain
not only the correlation between MPCR and markup but more importantly
the co-movement pattern between the MPCR-markup elasticity and aggregate

marketing intensity.

1.4 Model

In this section, I present the model with heterogeneous firms and variable
markups where firms engage in marketing to signal their quality. Section 1.4.1
and 1.4.2 discuss the model setup and resource allocation with complete infor-
mation. In section 1.4.3, I show that, in the presence of information frictions,
signaling competition between firms generates the positive correlation between
MPCR and markup. More importantly, technical changes that induce higher
returns to marketing generate co-movement between aggregate marketing in-
tensity and MPCR-markup elasticity. Finally, section 1.4.4 characterizes how
does the information frictions and markup dispersion affect aggregate produc-

tivity in the model.

'5In the main text, I estimate the markup by assuming an industry-specific Cobb-Douglas
production function. In section 1.9.5 of Appendix, I show the results using Translog pro-
duction function. The choice of production function does not change the empirical patterns
documented in this section.
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Figure 1.4: Binscatter plot between log(MPCR) and log(markup)
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Notes: This binscatter plot shows the correlation between markup and marketing-production
cost ratio. Both variables are residualized using industry-year fixed effects. Marketing cost
is measured by advertising expense and production cost is measured by COGS.

Figure 1.5: Binscatter plot between log(MPCR) and log(markup): before
and after mid 1990s
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Notes: The left (right) panel shows a binscatter plot between markup and marketing-
production cost ratio before (after) 1995. Both variables are residualized using industry-year
fixed effects. Marketing cost is measured by advertising expenditure and production cost is
measured by COGS.
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Figure 1.6: MPCR-markup elasticity
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Notes: This figure shows the elasticity between log(MPCR) and log(markup). The elasticity
is obtained from a regression where I regress log(MPCR) on log(markup) and industry-year
fixed effects. The left panel shows the result for two separate regressions: before 1995 and
after 1995. The right panel shows the result for year-on-year regressions. For each year, I
conduct the regression by combining data within a three-year moving window.

1.4.1 Setup

The economy has K industries. A representative consumer chooses consump-
tion goods from all industries and all intermediate producers and supplies L
units of labor inelastically. Intermediate firms are selling differentiated prod-
ucts with heterogeneous quality. The representative agent chooses consump-

tion across all intermediate goods {Cj(w)}k. to maximize the aggregate con-

sumption
C= ﬁ(ck)é (1.1)

subject to .
/wr (%@) dw = 1 (1.2)
Ek: /w Py(w)Cr(w)dw = WL +11. (1.3)

The aggregate consumption C' depends on the industry-level consumption good
Ck, which is created by combining the varieties within each industry using the
Kimball aggregator as in equation 1.2. Aj(w) is the taste shifter of variety w.
Aggregator T is strictly increasing (T’ > 0) and concave (T” < 0) and satisfies
YT(1) = 1.1 The budget constraint, equation 1.3, shows that total spending
on consumption should be equal to aggregate labor income W L plus aggregate

profit II from producers. W is the nominal wage rate and C' is normalized as

o—1

16The aggregator nests the standard CES aggregator, i.e., Y(¢) = ¢ = .
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the numeraire good.

The taste shifter Ay (w) determines the attractiveness of each variety. I assume

it is a weighted-average of quality Qr(w) and appeal ®4(w) of variety w,
Ak(w) = Qk(w)uk@k(w)l_uk. (14)

For each variety w, Qy(w) is exogenously drawn from some quality distribution,
while the appeal ®;(w) is endogenous where intermediate firms can spend on
marketing to increase the appeal. T allow the weight u;, € [0, 1] to be industry-
specific. For some industries like cosmetics and clothing, u; would be lower,
i.e., the agent cares more about the appeal component in the taste shifter,
which in turns provides incentives for firms to spend more on marketing. In
addition to the endogenous nature of the appeal, I assume appeal has an
information advantage. Consumers cannot observe quality Qr(w) of a firm,
but they can observe appeal ®;(w) instead. Thus, it is possible for firms to

signal their quality using appeal.!”

Following Klenow and Willis (2016), Gopinath and Itskhoki (2010), Edmond
et al. (2018), I consider the following specification of function Y(q)

T(q) =1+ (0 — Leap (%) ez [r (% %) _r (% (-’?)} (1.5)

where 0 > 1, ¢ > 0 and I' is upper incomplete gamma function

(s, ) :/ t e tat. (1.6)

This specification permits a simple characterization of the dependence between
demand elasticity and firm size. Suppose there is no information friction, i.e.,
both quality and appeal are observable. The FOC of the consumer implies the

following demand function for intermediate good producers

Py(w) = T'(qr(w)) A(w) Dy Py (1.7)

where q(w) = —Ak(“’éfk(w)

is related to the size of a firm with variety w and
Dy = [ Y (qp(w))qr(w)dw is a demand shifter for varieties within industry k.'®

Firms spend on marketing to increase the appeal, which in turns shifts up the

I7In the absence of information frictions, marketing can be interpreted as a generic type
of quality improvement using labor inputs.

18The relative size of a firm with variety w is % =T (qx(w))qr(w)D; "
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demand schedule for the firm. The demand elasticity for variety w is

_Olog(Ck(w)) _ T (qr(w))
Olog(Py(w)) T (gp(w))qr(w)

er(w) = = oqp(w) 7. (1.8)
The ratio  is referred as superelasticity in the literature. It implies that the
demand elasticity is decreasing with firm size. When e¢ = 0, Kimball aggre-
gator corresponds to CES production function with Y(q) = q%. Atkeson
and Burstein (2008) proposes an alternative way to generate variable demand
elasticity. Their model features oligopoly competition with nested CES de-
mand. In the robustness section of Appendix, I show that the results could be

extended to the model of oligopolistic competition.

For intermediate firms, each firm produces one variety and draws quality Q(w)
from a distribution GG. Labor is the only input of production. A firm in indus-
try k with variety w uses production labor Lj,(w) produce output according
to Yi(w) = Lgy(w)®.!* All the demand of a firm’s output comes from the
representative consumer, implying that Yj(w) = Ci(w). The firm also hires

marketing labor Lj,(w) to increase the appeal according to
Pr(w) = Qr(w) Lig(w)? (1.9)

wher