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Abstract

We document adecreasing product concentration within firms since the mid-2000s. Firms
consolidating market power have been actively expanding product scope and diversifying pro-
duction. Lower product concentration within firms is associated with higher valuation ratios,
but lower productivity, expected returns, and idiosyncratic volatility. We explain these rela-
tions in a general equilibrium model of multiproduct firms with endogenous firm and industry
boundaries. Parameters governing the flexible production technology are identified using the
GIV approach of Gabaix and Koijen (2020) by exploiting fat tails in the distribution of product
mix. The estimated model can explain the recent productivity slowdown and declining trend

in idiosyncratic volatility.
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1 Introduction

Firm sboundaries have been rapidly changing over the past few decades through the creation
and destruction of products. The growing ubiquity of multiproduct firms in increasingly
concentrated industries has changed the scope and intensity of product market competition.
We document a declining pattern in average product concentration within firms — measured
at the barcode level — since the early 2000s, and that most of the decreasing trend arises from
large firms expanding their product range outside of their core competence. The decline in
firm product concentration over time coincides with an increasing trend in average industry
concentration, both of which are depicted in Figure 1. We also find a strong negative relation
between product concentration and market power across firms, suggesting that industry
leaders are consolidating market power by diversifying production. This paper uncovers
economic forces shaping the diverging trends in product and industry concentration through
the lens of a general equilibrium model of multiproduct firms.

The expanding scope of multiproduct firms has important aggregate consequences es-
pecially given their prominent role in the economy. Bernard, Redding, and Schott (2010)
document that multiproduct firms account for over 91% of output despite only represent-
ing less than half of the total number of firms. These firms are also very active in varying
their product mix. Broda and Weinstein (2010) show that the majority of product creation
and destruction occurs within the boundaries of the firm, highlighting the importance of an
intra-firm extensive margin. Our paper links the increasing trend in product diversification
to the recent productivity slowdown and declining pattern in idiosyncratic volatility.! We
provide novel panel evidence that measures of product diversification at the barcode level
are negatively associated with both productivity and idiosyncratic volatility within the firm,
supporting the aggregate trend relations.

We explain the negative relation between product and industry concentration in a general

ISyverson (2017) and Byrne, Fernald, and Reinsdorf (2016) are examples highlighting a productivity
slowdown and Herskovic, Kelly, Lustig, and Van Nieuwerburgh (2016) document recent trends in idiosyncratic
volatility.



equilibrium model of multiproduct firms competing in oligopolistic markets that features
endogenously evolving firm and industry boundaries. Firms use a flexible manufacturing
technology that uses capital with an endogenously chosen product scope (e.g., Eckel and
Neary (2010)), subject to aggregate productivity shocks. They can invest resources to ex-
pand the variety of differentiated products (intra-firm extensive margin), where marginal
costs increase as the firm increases variety further away from core competence products to
capture increasing adaptation costs. Firms can also make intensive margin adjustments by
accumulating capital in conjunction with the capital allocation decision across products. In-
cumbent firms finance both extensive and intensive margin investments using internal and
external funds. External financing is subject to convex costs and aggregate cost shocks (e.g.,
Gomes (2001), Eisfeldt and Muir (2016), and Belo, Lin, and Yang (2014)).

At the industry level, differentiated firms compete in a Cournot game by strategically
choosing product scope and intensity with an captured through the net entry of firms (inter-
firm extensive margin), determined by a free entry condition. A competitive fringe of startup
firms without internal funds require external financing to cover a fixed cost of entry, subject
to random cost shocks (e.g., capturing changes in antitrust regulation). The new firms are
assumed to be in the startup phase for one period before starting production.

Our model is calibrated to explain the first and second moments of product and industry
concentration, investment rates in capital and product scope, entry dynamics, idiosyncratic
volatility, and valuation ratios. The model also reproduces the negative relation between
product diversification and productivity within firms observed in the data. As a firm expands
further away from the core range of products, production efficiency declines, consistent with
our empirical findings. More broadly, we provide evidence at a more granular level for
supporting the negative dynamic relation between corporate diversification and productivity
within firms documented at the plant level in Schoar (2002). Each product is assumed to
be subjected to project-specific risk in the model. Therefore, firm idiosyncratic risk can be

reduced by increasing product variety, which allows the model to explain the negative link



between product diversification and idiosyncratic volatility within firms.

The three aggregate shocks in our model, productivity, external financing, and entry
costs, affect the dynamics industry and firm boundaries in significantly different ways. We
show through impulse response functions that the financing and entry costs are central
for generating the negative relation between product and industry concentration observed
over the past decade, while productivity shocks generate positive comovement. A good
productivity shock increases the marginal product of capital, inducing firms to invest more
in the intensive and extensive margins. Extensive margin investment expands product scope
product concentration within firms. Higher aggregate productivity also attracts the entry of
new firms lowering industry concentration.

The shocks to external financing and entry costs both generate negative comovement
between product and industry concentration. A positive external financing cost shock more
severely affects startup firms than incumbent firms given that new firms rely exclusively on
external financing to fund the fixed cost of entry while incumbent firms use a combination
of internal and external financing to finance operations. Higher external financing costs re-
duces firm entry rates, leading to a rise in industry concentration. Incumbent firms exploit
their increased market power by raising markups across their products. At the margin, the
increase in profits from higher market power dominates the adverse effects from reduced ex-
ternal financing capacity, such that incumbent firms increase extensive and intensive margin
investments, reducing product concentration. A positive entry cost shocks also reduce entry
rates, increasing industry concentration. Incumbents consolidate market power by charging
higher markups and expanding their product range.

In a quantitative model experiment, estimated shocks are fed into our calibrated model
to explain the diverging trends in industry and product concentration for the period, 2004 -
2015, for which we have product data. We then relate these concentration patterns to the
aggregate productivity slowdown and decline in the idiosyncratic volatility of fundamentals.

The process for external financing costs is estimated to fit the average cost series from Eisfeldt



and Muir (2016) and the entry cost process is treated as a residual for matching product
concentration dynamics. The entry and external financing cost shocks are key for reproducing
the negative relation between the concentration measures. We find that the increasing trend
in external financing costs explains 40% of the decrease in product concentration and 10% of
the increase in industry concentration. Our results therefore suggest that external financing
costs are therefore a quantitatively important entry barrier for startup firms. The entry
cost shock explains the remaining 60% of product concentration and 17.5% of the trend
in industry concentration. The financing and entry cost shocks jointly can explain 33%
of the observed productivity slowdown and 15% of the decline in the trend component of
idiosyncratic volatility.

Our paper relates to the literature studying product creation in dynamic general equilib-
rium models (e.g., Jaimovich and Floetotto (2008) and Bilbiie, Ghironi, and Melitz (2012))
and those featuring multiproduct firms (e.g., Jovanovic (1993), Broda and Weinstein (2010),
Bernard, Redding, and Schott (2010), and Eckel and Neary (2010)). Our paper also relates
to dynamic models studying corporate diversification (e.g., Gomes and Livdan (2004)). We
complement this literature, but differ along the following dimensions. First, we show that
financing frictions can help explain the observed trends in product concentration within the
boundaries of the firm that are documented in our paper. Second, show we how rising ex-
ternal financing costs in the early 2000s contributed to an increase in product diversification
among incumbent firms, helping to explain the productivity slowdown and downward trend
in idiosyncratic volatility.

The firm problem builds on dynamic firm models featuring financial frictions (e.g., Gomes
(2001), Jermann and Quadrini (2012), Hennessy and Whited (2005), Eisfeldt and Muir
(2016), Gourio (2013), Belo, Lin, and Yang (2014), Gilchrist, Schoenle, Sim, and Zakrajsek
(2017), Begenau and Salomao (2018), Bianchi, Kung, and Morales (2019)). The indus-
try framework relates to equilibrium models connecting competition to asset prices (e.g.,

Loualiche (2016), Bustamante and Donangelo (2017), Corhay (2015), Corhay, Kung, and



Schmid (2019a), Dou, Ji, and Wu (2019)) and paradigms linking asset prices to innovation
(e.g., Lin (2012), Lin, Palazzo, and Yang (2017), Kung and Schmid (2015), Kung (2015),
Garleanu, Panageas, and Yu (2012), and Kogan and Papanikolaou (2010)). Our mecha-
nism for generating time-varying idiosyncratic risks relates to Herskovic, Kelly, Lustig, and
Van Nieuwerburgh (2016), Decker, D’Erasmo, and Moscoso Boedo (2016), and Chen, Strebu-
laev, Xing, and Zhang (2018). We differ from these contributions by distinguishing between
product creation within and across the boundaries of the firm. We also provide empirical
and theoretical evidence that accounting for the intra-firm extensive margin is important for
explaining the recent productivity slowdown and declining trend in idiosyncratic volatility.

Examining product concentration within firms relates to papers documenting increasing
patterns in product concentration within households (e.g., Neiman and Vavra (2018), Ka-
plan, Menzio, Rudanko, and Trachter (2019), Jaravel (2018)) despite greater heterogeneity
in consumption bundles across households. We document a declining trend in product con-
centration within firms, driven by industry leaders, providing a supply-side view of how the
largest firms are acquiring greater market power by creating new products to meet the grow-
ing demand for variety across households. Argente, Lee, and Moreira (2018) studies product
reallocation within the boundaries of the firm. Our framework also relates to models studying
the implications of the recent acceleration in market power, especially among industry lead-
ers, on real decisions (e.g., Gutiérrez and Philippon (2016), Autor, Dorn, Katz, Patterson,
and Van Reenen (2017), Barkai (2016), De Loecker and Eeckhout (2017), Hartman-Glaser,
Lustig, and Zhang (2017), and Corhay, Kung, and Schmid (2019b)). We complement this
literature by showing how the industry leaders have been consolidating market power by
reducing product concentration and diversifying production outside of the core.

The paper is organized as follows. Section 2 presents the dynamic general equilibrium
model. Section 3 describes the key model mechanisms. The first part of Section 4 describes
the data and outlines the stylized facts. The second half of Section 4 compares model

simulations with the data. Section 5 concludes.



2 Model

This section presents the benchmark general equilibrium model used to examine the key
determinants of product concentration within the boundaries of the firm. The economy is
populated by a large number of differentiated multiproduct firms that operate in various
industries. Each firm produces differentiated products where the stock of products (i.e., the
firm boundary) is endogenously determined through extensive margin investments. They
also accumulate physical capital through intensive margin investments, allocated across the
different products. Production is subject to both aggregate technology shocks and project-
specific disturbances. Investment is financed through internal and external financing, where
external financing is subject to convex costs and aggregate disturbances. Industry boundaries
are endogenously determined by the entry and exit of firms.

A competitive fringe of startup firms can enter by paying a fixed stochastic startup cost
common across firms that can only be financed with external funds. The entry cost shock
captures aggregate fluctuations in the barriers to entry. The household side is characterized
by a representative agent with recursive preferences following Epstein and Zin (1989) and
Bansal and Yaron (2004). These preferences are quantitatively important for replicating the

relation between the idioynscratic volatility of cash flows and of stock returns.

2.1 Household

We assume a representative household with recursive preferences defined over aggregate

consumption, C;:

Uy = (Ctl_lw + B (B [utlfle])%> n ; (1)

where 6 = 1 — 11_;1%, ~ captures the degree of relative risk aversion, 1 is the elasticity of

intertemporal substitution, and § is the subjective discount rate.

The household inelastically provides labor services to firms in a competitive labor market,



and receives the wage rate W, for each hour worked. Without loss of generality, we normalize
the total labor endowment to 1. The household owns all firms in the economy and receives the
aggregate dividend payout from the production sector, D;. Solving the household problem
yields a set of Euler equations that price all securities in the economy. The equilibrium

one-period pricing kernel is

9
o\ (U
M1 =0 (tc_ﬂ) (%) (2)
t EfU; 7]

2.2 Product demand

The final consumption good, ), is produced by a competitive final goods producer using a

continuum of industry goods, normalized to the interval [0, 1]:

(%) = f In(Y;))d 3)

where Yj; is the quantity of industry good j demanded. Solving the expenditures minimiza-

tion implies that the demand for the industry j good is:
Y}t = ytpﬂla (4)

where P}, is the price of industry good j.

Industries are themselves composed of a continuum of firms producing differentiated
products.? In particular, there is a mass N; of firms, and each firm produces a mass ;; of
products. Industry goods are produced using a CES production technology over all products

produced in the industry:

Nt Qi b1 1
Y, - [ || s awa] )
0 0

2Because industries are symmetric in the benchmark model, we omit the j subscript in the following
unless it is necessary to avoid confusion.




where v is the elasticity of substitution across products in an industry. Subscript ¢ identifies
a firm and w identifies a particular product produced by firm 1.
The firm profit maximization implies that the demand for a variety of product w produced

by a firm ¢ is:

yir(w) = palw) PV, (6)

1
1—v

where Py = ( év i Sé] & pit(T)lf”dei) is the industry j price index.

2.3 Product technology

The firm produces differentiated products using labor and capital. Labor is obtained from
competitive labor markets, while the stock of capital is accumulated through investment, i,

and evolves as
Kitr1 = (1 = 0n)kir + T(ta/Kie) ke, (7)

where dy, is the depreciation rate of capital and I'(.) is a function capturing convex adjustment
costs in the accumulation of capital.

Each period, the firm allocates a portion of its labor and capital to the production of
various products over the interval |0, €;;]. The production function for a product w is given

by

yir(w) = (79 L)) ki(w)®, (8)

where k;(w) and [;;(w) are the amount of capital and labor allocated to the production of
product w.

The log aggregate productivity process, a; + g;, is common across all firms and features



both a stationary (a;) and a non-stationary (g;) component, which evolve as:

a; = (1= pa)a+ pati_1+ 0u€at (9)
Jiv1— gt = Tyg+ Ty (10)
Tgt = Pxglgt—1 + Ozg€xgt (11)

where €, and €, are standard normal random variables, a is a scale parameter that pins
down the average level of productivity, and Z, is the mean growth rate of productivity. The
presence of persistent processes in productivity growth x; generates low-frequency compo-

nents that are used to generate long-run risk as in Bansal and Yaron (2004).

2.4 Product scope within firms

The product scope of the firm is determined by production costs in a flexible manufacturing
technology framework (e.g., Eckel and Neary (2010)). Flexible manufacturing allows firms
to possess a “core competence” in the production of a specific product. However, production
becomes less efficient as the firm deviates from its core competence and expands its product
variety.

We capture this inefficency by assuming that capital gets relatively less productive when
allocated away from its core. In particular, the total stock of capital available for production

at time t satisfies:

Qi
ki = J ki (w)wXdw, (12)
0

where wX is a function that captures the inefficiencies coming from deviating from the core

1

and v~ > y > 0 captures the sensitivity of the firm’s productivity to deviating from the

core.> We assume that the firm’s core competency is zero, which allows us to simplify the

3This parameter restriction ensures that the marginal product of an additional product variety is always
positive.



derivations without affecting our main results.

Similarly for labor, the cost of a unit of hour increases as we deviate from the core. This
additional cost can be interepreted as a reduced form way to capture the diseconomies of
scales stemmimg from product diversification. Denoting the competitive wage by W, the

marginal cost of a unit of labor allocated to product w is

Wi(w) = wW;. (13)

The firm can adjusts its product scope by creating new products. Denoting the firm
product development expenditures by s;;, new products are created using the following tech-

nology:

Pit = @ Qi‘"s?t, (14)

where @ is a scale parameter, and 1 € [0, 1] is the elasticity of new product with respect to
product development expenditures and guarantees decreasing return to scale in the product
creation rates, @ /$2;.1

Every period, a randomly selected proportion of products dn becomes obsolete and dis-

appears from the firm’s product line. Thus the firm’s product scope evolves as:

Qi1 = @i + (1 = 60) Qs (15)

Operating a product line also entails fixed operating costs. In particular, to operate in a
given product market, the firm pays a fixed cost of operation of f for each variety produced.
The level of f affects the average profitability of a product line and is key to pin down the

average number of products sold by the firm.

4The assumption that the firm takes the stock of products as given is not key for our results, but makes
the optimal choice for scope more simple.

10



2.5 Dividends and financing

The firm derives revenues by selling its products in various markets. The profit made by the

firm on a specific product line w is,
Wit(w) = pit(w)yit(w) - WXthit(W) - [ (16)

The firm profit is also subject to a series of i.i.d. product-specific shocks z;(w), which
are assumed to be normally distributed, z;(w) ~ N(0,0,), and observed after all production
decisions are made. Although the shocks are i.i.d. at the product-level, we allow these shocks

to be contemporaneously correlated at the firm-level, that is
corr(zi(w), zi(1)) = p., Yw, 7 € Qy,and w # 7. (17)

The total amount of idiosyncratic risk faced by a firm, Zz;, is defined as the average

product-specific risk over the entire product portofolio, i.e.,

5= f: 2o(w)de (18)

This specification for the idiosyncratic risk has three main advantages. First, it captures, in
a reduced form, the diversification benefits of increasing the firm’s scope that we observe in
the data. Second, it generates heterogeneity across firms within an industry in a tractable
way. Third, this specification nests the case where there is no diversification stemming from
product creation (i.e., p, = 1), in which case, Z; is simply a firm-specific iid shock.

Using the properties of the normal distribution, it can be shown that Z; is normally

distributed, z; ~ N(0,04), where the total amount of idiosyncratic risk at the firm-level is

11



given by®
1
h=at(=pg- ). (19
it

Eq. 19 highlights the important link that exists between a firm’s product space €2; and
idiosyncratic risk. Firms that are more diversified across products have lower idiosyncratic
volatility (i.e. 002/0Q; < 0). Importantly, the magnitude of the diversification effect of
product scope is related to the magnitude of the correlation across product shocks, p,.

When firms are hit by a sufficiently negative Z; shock, they need to obtain external
financing from financial markets. External financing, (i.e., negative dividends), are subject
to equity dilution costs. More specifically, we assume that obtaining financing through
financial markets involves a dilution cost of g; that is proportional to the amount of equity
issued.

Accordingly, the real dividend is

Qit
dit = f Wit(W) dw — iit — Sit — Zi0it + Ot l'IliIl {dit7 0} y (20)
0

where z; = Z;/o; ~ N(0,1). In the following, we denote by H(-) and A(-) the cumulative
distribution and probability density functions of the standard normal distribution.

Note that the presence of dilution costs create a wedge between the internal and external
financing of the firm. When the firm issues equity, i.e. d; < 0, the firm only receives

(1 — o0)d;t, while financing through internal cash flow is costless.

2.6 Industry equilibrium

Firms generate revenues in product markets in which they compete with other firms. In-
dustries are characterized by an oligopolistic market structure where firms play a static

Cournot-Nash game in each period within their respective industry. More specifically, firms

5See technical appendix for details.
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choose the production for each product, taking the production decisions of rivals as fixed.
Because firms are relatively large in their industry, but are small relative to the broader econ-
omy, individual firms impact the industry price, but do not affect aggregate factor prices
such as the wage rate, W,.

The optimization problem of the firm is to choose which products to produce and in what
quantity, in order to maximize the value of the firm, subject to the demand for the firm’s
products, the capital and product accumulation constraint, the production decisions of the

other firms in the industry, and the external equity financing constraint, that is,

Vit = max div + (1 = 0,) B[ My 110i041] (21)
Sit Qit4150it,Kit 41,
{kit (W) lit ()it (W)} wero, 0,

s.t. d;y = JQ“ (W) dw — iy — Sy — 2i04 + 0 min {dy;, 0}
0

Kitr1 = (1 — 0x) ke + (it /e kit

Qi1 = @ Q7"+ (1 — 0) Qe

ki = JQ“ Ky (w)wXdw

0
Yir(w) = pit(w)_ypﬁ_lyt
1

2 _ =2
Ui = UZ 1-— )~ + z |
where M, is the one period stochastic discount factor and (1 — §,,) is the probability of

survival of the firm (which we describe in the next section).

2.7 Entry

We assume the existence of a competitive fringe of potential startup firms, which are identical
prior to entry. When a firm is established, an entry cost fF is paid to create the firm.
Because newly created firms have no internal source of financing, the entirety of the entry
cost is financed through external financing. In other words, the total amount of resource

needed to enter is f£/(1 — g;). Once the firm has successfully entered the industry, it starts

13



production in the next period.
In equilibrium, firms enter as long as the expected value of entry is greater than the total

entry cost, which leads to the following free-entry condition:

L =gy, (22)

where vg; = (1 —0,)BE[vi41] is the expected value of entry and is equal to the ex-dividend
market value of equity.

Following Loualiche (2016), we assume the following specification for the entry cost:

N

'
fF=1r" (Tt) W, (23)

where we scale the entry cost by aggregate output ); to keep entry costs quantitatively
relevant along the balanced growth path. (g measures the elasticity of the entry rate to the
market value of a new entrant. Effectively, (;* acts as an adjustment cost that ensures that
entry is smooth over the business cycle. The fixed entry case is the particular case where
entry is perfectly elastic, i.e., Cgl = 0.

Each period, a randomly selected number of firms 9, defaults and leaves the industry.

Thus, the mass of firms in an industry evolves as:

New = (1= 6,)N, + N (24)

2.8 Equilibrium and aggregation

As discussed before, industries are symmetric, so the 5 index can be dropped. Within
industries, the only difference across firms results from the product-specific shock, which
can be aggregated at the firm level as an idiosyncratic shock, z;. Because the firm-specific
shocks are observed after all production decisions are made, none of the policies of the firm

depend on particular realizations of z;, except for the equity financing decision. Fzx-ante, z;

14



only affects firm policies because it impacts the probability that the firm will need equity
financing in the future. Therefore the i-subscript can also be dropped and the only relevant
variable for the cross-section of firms in the industry is the proportion of firms that requires
external financing, (1 — H(z})), which is obtained by applying the law of large numbers.
Using the symmetric nature of the economy and imposing the free entry condition, we

can derive the aggregate resource constraint of the economy:

yt = Ct + NEtht + Ntit + Ntst + NtQtf + Rt (25)

where R, = 12 (Ut Sf (2 —2f)dH(2) + Np; fEt) is the amount of resource lost due to costly

external financing.

3 Optimal firm policies

In this section, we discuss the firm’s optimal policies, which are obtained by solving the
firm’s problem defined in (21).% Firms choose their optimal product scope in an environment
characterized by imperfect competition and financing frictions. It is therefore expected that
all these forces interact in equilibrium. Indeed, we show that these key model ingredients
have important implications for the firm’s optimal boundaries and for aggregate quantities.

We then assess the quantitative relevance of these implications in subsequent sections.

3.1 Financing decision

Financing frictions affect incumbents and new entrants in a very different way. New entrants
do not generate internal financing and must finance the entirety of the entry cost using

external financing. As a result, the shadow value of an additional dollar of financing for an

1

entrant is AF = )
t 1—o¢

SRefer to Appendix A for the derivation details
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In contrast, incumbent firms have access to both external and internal funding. External
financing is used only when internal funds are insufficient, which happens when the real-
ization of the firm-specific shock is higher than the no-financing threshold z;. Accordingly,
incumbents use external financing with a probability (1 — H(z})) and use internal financing
with probability H(z;). While obtaining one dollar externally costs 1%&, internal financing

is costless. Therefore the shadow value of an additional dollar of funding for an incumbent

firm is

(26)

The presence of financing frictions has two opposite effects on incumbent firms. First,
external financing costs affect the shadow value of funding, 6;, and impact the firm policies.
For example, if financing becomes more costly, the firm might choose to cut on investment
or product creation to reduce the need for external funds. This effect is consistent with the
existing literature (e.g., Eisfeldt and Muir (2016)).

Second and unique to our model, an increase of financing cost also deters entry. This
happens because startups are financially constrained and require external financing to pay the
entry cost.” The resulting increase in barrier to entry helps incumbents consolidate market
power and grow, resulting in higher investment and increased product creation. Thus, the
free-entry effect alleviates the negative impact of financing costs and could even benefit
incumbents — if strong enough. Ultimately, which of the two effects ultimately dominate is

a quantitative question, which we explore in our calibrated model.

"In fact, the marginal cost of financing is always higher for startups than incumbents because 6F > 6;.
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3.2 Firm scope

In a flexible manufacturing environment with product-specific shocks, the firm scope is an

important determinant of both the volatility and the level of a firm’s profit.

Product diversification and productivity. The firm is most efficient at producing
products close to its core competence. Therefore, when a firm deviates further away from its
core, the overall productivity is reduced. The effect of product scope on productivity can be
visualized by aggregating the total output of a firm over its range of products. In particular,
total firm output is characterized by a standard Cobb-Douglas production function where

total factor productivity, Z,, 18 endogenous and depends on the variety of products:

w o= Zikel (27)
7, = ROX medortan) (28)

1—xopv

where K = il .
-

It is straightforward to see that aZt/aQt < 0 when y > 0, that is, firms with more

product diversity are less productive, all else being equal.

Product diversification and idiosyncratic volatility. Firm face product-specific shocks
that are not perfectly correlated. Therefore, by adding additional products, the firm can re-
duce its exposure to idiosyncratic risk via diversification. This can be seen from the equation

characterizing the firm-specific volatility, o;;:
_ 1
h=a (=g +0). (20)
it

When the product-specific shocks are not perfectly correlated (i.e., p, < 1), it is straightfor-

ward to show that doy. /0.1 < 0.
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Optimal scope. We now turn to the optimal firm product variety policy. In equilibrium,
the firm chooses its range of products or scope, €2, so that the marginal cost of creating a
new product is equal to its marginal benefit. The optimal decision is given by the following

Euler equation:

0041

Q0 = (1 —6,)Ey | Mg | 0141 (m(Q) + (1 - 59)@%1) + 25—
041

(em _ h(zt*ﬂ)gt“) (30)

1— 0141

~
diversification benefits

where Q% = % Sfilj, is the shadow value of an additional unit of product for an unconstrained
firm (similar in spirit to the marginal ¢ for capital). Note that because external financing is
costly, all costs and benefits are multiplied by the shadow value of funding in the period, 6, .

The cost of expanding the scope (left-hand-side in Eq. 30) is given by the shadow value
of creating an additional unit of product. The marginal benefits of increasing the firm’s
core (right-hand-side in Eq. 30) consists of the extra profit earned on the marginal product

variety, m(£2;), plus the residual value of the product next period and the diversification

benefits of extending the scope.

Product concentration and firm scope. In the empirical section of the paper, we

measure product diversification at the firm-level using a product concentration measure

(PCM) defined as:

I Pijt(w)yije(w) i "
PCM,; - f ( dw) . (31)

Q;
o\ o pije(W)yije(w)

This measure has the advantage of accounting for the relative size of each product in the
product portfolio of the firm. In the context of the model, one can show that the PCM is

equal to:
PCM;, = YTQ;', (32)
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where T = (1 — vox)?/(1 — 2v¢y). Therefore, there exists an inverse relation between PC M

and the firm scope.

3.3 Product pricing

The optimal pricing policy for each product variety yields the following markup rule over

the marginal cost of production, mec;(w):

pi(w) = pir mei(w), (33)

where pi;; is the equilibrium price markup and equal to:

pie = (1 —msu)”, (34)

where ms; = 24¥ 4 — is the market share of firm ¢ in the industry.
So ¢ Prtyredk
Note two things about the firm pricing policy. First, because of the decreasing return
to scope, the marginal cost of production increases as the firm expands its product variety.
Therefore, the firm charges a higher price for products that are outside of the core. Second,
the equilibrium markup is time-varying and depends on the firm’s relative market share
in the industry. In the symmetric equilibrium, the market share of each firm is equal to

the Herfindhal-Hirschman industry concentration index HHI; = N,;1 and the price markup

simplifies to:

w = 2 (- HHL) " (35)

v—1

Therefore all else being equal, firms operating in more concentrated industries will be

able to charge a higher price markup on all their products.
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4 Quantitative results

This section presents a quantitative analysis of the model. We start by describing the data
and stylized facts related to product concentration within firms. All the macroeconomic data
series are obtained from standard sources and are available on the FRED website. We then
estimate two new key parameters model and describe the calibration. Using the calibrated
model, we present a quantitative evaluation of the key channels linking product diversity,
financing frictions, productivity, and idiosyncratic volatility and generate new predictions

that we then test in the data.

4.1 Data description

The product data comes from the Kilts-Nielsen Consumer Panel Dataset which is a lon-
gitudinal panel of approximately 40,000-60,000 U.S. households who continually provide
information to Nielsen about what products they buy, in addition to where and when they
make purchases. Panelists use a Nielsen-provided device to enter details about each of their
shopping trips, including the date and store where the purchases were made. They also
scan the barcode of each purchased good and enter the number of units purchased. Nielsen
samples all states and major markets. The panelists are geographically dispersed and the
panel composition is designed to be representative of the total United States population.
Each panelist is assigned a projection factor, which corrects for sampling error and therefore
can be used to project nationwide sales. The panel data ranges between 2004-2015 and con-
tains 69.4 million unique observations at the barcode x household x date level. Overall the
database includes 3.2 million unique barcodes that Nielsen estimates to cover approximately
30% of consumer spending.

Nielsen stores barcodes in the standard Universal Product Code (UPC) format. The
UPCs are 12-digit codes which uniquely identify a product. For each product, Nielsen

keeps track of three levels of aggregation: brand, product module, and product group. For
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example, the barcode “004900000463” represents a six-pack of Coca-Cola which belongs to
the brand “Coca-Cola”, product module “Soft Drinks” and the product group “Carbonated
Beverages”. The difficulty is that neither of these attributes of bar codes uniquely identifies
the company that produces the product. In order to map UPCs to firms we make use of the
GS1 US database.® GS1 is a not-for-profit organisation that develops and maintains global
standards for barcodes. They are responsible for issuing and managing barcodes of more
than 1.5 million companies worldwide. The first 6-10 digits of an UPC are GS1 company
prefixes. Each company prefix uniquely identifies the company that produces the product.
It is not possible to know the prefix length of a given UPC without searching it on the GS1
US database. Therefore, we feed each unique barcode in the Nielsen Database into the GS1
US database and get a company prefix, name, and address for each good in our sample.
We assigned 44,760 company names to 2.25 million products. We then match company
names from the GS1 US database to Compustat database. We proceed in two steps. First,
we fuzzy match GS1 company names with Compustat company names using bigram string
comparators and manually checked the matched results. This procedure allowed us to match
209 company names. Second, we manually reviewed companies that sell more than 200 UPC
and matched them with Compustat.” Our final sample has 186 public companies that sell
around 180 thousand different products.

Our sample contains on average per year 170 to 180 thousand different products that
belong to an average of 1026 product modules and 114 product groups. The number of
different products have been steadily increasing.!® On average firms sell around 519 products
but there is large heterogeneity among firms. The median firm sells only around 35 products.

In addition, the firms in our sample are large — 85% of the market share is condensed in

8This is an approach similar to the one used in Argente, Lee, and Moreira (2018).

9We have also extensively used Google searches to match GS1 company names to Compustat. For example
a product sold under Fritolay Co. is actually owned by Pepsi Co. or products sold by The Holmes Group
are now a part of Newell Rubbermaid (due to past acquisitions).

10Broda and Weinstein (2010) defined firm level as the first 6 digits of UPC. This approach is not fully
correct as often the it is the first 7 to 10 digits of an UPC that are assigned to a firm. Their assumption
however has minor impact on the results as most firms indeed have a 6 digit UPC.
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firms that sell more than $2bn. Only the smallest firms in the sample sell few products and
have them condensed in a small number of brands, modules and product groups. Over 95%
of sales in 2015 come from firms that sell more than 1,000 products belonging to several
different brands and product groups. This highlights the nature of multiproduct firms in the

retail market.

4.1.1 Measures of product diversification

We build two measures of product diversification: product concentration and product cre-

ation/destruction.

Product Concentration. We define our empirical measure of product concentration by
adapting the product concentration measure of the model (see, Eq. 31). In particular, for
each firm/UPC ¢/j in our sample, we calculate total sales and the associated sale share in

year t:

Sales; ;
Sharei,jﬂg = (#) (36)
ijl Sales; ;¢

Our main product concentration measure (PCM) at the firm level is therefore the sum

of the squared expenditure shares:

PCM;; = ZJ](Sh:eurem,t)2 (37)

j=1
This is a measure of how concentrated are firm sales in a single product (the concept is
akin to the Herfindahl-Hirschman which has been widely used to study industry concentra-
tion). A firm that sells only one product would have a PCM index of 1, and a firm that
sells two products with equal weight on its total revenue would have a product concentration

measure of 0.5. Of course different firms have different sizes and therefore to aggregate these

firm-level PC'Ms we take an weighted average of individual firm level PCMs:
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N
PCM{# = > a;,PCM,, (38)

=1

where o, is the share of revenue of firm ¢ at time ¢ in total revenue in our sample.

Product scope dynamics. Within firm product concentration is mainly driven by how
much firms innovate and expand their product scope. We define measures of product creation
and destruction in the spirit of Broda and Weinstein (2010). Define entry rate as the number
of new goods in period ¢ relative to period s as a share of the total number of products in
period t and exit rate as defined as the number of products that existed in period ¢ but not
in period s divided by the number of total products in period s. Creation and destruction

are sales-weighted analogues of the two measures above:

Value of New UPCs (t, s)

Creation (t,s) =
reation (t, s) Total Value (t)

(39)

. Value of Disappearing UPCs (¢, s)
Destruction (t,s) = Total Value (s) (40)

In the model, firms face different idiosyncratic shocks that affect their creation and de-
struction of products, thus go one step further than Broda and Weinstein (2010) aggregate
measures of creation and destruction, and compute them at the firm level i. These measures
are the empirical analogues of equation 14 in the model which describes how firms create
and destroy new products.

The first column of table 1 reports the aggregate measures defined above for the overall
sample period (11-year period). It reveals that 79% of products that existed in 2015 did not
exist in 2004. Similarly, 77% of products that were available for purchase in 2004 were no
longer available in 2015. The fact that creation is lower than entry rate and destruction is
lower than exist rate, implies that new introduced and destroyed products have lower share

of sales than existing products. This makes sense as new products take time to gain market
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share and most of the products destroyed have lower sales vis-a-vis continuing products. The
last column of the table reports 1-year medians. It reveals that per year the median entry
rate of products is around one-fourth of existing products and exit rate is around 23%.

As documented by Broda and Weinstein (2010) at the aggregate level, net-creation is

procyclical, i.e. higher in expansions and lower in recessions (as after the crisis).

4.2 Parametrization

This section describes the calibration of the quantitative model. We estimate two new
parameters that are unique to our model using the GIV method and calibrate the remaining

parameters using steady state targets and values from the existing literature.

4.2.1 Estimated parameters using Granular Instrumental Variables

Our model has two parameters that are novel in the literature. The first parameter is y
which governs the sensitivity of the firm’s productivity to deviating from the core i.e., the
further away the firm is from its core competency the lower its productivity. The second
parameter is the correlation across product shocks p,, that drives the diversification benefits
stemming from the firm scope. We estimate both of these parameters using the Granular
Instrumental Variables (GIV) method (Gabaix and Koijen (2020)), relying on the fat-tail of
the distriction of firm-level product shares. Figure 2 plots the histogram of product shares,
pooled across all firms and years. The distribution of portfolio shares exhibits a fat right
tail. Following Galaasen, Jamilov, Juelsrud and Rey (2020) we fit a Pareto I density to the
data and estimate a Pareto rate of 1.8.

The key equation that describes the decreasing return to scope is equation (27). This
equation cannot however be estimated by standard OLS methods because Z, is an endoge-
nous variable that depends on the variety of products, which in turn depends on all other
state variables of the model. This can be seen through equation (30) that states that the

marginal cost of creating a new product or expanding production of an existing product
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depends on idiosyncratic volatility, external financing costs, the stock of capital from the
firm and the stochastic discount factor. Therefore, use GIV to estimate equation (27).

To take the model to the data we start by using the fact that, in the model, there is
a one-to-one mapping between product scope and product concetration (see equation 32).
This is useful, as it is relatively easier to measure product concentration in the data.

Let Sh;;; denote the share of of product j, sold by firm ¢ at time ¢ such that:

N;
PCMS,i,t = TQ;l = Z Shj,i,tShj,i,t (41)

j=1
Thus as before PC Mg, is the value-weighted sum of shares of each product sold by firm <.
Write equation (27) from the model in logs and replace product scope with the equivalent

product concentration measure:

1
log(PCMg ;) = c+ ;zm + & (42)

where c is a constant, ¢, is an aggregate productivity shock and z;, is the log idiosyncratic
productivity of firm ¢ at time ¢t. We are interested in estimating the parameter x from the
above equation.

To do so we combine the above equation with the Euler equation for product scope. This
equation does not have a closed form solution, but in general, the share sold of a product,

can be approximated using a log-linear relationship at the product level:

Shjis = ¢1Zi,t + ®*Cip + M + iy (43)

where Sh;;, is the share of product j sold by firm ¢ at time ¢, C;; is a vector of firm level-
controls, n; is an aggregate shock (possibly due to changes in the SDF), and u;;, are product
specific demand shocks.

It is difficult to estimate x due to the fact that ¢, and 7, can be correlated. To do so,

we follow an instrumental variable approach and rely on granular instruments (Gabaix and
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Koijen (2020)). This identification strategy exploits differences in the size-weighted and
unweighted average idiosyncratic shocks experienced by firms at the product level. The GIV

is formally constructed the following way:

git = PCMS,i,t - PCME,i,t = USit — UEit (44)

where PC Mg, = Ni Zjv;l Sh;;. is the average share of each product in firm’s ¢ portfolio.

For the GIV to work we need that g;, is uncorrelated with €; (exclusion restriction) and
correlated with z;; (relevance condition). The first restriction cannot be empirically tested
but it makes economic sense as it is unlikely that a shock that affects a demand for a single
product would be correlated with ¢; (an aggregate productivity shock). The relevance of the
instrument stems from the assumption a demand shock to a product, makes the firm to have
to readjust their production lines and product scope, and due to time-to-build this must
affect the firm’s idosyncratic productivity and idiosyncratic volatility. This assumption is
verified in the first stage regression (Table 2 reports the first stage results).

We follow the procedure described in Gabaix and Koijen (2019) to get an estimate of .
We define the variable S~hj7i7t = Sh;;+ — PCMEg;,; and use principal components analysis on
S'Nhj7l-7t to get an estimate of 7, that we denote as 7;.
inv

We then estimate x = 1/ via the regression:

PCM;; = wsy =k + X" 2 + Nnf + e (45)

where 2, ; is the instrumented z; ;.

We follow a similar procedure to estimate the parameter p, from the model. The model
equation we are looking to estimate is (29) which relates volatility and product scope. This
equation is highly non-linear so we make a taylor-expansion around its steady state and

estimate:
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PCMg,;, = o}, + € (46)

where = %% and PCM is the log steady state value of the product concen-

tration measure. From the estimated beta we can backout the value of p,.

4.2.2 Calibrated parameters

We now describe how the remaining parameters are calibrated. For convenience, we have
summarized all the parameter values in Table 3. The capital share « is set to 0.33 which
is a standard value in the macroeconomics literature. The depreciation rate of capital dj is
equal to 1.26% to match the mean investment rate in our sample. We model the capital
adjustment cost along the lines of Jermann (1998), with a convexity parameter (j of 8.!!
This value allows us to generate a relative investment volatility consistent with the data.

x captures the inefficiencies associated with producing away from the firm’s core. We
estimate this parameter using the granular instrumental variables as described on the pre-
vious section. We estimate y to be 0.105. We set the product obsolescence rate dq to 4.92%
to match the mean product creation rate from the data and set the firm death rate 9, to
2% as in Bilbiie, Ghironi, and Melitz (2012). The elasticity of new product patents with
respect to R&D, 1, is 0.65, which allows the model to be consistent with the relative volatil-
ity of product creation in the data sample. We choose ¢, = 1.05% and o,, = 0.10, and set
the persistence of the productivity process to p, = pgg = 0.95. These values are close to
those used in Croce (2014) and allows the model to generate an output volatility of about
2.20% per annum. We also assume that corr(e,,e,5)=1. This assumption is consistent with
the productivity process arising in a model where growth is endogenously determined (e.g.,

see Kung (2015)) and allows to reduce the number of exogenous shocks in the model. The

UTn particular, we assume that capital accumulates as follows: ki1 = (1 — 6x)ks + D(ir/k¢)ks, where

_1
D(ig/ky) = (lf‘ll (iy/ke) " + a2>, and ay and ag are chosen so that there is no adjustment costs in the
Ck

steady state.
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average level of productivity a is set to generate an book-to-market ratio of approximately
0.5 as in the data and productivity grows at a annual rate of 2% in the steady state.

The entry cost parameter fg determines the average number of firms in the industry
while the price elasticity across products v determines the degree of market power of each
firm over its products. We choose these two parameters to jointly generate an industry price
markup of 40% and an industry-level concentration index in the steady state close to 78.24
as in the data. The elasticity of entry rate to the value of entry, (g is set 5 (e.g. Loualiche
(2016)). The fixed cost of operation for each product f determines the number of products
sold by firms. We choose f = 0.15 such that the steady state product concentration measure
is 60.79 as in the data.

We calibrate the steady state external financing cost, g, to 0.3 as in Cooley and Quadrini
(2001). The idiosyncratic shock z is the only source of cross-sectional heterogeneity within
an industry and is the key driver of external equity financing needs. The volatility of the
idiosyncratic shock o, is chosen to generate a probability of having to use external financing
of 2.5% (e.g., see Eisfeldt and Muir (2016)). The correlation across product shocks p, drives
the diversification benefits stemming from the firm scope. We estimate p, to be 0.15 (using
GIV as described in the previous section).

On the preference side, the subjective discount factor [ is chosen to generate a low level
of the risk-free rate, consistent with the data. The preference parameters controlling risk
tastes, ¥ (intertemporal elasticity of substitution) and 7 (coefficient of relative risk aversion),
are calibrated to 2 and 10, respectively, and are in the standard range of values in the long-
run risks literature (e.g., Bansal and Yaron (2004). This preference configuration implies
that the representative agent prefers an early resolution of uncertainty (i.e., 1» > 1/), which

implies that the price of risk for low-frequency consumption growth uncertainty is positive.
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4.3 Model Results

This section presents a quantitative analysis of our model. The model is solved at the
quarterly frequency using third order perturbation methods around the deterministic steady

state after detrending all non-stationary variables by e™.

4.3.1 Model fit

Table 4 reports several key moments obtained from the model and the data. The simulated
moments targeted in the calibration match their empirical counterparts relatively well. For
instance, the model replicates the first and second moments of key macroeconomic variables
such as consumption and output growth. The mean and volatility of the capital invest-
ment and the product creation rate also line up very well with the data. Importantly, the
concentration moments — both for products and industries — are close to their empirical
targets.

The model also fares well on asset pricing moments. The average book-to-market ratio is
equal to 0.44, close to the data average. Notably, the model generates and a low and stable
risk-free rate and a sizeable risk premium. Both moments are within the confidence bounds
of their empirical counterparts. The quantitative success of the model for asset prices is due
to the combination of long-run risk in productivity with a representative agent that has a
preference for early resolution of uncertaintly.

In short, Table 4 suggests that our calibrated model provides a fair representation of US
multi-product firms and the economy. We now explore new implications of the model that

we test in the data.

4.3.2 Dynamics

We start by exploring the model dynamics using impulse response functions. Figure 4
plots the impulse response function to an increase in a. An increase in productivity makes

producing an additional product more profitable and firms increase investment in product
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creation. The resulting increase in firm scope leads to better product diversification and the
product concentration measure, PCM, drops. As a result, idiosyncratic volatility falls and
the model endogenously generates countercyclical idiosyncratic volatility.

As firms become more valuable, more entrants find it optimal to enter and aggregate
entry increases leading to a drop in industry concentration, HHI. Therefore, product and
industry concentration move in the same direction in response to a productivity shock.

There are two forces that affect equilibrium productivity and that work in opposite
directions. On the one hand, productivity increases following the exogenous shock a. On
the other, the higher product diversification hurts firm overall productivity because of the
decreasing return to scope. We find that the former effect dominates so that both product
creation and productivity are procyclical as in the data.

Figure 5 looks at the responses to an increase in the cost of external financing o. As
discussed earlier, the increase in financing cost has two opposite effects on incumbent firms.
On the one hand, it increases the shadow value of funding, 6;, and drive firms to cut on
investment or product creation to reduce the need for external funds. On the other hand,
when external financing is more costly, entry becomes relatively more expensive and fewer
firms enter, which leads to an increase in industry concentration. The drop in competition
increases product demand for incumbent firms which respond by expanding their operations
(both in terms of physical capital and product scope) in order to take advantage of these
new profit opportunities. We find that on average, the second effect dominates so that an
increase in financing costs leads to an increase in industry concentration but a decrease in
firm’s product concentration. Note that these effects are in sharp contrast to those stemming
from productivity shocks where PC'M and H HI are positively correlated.

Because the firm scope increases following the financing shock, firms are better diversified
and idiosyncratic risk drops. At the same time, the wider firm scope creates inefficiencies
in production and leads to a fall in total factor productivity. Interestingly, time-varying

competition creates an amplification mechanism that propagates the effects of financing cost
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shocks. This happens because firms become larger as a result of the financing shock, which
creates an endogenous barrier to entry for new firms, that is, setting up a new firm is now
much more expensive. This effect persists long after the initial financing shock.

Figure 6 investigates the impulse response function to an entry cost shock. To obtain
these plots, we extend the benchmark model with an exogenous process that affects the

magnitude of the entry cost. In particular, we replace fg, for fy,, where f7, is given by

Joe = [ee ™ (47)

Tt = PETE+ OF €Rt (48)

Overall, the responses to an entry cost shock are qualitatively similar to that of a financing
shock. This happens because an increase in financing cost makes entry more costly, which
effectively acts as a barrier to entry shock xg,. Note however that because the pure entry
cost shock does not have a direct impact on incumbents (e.g., through the cost of financing),
the resulting responses will generally be stronger than for the financing shock.

Given how similar the impulse-response functions are, it is challenging to empirically
identify the source of the shocks. In our quantitative experiment, we identify financing
shocks by relying on the fact that financing costs shocks affect the average cost of external

financing of incumbents while the entry cost shock does not.

5 Quantitative experiment

The shocks to external financing and entry costs both generate a negative comovement
between product and industry concentration. In this section, we document an interesting
empirical pattern, industry concentration has gone up while product concentration has gone
down. Using our calibrated model, we ask how much of the aggregate trends in industry
and product concentration is explained by the financing and entry cost shocks individu-

ally. We also explore the related implications for the aggregate trends in productivity and
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idiosyncratic volatility.

We start by describing these trends in the data. Average industry concentration has
accelerated over the past two decades (e.g., Grullon, Larkin, and Michaely (2018)). Panel A
from Figure 1 plots the trend in average industry concentration, measured by the Herfindahl-
Hirschman Index (HHI), for public US firms between 1985-2015. To construct the HHI index,
every year we sum up the squared total sales of each firm in a given NAICS 3-digit industry
divided by the aggregate number of firms in the industry. We then average the resulting
HHIs and use a Hodrick-Prescott filter to get the trend in industry concentration. Overall
industry concentration has increased around 40% between 1985 and 2015.

In contrast, product concentration within firms (Eq. 38) has been decreasing on average.
Panel B from the same figure shows that sharp contrast with industry concentration, product
concentration has decreased around 10% between 2004 and 2015. Firms have been diversify-
ing their portfolio of products and have started to have less concentrated sales. Our model
predicts that a decrease in firm-level product scope (and concentration) implies a decrease
in idiosyncratic productivity and idiosyncratic volatility (as we documented panel-wise in
Table 4). Given the decrease in aggregate product concentration seen in the data we would
expect a similar aggregate decrease in idiosyncratic productivity and volatility. Panel A
from Figure 3 plots the trend in average firm-level idiosyncratic volatility and Panel B plots
the trend in average idiosyncratic productivity across firms. Both have been decreasing over
the past decade. We now ask how much of these trends can our model explain with the
aggregate financing and entry cost shocks.

The cost of external financing is driven by the exogenous process g;, which captures the
additional cost for each dollar raised externally. We obtain a measure of these costs from
Eisfeldt and Muir (2016) who estimate the average cost of external finance per dollar raised

for the 1980-2014 period at the annual frequency. The average cost per dollar raised X; is
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linked to o; by the following relation:'?

B 1
1_Qt'

Xi (49)

The resulting series is then fed into our calibrated model. Figure 7 presents a graphical
representation of the results. The increase in external financing cost starting in 2000 led to
a reduction in firm entry rates and to a rise in industry concentration (upper two panels of
Figure 7). At the same time, incumbent firms exploit their increased market power by raising
markups across their products and expand their product variety. Product concentration falls,
while industry concentration rises. Comparing the model implied trend (dotted blue line) to
the data (solid red line), we notice similar patterns. Table 6 reports the relative change in
the two concentration measures between 2005 and 2014 for the data (first column) and for
the financing shock model experiment (second column). In the data, product concentration
has dropped 17%, while industry concentration has increased 26%. Our calibrated model
suggests that financing costs account for about 43% (31%) of the change in product (indus-
try) concentration over the past decade. These results confirm the importance of financing
frictions in explaining product creation decisions within and across the boundaries of the
firm.

Financing cost shocks, by affecting product diversity, are also an important determinant
of both productivity and idiosyncratic volatility. We then ask how much of the aggregate
trend in productivity and volatility can be explained by the financing shock. The lower two
panels in Figure 7 plots the trend, both for the model and the data, for the aggregate sales
volatility and the total factor productivity. Here again, the model captures the empirical
trends very well. In terms of economic magnitude, the financing shock explains around 4%
of the drop in idiosyncratic volatility and 37% of the drop in aggregate productivity.

The entry cost shock creates similar dynamics as the financing shock. To estimate the

120ur model is calibrated at the quarterly frequency, so we linearly interpolate the empirical series X,
and normalize the shocks so that the first autocorrelation and standard deviation of the resulting quarterly
series matches the initial annual series for X;.
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additional contribution of the entry cost shock to the observed trends, we simulate a model
counterfactual with both financing and entry cost shocks. The entry cost process is obtained
as a residual for matching product concentration dynamics.'> The third column in Table 6
presents the simulation results from the model. The entry cost shock explains the remaining
53% of product concentration and 43% of the trend in industry concentration. Importantly,
the financing and entry cost shocks jointly can explain 86% of the observed productivity
slowdown and 10% of the decline in the trend component of idiosyncratic volatility, suggest-
ing that product diversification within the boundaries of the firm is an important driver of

the trends in market power, idiosyncratic volatility, and productivity.

6 Cross-sectional evidence

The benchmark model abstracts from cross-sectional heterogeneity by focusing on symmetric
industries. This section outlines an extension of our baseline model that allows for ex-post
cross-sectional heterogeneity in product concentration across firms. We use the extended
model to derive additional predictions that we then test in the data.

We model heterogeneity across industries by assuming that there are two industry types,
1 and 2, equally distributed across the unit interval. The two sectors are initially the same,
but face industry-specific shocks to the product operating cost. More specifically, the product

operating cost is industry f becomes:

fit =+ xgjt, (50)

where Tpj; = posTrji—1 + oxp€pje and €, ~ N(0,1). fj; is a natural candidate to generate

cross-sectional difference in product concentration because it directly affects the average

13Note that the estimated entry cost process will be a conservative estimate of the rising entry cost
documented in the literature, e.g., Corhay, Kung, and Schmid (2019b). An alternative would be to obtain
the entry cost process as a residual for matching industry concentration dynamics, which would result in a
larger estimate of the entry cost.
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profitability of a product line. It is therefore a key determinant of the average number of
products sold by the firm.

Each quarter, we sort the two industries based on the level of product concentration
measure and denote by High the industry with a high PCM and by Low the industry
with a low PCM. Table 5 reports a series of moments depending on the level of product
concentration. Firms with a higher cost of producing a variety invests less in product creation
and display a higher level of product concentration. Because they are more specialized, these
firms have a higher level productivity. But specialization comes at the expense of lower
diversification, which translates into a higher idiosyncratic profit volatility.

Firms with high PC'M also have a higher exposure to systematic risk. This happens
because firms face decreasing return to scope and scope is procyclical (e.g., see Figure 4).
Therefore endogenous product scope dynamics provide a hedge against aggregate produc-
tivity shocks — the scope hedge. Because high PC'M firms have a smaller scope, they have
a smaller hedge against productivity risk and are thus more risky. This increased risk stem-
ming from flexible manufacturing adds to the increased profit volatility, which increases the
likelihood of high PC'M firms needing costly external finance. Indeed more concentrated
firms require external financing twice as much as less concentrated firms. Because the need
for external financing increases in bad times, when profits are low, more concentrated firms
will be riskier for this reason as well.

Panel B of Table 5 reports the excess returns and CAPM beta for two investment strate-
gies — one that invests in the High PCM portfolio and one that invests in the Low PCM
porfolio. We find that PCM is a significant driver of the cross-section of asset prices and
affects the exposure of the firm to systematic risk. This exposure is mainly driven by the
scope hedge effect documented above. Indeed, in untabulated results, we simulated the
model without decreasing return to scope (i.e., x = 1) and found the following. At the
aggregate level, removing the scope hedge effect significantly increases risk, leading to an

increase in the equity risk premium and a drop in the risk-free rate. In the cross-section, we
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find that the High minus Low portfolio return drops from 1.40% to 0.17% because muting
the scope hedge effect removes a key driver of the cross-section of firm risk.

We then test these unique predictions in the data. Each year we sort firms into two por-
folios: the first composed of firms with high product concentration and the second composed
of firms with low product concentration. Firms with a product concentration above (below)
the median are characterized as having high (low) concentration. For each portfolio of firms
we then compute its value-weighted net creation (creation - destruction), investment rate, id-
iosyncratic total factor productivity, idioynscratic volatility and book-to-market. The three
rightmost columns of Panel A from Table 5 report these results: the first of these columns
reports the moments for the high concentration portfolio, and second the moments for the
low concentration portfolio and the last column the difference between the two portfolios and
its statistical significance. To test the statistical significance of the difference we run a panel
regression where the independent variable is the the variable under analysis (net creation,
investment rate, etc) and the dependent variable is a dummy that takes a value of 1 if the
firm belongs to the high product concentration portfolio and zero otherwise. In line with the
model, firms with higher product concentration have lower net-creation and investment and
higher idiosyncratic productivity, volatility and book-to-market.

Finally, the three leftmost columns of Panel B from the same table report the asset pricing
moments. The first row of Panel B reports the log-return on each portfolio and the second
row their CAPM betas. In line with the model, firms with high product concentration have
higher returns and higher CAPM betas.

7 Conclusion

This paper documents a recent trend of how industry leaders have been reducing product
concentration and adding new products outside of their core. The rapid expansion of firm

boundaries coincides with the acceleration in market power among the largest firms, sug-
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gesting that industry leaders are consolidating market share by expanding horizontally. We
explain the diverging patterns in firm product concentration and industry concentration in
a general equilibrium model of multiproduct firms with endogenously evolving firm and in-
dustry boundaries. We show that external financing and entry costs shocks are important
for explaining the negative relation between product and industry concentration unfolding
over time, while productivity shocks generate a positive relation.

The increasing trend towards more diverse production among firms with increasing mar-
ket power has important consequences for aggregate fluctuations. Using estimated shocks in
a counterfactual analysis, we first show that a rising trend in external financing and entry
costs can quantitatively explain the diverging trends in product and industry concentration.
We then show that our model can account for a large fraction of the observed productiv-
ity slowdown and declining pattern in idiosyncratic volatility due to the increasing product
diversification within incumbent firms. A firm expanding product scope further away from
their core competence reduces production efficiency, lowering firm productivity. Greater
product diversification also reduces firm-specific risk. Panel evidence supports the model
mechanisms, as measures of product diversification are negatively related to both produc-
tivity and uncertainty within firms. Overall, our paper highlights the growing importance
of product diversification within the boundaries of the firm for reconciling trends in market

power and productivity.
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A Optimal conditions

A.1 Demand for industry goods

The final goods firm problem consists of choosing the optimal bundle of industry goods Yj;

for j € [0,1]. The firm’s production technology is:
Y, = elolmind (51)

We derive the optimal demand for industry goods by minimizing total expenditures for a

given level of production Y;*. The Lagrangian of the cost minimization problem writes

1

L; = min J PyYj dj + Agy (yt* — el ln(th)dj) : (52)
{Yt}tiero,11 Jo

where P}, is the price of industry good j.

The first-order condition (FOC) with respect to Yj; is

Y
Af,ty—_t = Py (53)

J

Using the expression above for any two industries j, k € [0, 1]:

PZ' —1
Yii = Vi (P,: ) (54)
*

Now, taking logs on both sides of the equation, integrating over 5 and taking exponential on

both sides, we get

Vi = Yk,th,teisé In(Fje)di (55)

38



The price index P is such that:

1

Py~ | Pa¥ids (56)
0
Therefore the aggregate price index is:
P, =e o In(Pye)dj (57)

which we take as our numéraire, that is P; = 1. Therefore the demand for industry good Y},

1s:
it = ytpﬂl- (58)

A.2 Demand for products

The optimization problem of industry j consists in choosing the optimal bundle of products
yir(w) for i € [0, Ny], and w € [0, ;] in order to minimize production costs, for any given

production level Y. The Lagrangian of the problem is:

Nt Q4 Ny Q4 _— 71
Lejr =  min f J Pit(w)yir(w) dw di + Ag <ije — [J J yi(w) v dw di] )(59)
o Jo 0o Jo

{yit(w)}weﬂit
where A¢ j, is the associated Lagrange multiplier.
The first order necessary conditions are:

v__q

Nt Qi 3 v—1 .
ey [ J J yin(w) 5 dw d@] (@)L = pu(w),  forwe Qe [0,N,] (60)
0 0

Using the expression above, for any two products w and T,

) = wale) (240) (61)

Dit (W)
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Now, raising both sides of the equation to the power of ”%1, integrating over 7 and ¢, then

raising both sides to the power of —*=, we get

l/

( SO” pie (7)1 "dez)

Y}'t = yit(w) p_t(w),,,

rearranging terms,

D t ) v N it =
th . (J f pzt 1 Vde/l) (63)
yzt (,4.)

The industry j price index is defined as the price Pj; such that the total expenditure is equal

to P;;Yj:. Therefore, substituting Eq. 63, we get

Nt it
P]tht = J j pit(w)yz‘t(w)dw (64)
o Jo

Nt Qi Yiip; —v
N J J pis() Ny o9 ) i du, (65)
v 50 palr)vdrdi)

which yields the following expression for industry j price index:

1

( L - LQ pit(T)lydei) (66)

Therefore the demand for a product variety y;;(w) is:

Yiulw) = pir(w) "PiYj. (67)

Therefore, one can express the inverse demand function for a product as:

Pi(w) = yau(w) T VY, 7 (68)

40



A.3 Firm’s problem

The idiosyncratic shocks z;’s are assumed to be observed after all production decisions are
made. Therefore the first order necessary conditions are all taken after integrating for the
joint distributions of the z;’s shocks. The realizations of the idiosyncratic shocks only matters
for the equity issue decision, which consists of a threshold rule, i.e., issue equity when z; > 2,
and no equity issue otherwise. The equity issue threshold is the value for z that makes the

dividend equal to zero:

o (yit(w)l’%yEYj;% — W Wil (w) — f) dw — tip — Siy
o . (69)

K
Ot

Substituting for p;;(w) using the product demand schedule, the firm’s optimization problem

in Lagrangian form writes:

- *

z O Zit

O 23 1 z
o= B S My, (1 —5n)t{ o J (s~ 2) AH(2) + 12— j (% — =) dH(2)
t=0
+QI (1 = 6k )kie + it — Kir1)

+Q5" (1 —60)Qu + @ QO "s), — Q1)

Qi
+ARE (k,»t — J kit(w)wxdw> }
0
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The associated first order necessary conditions are:

0z Oit
'i . 01 it kL =0
[7it] ¢ Bisy it
02505 1w
[sit] : Ou that + Qﬁﬁ@nﬁi 753, t=0
Sit
[Kitra] © =@ + (1= 60) By (Megin [AJS) + Q51 (1= 6,)]) = 0

0zl 10; 0o; e
[Quiaa] : Q% + (1= 6,)EsMys1 | Oisn a?zl- A mf“ (f (25, — 2)dH (2) +
it+1 it+1 z

+(1 = 6,) ExMypi1 [Q351 (1 — o) — Ai‘itﬁ-lkit—&-l(git—&—l)gzwrl] =0

0250
kﬁi : 91 it AkL X=0
[ t(w)] takit(w) it W

' 02,0
[llt(W)] : Qlt allt(w)

=0

where 0y = 1+ (1 — H(2))12; is the shadow value of a dollar of internal financing.

Also, note that under the normality assumption,

J ! 2dH(2) +

z 1
J dH(2) = —h(2h) + ——h(=%)
z I Ot

2% 1— Ot

f (25— WH() + - ! f Tt dH() = Gz + G ey

27 o 1- Ot * 1-— Ot

= b= h(E) T2

Firms are oligopolistic in their industry and compete in a Cournot-Nash setting, so they take

into account their impact on the total industry demand when choosing the optimal quantity

42




of product:

8&?“ i (T) dT B

Okit(w)

where we used the symmetry condition across industries and firms, i.e., ), =

as well as the fact that:

Yy,

1 1 —v=1 Oy (W
(o
it 1 S - —1 oY

=2y, LY Jt
+J;) yzt(T) yt gt v ﬁklt(w) d

Y, and y; = i,

81{:# (CU)

Similarly for labor:

0 S?“ i (T) dT

~ Oyi(w) Ok (w)

Olit(w)

and the firm’s scope:

0 Sé) " (T) dT
00y

Yie ()’ VY, it

Qi
1 —v=1_4 v—1 6Yt
ATV YY, — L d
+L bul? P ( v )5Qit !

i dyn(w) _ (ya(w) v Oyir(w)
N <Y ) &‘k‘zt(w)

gt

- (F) (o) g -

v—1

— Wil () Q% — f

1

pie( Qi) () (1 _ E) = Wil ()0

w2 0-0) (1) (-4
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where I used the fact that

oY v 1 1
B = i)
ij

Since we focus on the symmetric equilibirum where all firms within the same industry make

identical decisions, so the i-subscript can be dropped and P;; = 1. In the following, we

denote ¢ = (”—’1) Replacing for the partial derivatives calculated above and imposing the

14

symmetry conditions across firms within an industry, the set of first order condition becomes:

Q=1
QQ _ i Sgin
o
QF =(1- On) Ex My 441 [AfH + Qfﬂ(l — 5k)]
Qi = (1= 0,) ExMy 440 [eit+1 (pt+1(Qt+1)yt+1(Qtﬂ)lu;rll (gb_l — 1)) — f)]

oo it+1

+(1 —6,) ExMy 144 [Q2+19it+1(1 —00) + 50— (eitJrl - g(Z;sH)ﬂ)]
011 I — 0441

Yir(w)
kit (Cd)

WXWipy = pr(w)(1 — )

WXA} 1y = pir(w)or

—

it (W

lit (w)

<

5azt . (1—p) 52

5Qt N 29% Ot

where QF = Q¥ /0,, QS = Q%4 /0,, and AF = A2 /0,.
Note that we defined the price markup, p;, as the product price over the real marginal cost

of production, we have:

pir(w) v 1\7*!
P = AR = ==
i7,t UV — 1 Nt

yit(w)/0kir(w)
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A.4 Firm-level aggregation

The firm makes decision on a continuum of products w € [0, €;]. In this section, we provide
details on the aggregation of decisions at the firm level as well as market clearing in product
markets.

First we aggregate the FOC with respect to k;(w):

Pyt(w)“5 do — M AR
0 o Jo Yﬁ
Ak
_ ikt
aY;V

where we define k; = S?t ki(w)wX dw. Replacing the left-hand-side using the definition of Y},

we get

Ak
Y, = Mt—tNtk’t
a
wph
Y, = Mtl : Ny
—«

where WP is the total wage bill.
To find the firm’s total stock of capital and output, we first express the optimal amount of

capital allocated to the production of w as a function of aggregate state variables using the

FOC w.r.t. ky(w):

1—aAF
lit(W) = o Wf/km((&))
= y(w) = k(w)*(e® 9 (W)

1—a AR\
_ at+gi 14
(e ” t) ke (w)

Using the FOC with respect to capital, we obtain an expression for the pricing decision of
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product w:

l—«

AN /T, Jeattae\ 17
- om (8 (H22)

Using the inverse demand function and replacing for p;(w) and y,(w) , we obtain:

_ _ ve
Arx 177 1—a AR\
k — t at+gt t Y,
t(W) [ « “t] <<e o Wt> ) '

The firm’s total capital stock is obtained by multiplying both side by wX and then integrating

over w.

—v —a\ V? —yov

. “tAf at+gi l -« Af ' Qt1 xe
kt = Y; e —_— S —
o} a Wi 1 — xov

In a similar way, the firm’s total output is obtained by aggregating over w:

Q
w = f ()

0
1 — xov

= k?(eat+gtlt)l_a9t_x :

Finally, we impose the market clearing condition in product markets and use the definition

of Y, :

Q4
VASEES Ntf Yo (w)? dw

The revenues on the marginal product is:

1 L—a AR\ 1
Pe(Q)ye () = yt(Qt)(bY;" = ((eaﬁgtTWl;) kt(Qt)> Y,
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The total labor market clears, that is:

- 1—aAF
L = Ntlt = a WtNtkt
t

A.5 Household problem

We assume a representative household with recursive preference. The household inelastically
supplies labor to firms. The total labor endowment is normalized to one, i.e., L = 1. In
addition, the household chooses how much stocks of firm ¢j, Z;;;, to buy. The resource

constraint is:
1 pNi+Npg: 1 prNg
C + f J (Vijt — Diji) Zijiadidj = WP + f f VijtZijedidy,
0o Jo o Jo

where the total labor income is equal to the combined labor income collected from supplying
labor to the production of individual products in all firms and all industries, i.e., WP =
§o o0 §o WX Wilije(w) dwdidy.

Solving for the optimal consumption decision yields a pricing kernel that prices all financial

securities in the economy:
U, RN
M1 =0 (#) (tC—H) .
E (U !

A.6 Aggregate resource constraint

Industries and firms are symmetric, so we can drop the ij subscript. Also, imposing the
market clearing condition in financial markets, i.e., Z;;; = 1, and applying the law of large

number for the mass of surviving firms, we obtain:

Ci + Ngy(V; — D) = WP + N, D,
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The representative firm’s dividend when the idiosyncratic shock z is null is:
szo = O'tZ: = — — WtB — Qtf — it — St.

Given that some firms require costly external financing when z > 2 and using the law of

large numbers, the average dividend paid by a firms is:

D, = D"+ D§=Olf—tgtj (1 - Zi) dH (z)
zf t

Puting it all together, we obtain the aggregate resource constraint after imposing the free

entry condition:

Co+ Neifee = Yo— NSWf — Nyiy — Nysy — Ry

where Ry = 125 (o052, (= = 2) dH(2) + Nifi ) = 725 (9(2) = (1= GJ) + Ngfm) is the

ot ot

amount of resources lost due to costly external financing.

B Technical note on iid shocks

We assume that z;(w) ~ N(0,0.), and that z;(w)’s are uncorrelated across time. We allow
for contemporaneous correlation across z;(w)’s within a time period, for a given firm. In

particular, we assume that that corr(z;(w), z;(7)) = p., Vw, T € Qy, and w # 7. Defining

1 Qi
Zi = — zi(w)dw
a ) @

From the properties of the normal distribution, we know that Z; is normally distributed with

first and second moment derived below.

48



and

ta

Var[z] = Var[ e )dw]

= f B E [zi(w)zi(7)] drdw

= ( 1—/)2)9“ pz)

Note that this specification nests the specification without the “diversification effect”. Just
set p, = 1. As soon as p, < 1, there is some diversification effects from increasing the firm’s
scope. To see this,

aO—['gl] . O 11— Pz
08 2003, (1— PZ)QL

C HHIs

The firm-level sales HHI is defined as:

HHL _ Jﬂit ( Dijt (w)yijt(w) ) dw

0\ pige (@) (w) dw
S(?“ Yije(w)*? dw B S(?” kiji(w)? dw
it 2 B it 2
(50 vy dw) ™ (0" hige(w)® d)
S(?” WX dw _ QL2 (1 — vy )?
(12 rvoaw). O =200
1 (1 —vex)?
Qi (1 - 2V¢X>

49



The industry-level sales HHI is defined as:

Ny 2
HHI = f (M> di
0 SOJ DijtVYijt di
N; 2
_ J e )
o \So” PuYju/Ny di

1
N,

50



References

Argente, D., M. Lee, S. Moreira, 2018. Innovation and product reallocation in the great

recession. Journal of Monetary Economics 93, 1-20.

Autor, D., D. Dorn, L. F. Katz, C. Patterson, J. Van Reenen, 2017. The Fall of the Labor

Share and the Rise of Superstar Firms. .

Bansal, R., A. Yaron, 2004. Risks for the long run: A potential resolution of asset pricing
puzzles. The Journal of Finance 59(4), 1481-15009.

Barkai, S., 2016. Declining labor and capital shares. Stigler Center for the Study of the

Economy and the State New Working Paper Series 2.

Begenau, J., J. Salomao, 2018. Firm financing over the business cycle. Available at SSRN
2533716.

Belo, F., X. Lin, F. Yang, 2014. External equity financing shocks, financial flows, and asset

prices. Unpublished working paper. National Bureau of Economic Research.

Bernard, A. B., S. J. Redding, P. K. Schott, 2010. Multiple-product firms and product

switching. American Economic Review 100(1), 70-97.

Bianchi, F., H. Kung, G. Morales, 2019. Growth, slowdowns, and recoveries. Journal of

Monetary Economics 101, 47-63.

Bilbiie, F. O., F. Ghironi, M. J. Melitz, 2012. Endogenous entry, product variety, and business

cycles. Journal of Political Economy 120(2), 304-345.

Broda, C., D. E. Weinstein, 2010. Product creation and destruction: Evidence and price

implications. The American economic review 100(3), 691-723.

Bustamante, M., A. Donangelo, 2017. Product market competition and industry returns.

Review of Financial Studies, Forthcoming.

51



Byrne, D. M., J. G. Fernald, M. B. Reinsdorf, 2016. Does the United States have a pro-
ductivity slowdown or a measurement problem?. Brookings Papers on Economic Activity

2016(1), 109-182.

Chen, Z., I. A. Strebulaev, Y. Xing, X. Zhang, 2018. Strategic risk shifting and the idiosyn-
cratic volatility puzzle. Rock Center for Corporate Governance at Stanford University

Working Paper (182).

Cooley, T. F., V. Quadrini, 2001. Financial markets and firm dynamics. American economic

review 91(5), 1286-1310.

Corhay, A.; 2015. Industry competition, credit spreads, and levered equity returns. Working

Paper, University of Toronto.

Corhay, A., H. Kung, L. Schmid, 2019a. Competition, Markups and Predictable Returns.

Working paper, London Business School.

Corhay, A., H. Kung, L. Schmid, 2019b. Q: Risk, Rents, or Growth. Working paper, London

Business School.

Croce, M. M., 2014. Long-run productivity risk: A new hope for production-based asset

pricing?. Journal of Monetary Economics 66, 13-31.

De Loecker, J., J. Eeckhout, 2017. The rise of market power and the macroeconomic impli-

cations. Unpublished working paper. National Bureau of Economic Research.

Decker, R. A., P. N. D’Erasmo, H. Moscoso Boedo, 2016. Market exposure and endogenous
firm volatility over the business cycle. American Economic Journal: Macroeconomics 8(1),

148-98.

Dou, W., Y. Ji, W. Wu, 2019. Equilibrium Asset Pricing with Price War Risks. Available at
SSRN 3309554.

52



Eckel, C., J. P. Neary, 2010. Multi-product firms and flexible manufacturing in the global

economy. The Review of Economic Studies 77(1), 188-217.

Eisfeldt, A. L., T. Muir, 2016. Aggregate external financing and savings waves. Journal of

Monetary FEconomics 84, 116-133.

Epstein, L., S. Zin, 1989. Substitution, risk aversion, and the temporal behavior of consump-

tion and asset returns: A theoretical framework. Econometrica 57(4), 937-69.
Gabaix, X., R. S. Koijen, 2020. Granular instrumental variables. Available at SSRN 3368612.

Garleanu, N., S. Panageas, J. Yu, 2012. Technological growth and asset pricing. The Journal
of Finance 67(4), 1265-1292.

Gilchrist, S., R. Schoenle, J. Sim, E. Zakrajsek, 2017. Inflation dynamics during the financial
crisis. The American Economic Review 107(3), 785-823.

Gomes, J., D. Livdan, 2004. Optimal diversification: Reconciling theory and evidence. The
Journal of Finance 59(2), 507-535.

Gomes, J. F., 2001. Financing investment. American Economic Review 91(5), 1263-1285.

Gourio, F., 2013. Credit risk and disaster risk. American Economic Journal: Macroeconomics

5(3), 1-34.

Grullon, G., Y. Larkin, R. Michaely, 2018. Are US industries becoming more concentrated?.

Forthcoming, Review of Finance.

Gutiérrez, G., T. Philippon, 2016. Investment-less Growth: An Empirical Investigation.

Working Paper, New York University.

Hartman-Glaser, B., H. N. Lustig, M. X. Zhang, 2017. Capital share dynamics when firms

insure managers. Unpublished working paper. University of California, Los Angeles.

53



Hennessy, C. A., T. M. Whited, 2005. Debt dynamics. The Journal of Finance 60(3), 1129
1165.

Herskovic, B., B. Kelly, H. Lustig, S. Van Nieuwerburgh, 2016. The common factor in idiosyn-
cratic volatility: Quantitative asset pricing implications. Journal of Financial Economics

119(2), 249-283.

Imrohoroglu, A., S. Tiizel, 2014. Firm-level productivity, risk, and return. Management

Science 60(8), 2073-2090.

Jaimovich, N., M. Floetotto, 2008. Firm dynamics, markup variations, and the business

cycle. Journal of Monetary Economics 55(7), 1238-1252.

Jaravel, X., 2018. The unequal gains from product innovations: Evidence from the us retail

sector. The Quarterly Journal of Economics 134(2), 715-783.

Jermann, U., V. Quadrini, 2012. Macroeconomic effects of financial shocks. American Eco-

nomic Review 102(1), 238-71.

Jermann, U. J., 1998. Asset pricing in production economies. Journal of Monetary Economics

41(2), 257-275.

Jovanovic, B.,; 1993. The diversification of production. Brookings Papers on Economic Ac-

tivity 1, 197-247.

Kaplan, G., G. Menzio, L. Rudanko, N. Trachter, 2019. Relative price dispersion: Evidence

and theory. American Economic Journal: Microeconomics 11(3), 68-124.

Kogan, L., D. Papanikolaou, 2010. Growth opportunities and technology shocks. The Amer-
ican Economic Review 100(2), 532-536.

Kung, H., 2015. Macroeconomic linkages between monetary policy and the term structure

of interest rates. Journal of Financial Economics 115(1), 42-57.

o4



Kung, H., L. Schmid, 2015. Innovation, growth, and asset prices. The Journal of Finance

70(3), 1001-1037.

Lin, X., 2012. Endogenous technological progress and the cross-section of stock returns.

Journal of Financial Economics 103(2), 411-427.

Lin, X., D. Palazzo, F. Yang, 2017. The risks of old age: Asset pricing implication of tech-

nology adoption. Working Paper, Ohio State University.

Loualiche, E., 2016. Asset pricing with entry and imperfect competition. Working Paper,

University of Minnesota.

Neiman, B., J. Vavra, 2018. The rise in household spending concentration. Available at

SSRN 3137782.

Schoar, A., 2002. Effects of corporate diversification on productivity. The Journal of Finance

57(6), 2379-2403.

Syverson, C., 2017. Challenges to mismeasurement explanations for the US productivity

slowdown. Journal of Economic Perspectives 31(2), 165-86.

%)



Figure 1: TRENDS IN INDUSTRY AND PRODUCT CONCENTRATION

011 Panel A: Trend in Aggregate Industry HHI
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This figure plots the average trend industry Herfindahl-Hirschman Index (HHI), for public US firms (panel
A) and the average trend in firm-level product concentration (panel B). We used Hodrick-Prescot filters to

extract the trend from the raw time-series.
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Figure 2: PRODUCT PORTFOLIO SHARES
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This figure plots the distribution of product shares in a the firm product portfolio. For each year and firm in
our sample we compute the share of a given product in the firm portoflio. This figure plots all such shares,
pooled across all firms and years. We break the y-axis of the figure to highlight the tail of the distribution.
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Figure 3: IDIOSYNCRATIC VOLATILITY AND IDIOSYNCRATIC TFP

Panel A: Trend in idiosyncratic volatility Panel B: Trend in idiosyncratic TFP
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This figure plots the average firm-level idiosyncratic volatility (Panel A) and idiosyncratic total factor pro-
ductivity (Panel B). We follow imrohoroglu and Tiizel (2014) methodology to compute idiosyncratic volatility
and Herskovic, Kelly, Lustig, and Van Nieuwerburgh (2016) to compute idiosyncratic total factor produc-
tivity. We used Hodrick-Prescot filters to extract the trend from the raw time-series.
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Figure 4: IRF PRODUCTIVITY SHOCK
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This figure plots the impulse response functions to a positive productivity shock in the benchmark model
for the exogenous technology process a, the investment-to-capital ratio I K, product creation rate S/€2, total
factor productivity tfp, the product scope €2, idiosyncratic volatility o;, the indsutry entry rate, and the
firm and industry concentration. All values on the y-axis are percentage deviation from the steady state.
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Figure 5: IRF EQUITY FINANCING SHOCK
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This figure plots the impulse response functions to an increase in external financing costs x; in the benchmark
model for the shadow value of funding 6, the investment-to-capital ratio K, product creation rate S/€Q,
total factor productivity tfp, the product scope 2, idiosyncratic volatility ¢;, the indsutry entry rate, and
the firm and industry concentration. All values on the y-axis are percentage deviation from the steady state.
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Figure 6: IRF ENTRY COST SHOCK
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This figure plots the impulse response functions to an increase in entry costs xpg; in the benchmark
model. To obtain these IRF, we augment the model with time-varying entry cost shocks as follows
fE = fPevse (NE,t/Nt)CEl, where rg; = pprp: + opeg;. We report responses for the following vari-
ables: the entry cost shock z g, the investment-to-capital ratio I K, product creation rate S/§2, total factor
productivity tfp, the product scope €2, idiosyncratic volatility o;, the indsutry entry rate, and the firm and
industry concentration. All values on the y-axis are percentage deviation from the steady state.
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Figure 7: QUANTITATIVE EXPERIMENT
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This figure plots the time series for the average product concentration measure, the industry concentration,
the average sales idiosyncratic volatility, and the total factor productivity in the data (solid red line) and for
a model experiment where we fed the external financing cost process from Eisfeldt and Muir (2016). The

reported trends are obtained after applying a hAp-filter to the data.
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Table 1: PropucT ENTRY AND EXIT IN THE UNITED STATES

11-year D-year 1-year
Period 2004-2015 2010-2015 median
Entry Rate 0.79 0.62 0.24
Creation 0.63 0.42 0.08
Entrant Relative to size 0.46 0.46 0.28
Exit Rate 0.77 0.61 0.23
Destruction 0.47 0.24 0.02
Exit relative to size 0.26 0.20 0.08

This table shows the averages and medians at the firm-level of product entry rate and exit rate over the
Nielsen 2004-2015 sample (first column) a post-crisis sample (second column) and overall 1-year medians
(last column). Product entry rate (exit rate) is defined as the ratio of the number of new (disappearing)
UPCs to total number of UPCs. Creation (destruction) is defined as the value of new (disappearing) UPCs
divided by the total value of products sold.
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Table 3: Parameter Values

Parameter

A. Deep parameters

gmgaw&h?tx R e

Soees

Pz

B. shocks

Description Model
Subjective discount factor 0.981
Elasticity of intertemporal substitution 2
Risk aversion 10
Capital share 0.33
Degree of decreasing return to scope 0.105
Price elasticity of products 4.85
Entry cost 766.34
Fixed cost of operations in product markets 0.15
Average level of productivity 2.71
Average growth rate of productivity 2.00%
Depreciation rate of capital stock 1.26%
Product obsolescence rate 4.92%
Firm obsolescence rate 2.00%
Capital adjustment cost parameter 8.00
Elasticity of entry to the value of entry 5.00
Elasticity of new products to R&D 0.65
Correlation across product-specific shocks 0.15
Standard deviation of product-specific shocks 36.19
Equity dilution cost parameter 0.30
Persistence of a; 0.95
Conditional volatility of a; 1.05%
Persistence of zg4 0.95
Conditional volatility of 0.11%
Persistence of x; 0.96
Conditional volatility of x; 0.60%

This table summarizes the parameter values used in the benchmark calibration of the model.
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Table 4: Summary statistics

Data Model

A. Firm and macroeconomic quantities

E[Ay] 2.00%  2.00%
E[I/K] 5.06%  5.05%
B[S/ 12.78%  12.79%
E[ivol] 33.15%  10.87%
E[BM)] 0.51 0.44
E[PCM] 60.79 50.35
B[HH ndustry]  78.24 70.69
€20 -0.10 -0.06
o[Ay] 220%  2.14%
o[Ac] 1.40% 0.84%
o[Ai]/o[Ay] 2.65 2.41
a[S/Q]/oll/K] 2.70 2.85
o[BM)] 0.21 0.02
o[PCM] 21.13 1.91
o[HH yauss] 1197 1.75

B. Asset pricing moments

E[r/] 1.00% 1.02%
olry 1.17% 0.38%
E[’I"d - Tf] 584% 228%
U[T’d — Tf] 17.87% 5.59%

This table presents the means and standard deviations for key firm variables from the data and the benchmark
model. I/K is the capital investment rate, S/€2 is the product investment rate, ivol is the idiosyncratic return
volatility, BM is the book-to-market ratio, £,q is the elasticity of a firm idiosyncratic volatility with respect
to the number of products, Ay, Ac, and Ai are the growth rate of output, consumption, and investment
respectively, ¢ is the risk-free rate and rq — 7 is the equity risk premium. All variables are annualized when
applicable. HHI is multiplied by 1000.
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Table 5: Summary statistics — cross-section

High Low HML High Low HML
A. Firm quantities - model B. Asset pricing moments - data
PCM 76.33 25.43 50.90 105.82 6.32 99.50%**
E[S/Q] -9.90%  13.89% -23.79%% 0.31%  5.80% -5.49HH*
E[l/K] 4.80%  5.67% -0.87% 3.75%  5.05% -1.29%***
E[TF P] 2.56 2.42 0.13 0.13 -0.40 0.616%**
E[o] 2.74 2.67 0.07 1.44 1.12 0.295%**
E[BM]| 0.46 0.40 0.06 0.38 0.35 0.0279**
B. Asset pricing moments - model  B. Asset pricing moments - data
Elrqg —ry 2.94 1.56 1.39 11.27%  9.35% 1.90%
E[SBcapn] 1.21 0.82 0.38 1.06 0.79 0.252%%*

This table presents a series of moments conditional on the product concentration measure, PCM. All

variables are annualized when applicable. HHI is multiplied by 1000.

Table 6: Quantitative experiment

Data Financing Financing+Entry

PCM 16.99%  -7.27% -16.69%
HH Lypgusiry  26.07%  8.05% 19.22%
ivol -11.93%  -0.53% 1.11%
tfp 2.03%  -0.76% -1.75%

This table reports the percentage change between 2004 and 2014 for the product concentration measure
(PCM), the industry concentration (HHIT), the sales idiosyncratic volatility (ivol), and the total factor
productivity (tfp). The first column reports moment from the data. The second column reports model
moments obtained after feeding in the model the external financing cost process from Eisfeldt and Muir
(2016). The last column reports model moments obtained after feeding in the model both the external
financing cost process and the entry cost process. Percentage changes are obtained after isolating trends

using a hp-filter.
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