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measure market power. However, we use a simple model to show how firms’ growing stocks of
data can change markups, without changing their power to affect prices. Data’s effects depend
on how markups are aggregated. Growing data can produce differences in markup measures
that match empirical facts. Markup aggregation wedges can measure data stocks and offer a
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Changes in firms’ market power and the sources of those changes have become the focus of
intense debate. Economists point to rising markups, economies of scale in information and the
dominance of large, data-intensive firms as evidence that the unequal accumulation of data is
responsible for a decline in competition (Jarsulic 2019). There are two main barriers to investigating
this phenomenon. One is that we cannot observe firms’ stocks of data. Second, even if we could
observe data, we would not know how to establish whether or not any covariances one might find
are indicative of data. This paper uses theory to first illustrate the difficulty: Data may raise some
markups but lower others. Then, it uncovers new ways of measuring data and new predictions
that distinguish data from other forces that generate markups. The paper does not provide a
definitive answer about the cause of markups. But it takes a critical first step in that agenda.

Modern big-data algorithms are prediction technologies. They might predict the next word,
phrase, image or financial outcome. But, at their essence, these algorithms use data to predict un-
certain outcomes.In reality, firms use data to predict demand, costs, procurement delays, hiring
needs, financial outcome and many more uncertain outcomes. For a useful model, we need one
source of uncertainty. For this purpose, we choose demand to be the uncertain outcome firms pre-
dict. We represent data as a tool to reduce prediction errors and enable more profitable production
decisions.

This simple representation of data as a prediction input can generate a rich array of markup
effects. Besides the power for firms to affect their market prices, there are three additional forces
that show up in product markups: cost advantages, compensation for risk and data barter. For
firm and industry markups, additional aggregation effects arise. Data interacts with all of these.
We first use a model with exogenous data to explain how data affects markups through cost, risk
and aggregation. Later, we endogenize data to show how data barter depresses markups as well.
Our work does not prove that each assumption is necessary, although the model is consistent with
many empirical findings. Rather, the model shines a light on a number of potential issues and pro-
poses a new data measurement technique. The goal is to explain relevant data-economy forces and
point to unexplored aspects of markups, whose measurement might change their interpretation.

The essence of data is that it reduces uncertainty. Just like a larger data set reduces the econome-
trician’s standard error, more data for firms reduces their prediction errors. Making future events
more predictable improves firms’ decisions and expected profits and reduces their uncertainty and
risk. While abstracting from risk is appropriate to study many questions, abstracting from risk and

the price of risk when studying data masks its essential character and misses measurement oppor-



tunities. Section I introduces a model where data is used to guide firms” production decisions, in
an uncertain environment.

Section II shows that if firms use data to improve their forecasts and make their revenues more
predictable and less risky, they produce more, which lowers price. So, holding costs fixed, the “risk
channel” implies that more data reduces markups. However, data also makes it more profitable to
grow large. In the model, firms choose an up-front investment, which lowers their future marginal
cost of production. When data lowers the risk of investment by predicting future demand, firms
invest more. This is investment-data complementarity. More investment means the firm grows larger,
produces at lower marginal cost, and earns higher markups. What we call “investment channel”
might be described in the language of Sutton (1991, 2001) as: our firms strategically use data to
differentiate themselves and create a dominant position. While this logic is not novel or unique to
data, it is prevalent in the data debate and worth including for consideration, alongside the other
data-related effects.

A key theme of the paper is that, to disentangle data from markups, we should look to co-
variances. What distinguishes data from other assets and forces is that data facilitates prediction.
Better predictions alter the composition of products and firms. Data-rich firms produce more of
goods that their data predicts are likely to be profitable (high-markup goods). Thus, the firm with
more data will be measured as a higher-markup firm because it uses data to skew its product mix
toward higher-markup goods. The covariance that data allows firms to achieve between produc-
tion and markups is exactly the covariance that creates aggregation effects. This is useful because
it means that aggregation wedges, in this case, the difference between the average product markup
and the firm’s markup, can be used to infer firms” data. Not only can data explain composition
effects in markups, but some sort of information is necessary to explain the change in composition.
Every firm would like to produce more of the more profitable goods and less of the less profitable
ones. This is only a feasible (measurable) strategy if the firm can predict what will be profitable
and what will not. Good prediction requires good data.

Data also causes the markup of an average firm and its industry to diverge. Data-investment
complementarity ensures that high-data firms invest more and sell more. But if these high-data
firms also have high firm-level markups because they skew the composition of their goods to-
ward high-markup goods, then high-markup firms are also larger firms. This effect is stronger in
recessions where demand is most uncertain.

These findings rationalize a curious feature of markup measurement that has been at the heart



of a debate. From one perspective, markets are just as competitive today as in the past because
good-level markups are stable (see Anderson, Rebelo, and Wong [2018]). Instead, growing firm-
level and industry markups are evidence of declining competition (see Philippon [2019]; Furman
and Orszag [2015]; Grullon, Larkin, and Michaely [2016]; De Loecker, Eeckhout, and Unger [2020];
Hall [2018]). Section IV shows that the level of aggregation also changes the measured cyclicality of
markups, in the way the model predicts. The model lends an economic interpretation to these facts,
beyond the explanation that composition effects are at work. The differences no longer represent
an aggregation problem, but rather a useful measure of firms’ data.

The static model took data to be exogenous. That assumption matters. When data becomes
a by-product of economic activity in Section V, a new effect on markups emerges. To do more
transactions, a firm must lower its price and thus its markup. The solution reveals that price and
data enter as substitutes. Firms are effectively paid either with money or with their customers’
data. The idea that price does not fully capture the value of a transaction to a firm provides one
more reason that markups fail to capture market power in a data economy.

Section VI presents a linear rotation of our model that allows for realistic cross-product elastic-
ities. In this setting, we re-interpret the model to be about firms that use data for product innova-
tion. This version of the model connects with the literature on rising niche consumption.

This is the beginning of an agenda, not its conclusion. These findings do not prove that data
is responsible for markup trends. Instead, they tell suggestively match a variety of facts and point
us in a new measurement direction: to explore the wedge between product markups and firm

markups, in order to obtain firm-level measures of data.

RELATED EMPIRICAL EVIDENCE Our work obviously speaks to the large literature on markup
measurement and complements it by providing new interpretations of results about trends and
fluctuations in markups. With growing stocks of data, our model speaks to the following facts.
1) Industry measures of markups are larger than firm-level markup measures. 2) Sales-weighted
markups exceed cost-weighted markups, on average De Loecker, Eeckhout, and Unger (2020). 3)
The gap between cost-weighted and sales-weighted markups is growing over time De Loecker,
Eeckhout, and Unger (2020). 4) Firm markups are more counter-cyclical than product markups
Burstein, Carvalho, and Grassi (2020). (See contrasting results in Nekarda and Ramey (2020); Bils
(1985, 1987) for more evidence of counter-cyclical markup wedges.) 5) Firms with high risk premia

have higher markups, on average (Corhay, Kung, and Schmid 2020).



While it is possible to craft an alternative explanation for each one of these facts, a model
simply based on the premise that firms use data to preduct uncertain outcomes and shift resources
accordingly predicts all five of these outcomes.

Additional non-markup facts point to the specific role of data. Galdon-Sanchez, Gil, and Uriz-
Uharte (2023) report on an experiment by a bank that provides small and medium size enterprises
with information about sales in their industry. They show that the firms that access the informa-
tion increase their revenue between 4.5% and 9%, and show that data allows the firms to identify
the more profitable sales opportunities from among the existing ones and exploit them. Jaimovich,
Rebelo, and Wong (2019) finds similar re-allocation between goods, in response to the business cy-
cle, which constitutes a realization of important macro data. In a randomized control trial, Kumar,
Gorodnichenko, and Coibion (2023) provide some firm managers with predictive data and show
that these firms invest and produce more, as in the model. Finally, Kwon, Ma, and Zimmermann
(2022) argue that the timing and degree of rising concentration in an industry correlate closely with
the industry’s investment in information technology.

Although the assumption that firms respond to risk is unusual in the firm competition litera-
ture, it is a bedrock principle of the field of corporate finance. Brealey, Myers, and Allen (2003);
Eckbo (2008) support the idea that this effect is worth considering as one of many possible links

between firm data and markups.

RELATED THEORIES The technical contribution of the model is to extend the tools in Lambert,
Ostrovsky, and Panov (2018) for strategic play in informationally complex environments to the
case of endogenous payoffs. The payoff to firm production is the price, which depends on what
others firms do. Relative to Cournot-based frameworks like Pellegrino (2023), we add uncertainty
and data. These additions are not trivial and are essential to understand the role of data in firm
competition.

Because we model data as digitized information, our approach is most similar to those in the
information frictions literature in macroeconomics. Work by Lorenzoni (2009), Angeletos and La’O
(2013), Asriyan, Laeven, and Martin (2022), David and Venkateswaran (2019), Nimark (2014) and
Mackowiak and Wiederholt (2009) feature similar information frictions, used to explain features of
business cycles. Work by Rostek and Weretka (2012) explore a reverse question: the effect of mar-
ket size and market power on price informativeness. Similar tools are used in models of banking

competition as well (Vives and Ye 2021), where banks use information for forecasting and pricing



risk. However, banks differ from firms: while goods-producing firms choose freely how many
units of a good to produce, lenders typically cannot lend twice the requested amount to a promis-
ing borrower. The ability to scale production is central to market power. Finally, firms use data
to forecast price, which depends on others” actions. Capturing this strategic use of data requires
new solution tools to layer a forecasting-the-forecasts-of-others problem, on top of a imperfect
information portfolio problem.

In the data economy literature, Jones and Tonetti (2020) explore what data ownership rules
facilitates economic growth. In Kirpalani and Philippon (2020), data enables directed two-sided
search. Acemoglu et al. (2022) and Bergemann and Bonatti (2019) model data as information and
explore whether data markets are efficient. Ichihashi (2020) shows how firms can use consumer
data to price discriminate, while Liang and Madsen (2021) explore the use of data in labor mar-
kets. In De Ridder (2021) information technology raises fixed costs and reduces marginal costs.
We do not dispute that data can be used for all of these purposes. However, we introduce uncer-
tainty, aggregation effects and data barter and show how these affect markup levels, trends and
cyclicality.

The recent work by Burstein, Carvalho, and Grassi (2020) combines markup theory and data. In
addition to documenting how the sign of markup cyclicality varies with aggregation, their model
shows how cyclical firm weights can explain this pattern. Our results complement these insights
by proposing a specific mechanism that causes markups and weights to covary.

Some new papers model the mechanisms that give rise to trending markups (see for example
De Loecker, Eeckhout, and Mongey [2021]). Those models and Edmond, Midrigan, and Xu (2019)
evaluate the welfare consequences of markups. Our approach differs because we focus on firms’

use of data.

I Model

To explore the how data interacts with measures of market power, we build a model with multiple
possible interactions. This model is not the simplest explanation for any given set of facts. Rather it
is like a checklist of possible interactions to look for, meant to guide a measurement agenda to de-
termine which are more relevant. The key assumptions are as follows. First, firms face uncertainty
about consumer demand. It is not essential that uncertainty is about demand, rather than adver-

tising, hiring, product placement or costs. We simply need a variable that is profit-relevant and



uncertain. Second, data is used to resolve this uncertainty. Data is used to predict the profitability
of various actions. Third, firms face a cost of bearing risk. This price of risk is what governs the
magnitude of the link between data, uncertainty, and investment. Fourth, to explore the relation-
ship between data and the composition of the goods a firm produces, we model firms that choose
quantities of multiple goods. Finally, since the data competition hypothesis is about high-data
firms growing large, we allow firms to choose an initial investment, which reduces their marginal
cost of production. While this final effect on markups is not surprising, we would be remiss to
discuss the relationship between data and markups and not include it.

We first explore these features in a static model. Since our question is about what effects data
has on competition measures, we take data to be exogenous and move it around in the model to
observe its effect. Later, Section V introduces dynamics and endogenizes data as a by-product of
economic activity and something that can be purchased or sold. The forces we describe here will

survive in that dynamic setting.

LA Setup

FIRMS There are np firms, indexed by i: i € {1,2,...,nr}. The product space has N goods,
indexed by j. Firm production profit 77; depends on quantities of each good, which are entries in
the N x 1 vector q;, the market price of each good, p of dimension (N x 1), and the marginal cost

of production, ¢; (also N x 1):

i =q;(p—ci). D

Each firm chooses the number of units of each good they want to produce, an N x 1 vector q;, to

maximize risk-adjusted profit, where the price of risk is p;.
Ui = E[m|Z;] — %Vﬁl‘ 70 Zi] — 8 (Xes ci)- )

The last term in (2) is each firm’s up-front investment. Let ¢; be the (N x 1) vector of marginal
production costs for a unit of each good. The up-front investment choice is modeled as a choice of
¢; at an investment cost g(x., ¢;) to maximize E[U;]. Assume that g(x., ¢;) is additively separable
and strictly decreasing in each entry of the vector ¢;. Since lower choices of ¢; require a greater
up-front investment, we interpret this as choosing a larger firm. Since we want to interpret x.
as a parameter that governs the marginal cost of investment, we impose 92¢/dx.dc;(j) < 0, for

each entry j of the vector ¢;. To guarantee non-negative interior marginal cost choices, g (X, ¢;) is



convex over ¢;, with g (xc, 7) = 0, where p is the highest possible price, and lim¢_,0 g (X, ¢) = +o0.

PRICE Our demand system is Cournot with exogenous shocks. However, we later show how
this structure can be mapped into a linear hedonic demand structure, which embodies the idea
that goods with similar attributes are partial substitutes for each other.

For now, each good j has an average market price that depends on an good-specific constant

and on the total quantity of that good that all firms produce:
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This demand system has the advantage that it holds the power to affect prices dp™/dg; fixed.
The assumption is surely not true. But it ensures that when markups change, it is from effects
other than the power to affect price.

Each firm does not receive the market price, but rather faces an uncertain price that depends
on a demand shock b;. The demand shock b; is a vector with jth element b;;. This vector is
random and unknown to the firm: b; ~ N(0, I ).1 Demand shocks can covary across firms: ¢ =
Cov(bjj, bjj) Vj Vi # 1. The price a firm receives for a unit of good j is thus p; + b;;. We can express

firm i’s price in vector form as

pi = [p% pgﬂ,,,,,p%]' +b;. )

In the case where the shocks b are identical across firms, then this is a uniform price across firms,

still with price differences across goods.

INFORMATION  Each firm generates n4; data points. Each data pointis a signal about the demands
for each good: s;, = b; +¢,,, whereg;, ~ N(0,I)isan N x 1 vector. Signal noises are uncorrelated
across goods and across firms.?

Because we are interested in how data affects competition, we take data ny; as given and ex-

IThe fact that the variance matrix is diagonal is without loss. We show later how to embed this model in a linear
hedonic demand structure, where goods are combination of attributes. Those attributes are then defined to be an
orthogonal decomposition of the demand variance-covariance space. Not only can we create covariance. The variances
can also change. We investigate the effect of changing Var(b;) in Section IV.

2For now, we assume each firm has n,; data points about every gods. Section V relaxes this and allows data to differ
by goods and their attributes. The assumption of signal variance I is then without loss. By Bayes’ law, two independent
data points function in the same way as one data point with twice the precision. By assuming Var(g;,) = I, we are
simply letting n;; govern data precision.



ogenously change the amount of firms’ data, ny. Section V explores what aspects of the results
change when data is endogenously generated as a by-product of economic transactions.

We consider two possible information structures. In one, firms observe only their own data:
Z; = {si.}"¥. In the other, data is public: all firms can observe every piece of data about every
firm (Z; = {{sy .} }4L,). This structure simplifies results and clarifies that the mechanism does
not rely on asymmetric information. When more relevant data exists about a firm 7, similar results

arise, regardless of who else observes that data.

EQUILIBRIUM

1. Each firm chooses a vector of marginal costs ¢;, taking as given other firms’ cost choices.
Since the data realizations are unknown in this ex ante investment stage, the objective is the

unconditional expectation of the utility in (2).

2. After observing the realized data, each firm updates beliefs with Bayes’ law and then chooses
the vector q; of quantities to maximize conditional expected utility in (2), taking as given

other firms’ best responses.

3. Prices are given by (3) and (4).

I.LB Discussion of Assumptions

FIRMS THAT PRICE RISK. Risk pricing means that firms do less of activities that are perceived as
risky. A price of risk could represent a convex cost, firm bankruptcy risk, the risk-aversion of a
manager with equity compensation or a firm'’s cost of capital. Risk pricing is a bedrock principle
of corporate finance and is well supported by numerous empirical studies.> Under the capital cost
interpretation, our p; term in (2) captures both the price of risk and the covariance of the firm shock
with market risk (the firm’s beta).

Our firms may also price firm-specific risk because we are exploring a market with large players

where firm-specific risk is not diversifiable. There is growing evidence that even idiosyncratic risk

3The Handbook of Empirical Corporate Finance fills chapter 18 with the evidence that firms price risk (Eckbo 2008).
Most of the other chapters contain evidence in support of theories that are premised on risk pricing. For a textbook
treatment of the topic, see Welch (2009), chapter 9. More recent work on this topic explores whether male and female
CFOs are equally risk averse (Doan and Iskandar-Datta 2020). Management and psychology scholars (Lovallo et al.
2020) find that firms place too high a price on risk. In international economics, David, Ranciere, and Zeke (2022)
document that multinational firms facing more risk hire less and compensate their capital owners with a greater share
of income. Specifically, Brealey, Myers, and Allen (2003) argues for a price of risk p that matches the risk premium on
the S&P 500. If a firm gets less return per unit of risk than this, the firm would be better off not investing in production
and instead returning the cash to investors to invest in a market portfolio of equity.



is priced, especially when firms face financial constraints (Hennesy and Whited 2007).

Pricing risk is not essential for the main aggregation results. The results cover the case where
risk is not priced or even incentivizes more production (p < 0 as in the Oi-Hartman-Abel effect).
However, when firms face uncertain profits, evidence suggests we should take the effect of data
on risk into account. Boar, Gorea, and Midrigan (2022) find that most of the variation in private
business markups is compensation for risk. In a randomized control trial where firms are treated
with predictive data, Kumar, Gorodnichenko, and Coibion (2023) show that these firms invest

more and produce more.

DATA ABOUT CONSUMER DEMAND. One might question whether data is used to forecast de-
mand or marginal cost. Conceptually, it shouldn’t matter. If data helps firms reduce profit risk,
whether from the cost or the revenue side, it should embolden them to invest more and produce
more at a lower market price. The same forces operate. Why then choose to model demand uncer-
tainty? Markups are price divided by marginal cost. Having the random variable in the denomi-
nator makes it nearly impossible to characterize the average value of markups. If one wanted to

study inverse markups, then it would be more practical to model cost uncertainty.

COMPETITION IN QUANTITIES. We model conduct by firms as competition in quantities because
it holds market power (dp/dg;) fixed. That assumption is surely wrong. But it holds fixed the
non-data sources of markups, in order to see the effect of data more clearly. Section ?? shows how
this simple Cournot-like setup maps into Pellegrino (2023)’s Generalized Hedonic-Linear demand
system, used to study market power in a network economy with realistic cross-product elasticities.

Of course, there are other conduct assumptions and frictions, including Bertrand competition,
information frictions, transaction cost and barriers to entry. Appendix D.2. explores Bertrand
competition. As is well-known, markups are lower under Bertrand than Cournot. Furthermore,

while the risk effects may differ, our main results are robust.

NO PRICE DISCRIMINATION. We assume a uniform price for all consumers, at least for a given
firm. The consumer demand uncertainty could represent uncertainty about how to best price-
discriminate. The solution would be different. However, the idea that data reduces uncertainty
and encourages firm growth, as well as the later results about covariances that information makes
possible, would all still make sense. Since this agenda is still in its beginning stages, it makes

sense to first understand uniform pricing, which corresponds to the behavior of the vast majority



of firms. We leave the price discrimination version of the model for future work.

NO VARIABLE CAPITAL COST. We made the investment in technology an up-front fixed cost. That
means that the cost of capital is not part of the marginal cost that enters the markup calculation.
One might object to that assumption on the grounds that the cost of capital is what captures the
price of risk. Including a capital cost with a risk premium in marginal cost arguably absorbs the
effect of risk on markups. This objection is tenuous. First, the capital cost is typically a borrowing
cost. The risk premium on debt is not the same as the risk premium on equity. The firm cares about
the variance of its cash flows, which is an equity claim. Second, the long-horizon risk that lenders
care about is not the same as the short-term demand or cost fluctuations that data helps firms to
forecast. These are substantially different risks. While including a variable capital cost with a risk
premium in markup calculations probably improves their accuracy, this risk compensation has

very little interaction with the way in which data helps to reduce operational uncertainties.

EXOGENOUS DATA. Section V endogenizes data. The static forces are still present in that model

and one new force emerges.

NO ENTRY OR EXIT. Adding entry would undoubtedly bring new insights. But that would also
require a dynamic framework and a different paper. Since the static problem is not well under-
stood, we start there. However, recent work by Baqaee and Farhi (2021) suggests that the aggregate

distortions from market power are even larger once there is entry.
I.C General Solution
We solve the model by backwards induction, starting with the quantity choices and then working

backwards to determine optimal firm investments in lowering marginal costs c;.

OPTIMAL PRODUCTION  The first-order condition with respect to goods production q; is dU; /dq; :

E[pi|Zi] — ¢ + %&qui — p;iVar [pi|Zi] q; = 0. Rearranging delivers optimal production:

9E [p;|Z:\ '
qi=(inar[pi\Ii]—E§;|]> (E [pi|Zi] — <) ®)

The second term tells us that firms produce more of goods that have high expected prices, relative

to their marginal costs. The first term tells us that uncertainty (conditional variance) or market

10



power cause the firm to scale back their production response to changes in expected profit. By
improving forecasts, data reduces uncertainty.

A key reason one should think about priced risk in this context is that risk mimics market
power. Because market power enters only through the denominator in (5), more market power is
mathematically equivalent to increasing the conditional variance Var [p;|Z;]. Both risk and market
power restrain production. Both make firms less sensitive to expected changes in price or cost. In
one case, it is because a risk-averse firm makes more conservative production decisions to manage
its risk. In the other case, the firm makes more conservative decisions to minimize its price impact.
This is one reason that data and market power are difficult to disentangle.

From differentiating the pricing function (3), we find that the price impact of one additional
unit of output is*

JE [pi|Zi] 1

Ta g 6)

I.LD Solution with Public Data and Firm-Specific Shocks

While not as realistic, the special case of firm-specific shocks (¢ = 0) and public data allows us to

more clearly illustrate the model’s mechanics and the main economic forces of data.

BAYESIAN UPDATING According to Bayes’ law for normal variables, observing n; signals, each
with signal noise variance X, is the same as observing the average signal s; = (1/n;) Zgi 18iz =
b; + &;, where the variance of ¢; is X, = 1/n4In.

Define K; to be the sensitivity of price beliefs to the signal s;:> K; := Iy - 14/ (1 + n4;). Then,
firm i’s expected value of the shock b; can be expressed simply as E[b;|Z;] = K;s;. The expectation

and variance of the pricing function (3) are

1 &
E[pi|Z] =p + Kisi — s Y ai,
=1

1
1+ ny;

@)

Var [pl|IZ] = Var [b1|Iz] = IN

Tna typical setting with supply-function competition, such as ?, the price impact of a change in quantity depends
on the amount of data. Here, price impact depends only on the parameter ¢. The difference arises because in the
standard setting, agents learn from prices, before choosing quantities. Price information gives rise to the relationship
between data and price impact. In this setting, firms choose quantities, before they know what the price will be.

5In a dynamic model, K; would be called the Kalman gain.

11



OPTIMAL PRODUCTION Define the sensitivity of production to a change in expected profit as

-1
H = <inar pi|Zi] + I(;j) . (8)

If we rewrite (5), replacing the price impact (6) and conditional expectation (7) we get firm i’s
output, in terms of other firms’ output, i’s costs and i’s data s;: q; = H; (ﬁ + Kjs; — % Y qi — ci).

Next, sum production q; over all firms i to get total production of each good ) qy. This
sum has a ) s q7 on both the left- and right-hand sides. Collect these terms and rearrange to get
Y qi = (I + % Y I:IZ-> - [ Hi (p + Kis; — ¢;)]. Substituting this total production expression for
Y.»t, q¢ in firm i’s optimal production (q;*) yields the optimal production of each good by each
firm 7.6
EQUILIBRIUM PRICE Substituting this aggregate quantity in the pricing function (3) yields an

equilibrium average price of each good:

-1
p"=p- <1N+;Zﬁi> [Zﬁi (P+Kisi_ci)] : ©)

OPTIMAL INVESTMENT CHOICES Firm i chooses cost ¢; to maximize its unconditional expected
utility E[U;], taking all other firms’ investment choices as given.

The optimal cost ¢; for an interior solution satisfies (see Appendix A. for derivation):

-1
o[ _ 19Elad’ (FIn +piVar (bilT)) Bl ag(y,,c)
aCi 2 aCi aci

o, (10)

The first term is the marginal benefit. Lower production costs enable production at a greater scale

and higher profit per unit. The second term is the marginal cost of the up-front investment.

I.LE Solution with Private Data and Common Shocks

The optimal production takes the same form as before. The difference is in the expectation E [p;|Z;]

and the conditional variance.

6Since all signals are normally distributed, this formula does tell us that production can potentially be negative.
We could bound choices to be non-negative, but this would make analytical solutions for covariances impossible. If
parameters are such that all firms want negative production of a good, then the solution is simply to redefine the
product as its opposite. In the numerical results, we simply choose parameters that make negative production extremely
unlikely.

12



The solution to this model is complicated by firms’ need to forecast what other firms know, as
in Angeletos and Pavan (2007). Because firms do not know other firms’ data, they face strategic
uncertainty. They use their own data to forecast what other firms will do. Data thus reduces
risk in two ways—by predicting demand for the firm’s products and by predicting the production
decisions of other firms. This strengthens the risk channel because data reduces both demand

uncertainty and strategic uncertainty.

Lemma 1. With private data and common shocks, the equilibrium price takes the form

p= pM + Fb — 1 f H. K where pM, F, K;, and H; are reported in Appendix A. (11)

i=1

Solving this problem requires a technical innovation. Bayesian updating weights always de-
pend on the covariance between the observed data s; and the price the firm needs to forecast
pi- But, in this model, that covariance is endogenous. It depends on firms” production choices.
To solve the fixed point of beliefs and output requires a state-space updating approach for in-
formationally copmlex environments, as in Lambert, Ostrovsky, and Panov (2018). A state-space
approach defines all the relevant model objects in terms of exogenous, orthogonal shocks and
weights on those shocks. We extend this approach to the case of endogenous weights on each
shock. To do that, choose Bayesian weights that maximize firms” objectives, given the beliefs that
result.

When data is firm-specific, more data always reduces uncertainty. But when data is aggregate,
it is possible for data to increase uncertainty about the price.” Since a firm would never choose
data that raises uncertainty, going forward, we assume that the risk price of all firms is sufficiently
low to ensure that dH;(j, ) /n4(j) > 0 Vj. The parameter bound also ensures that when firm i

acquires more data about good j, it does not make other firms less uncertain about the price of

good j: oH;/ (j,7)/nai(j) Vj.

"The reason is that if one firm is better informed, their beliefs might be less noise and more predictable to a competi-
tor. Because the competitor can predict his rival’s action, the competitor’s uncertainty declines, causing the competitor
to produce more aggressively, in response to his data. This aggressive response of the competitor to data unknown to
the original firm could, in theory, overcome the original decline in uncertainty about the demand shock and cause a rise
in uncertainty.
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II Data and Product Markups

This section does not contain the main results. Higher or lower markups can be explained by many
factors. However, these are a stepping stone to the aggregation results, which are more specific to
data. We begin by exploring just two of the ways in which data affects markups, through cost and
risk. The goal in this section is simply to establish the foundation of ideas upon which we build
later.

By reducing the uncertainty a firm faces about consumer demand, data encourages the firm to
produce more for a given level of investment. Reducing uncertainty also emboldens the firm to in-
vest more in infrastructure that enables them to produce at a lower marginal cost. These two forces
have opposite effects on markups. More production lowers prices, which in turn lowers markups.
More initial investment lowers marginal cost, which raises markups. This section explores that

tension.

Definition 1 (Product markup). The product-level markup for product j produced by firm i is MZ. =
E[pi(j)]/<i(j). Firm i’s average product-level markup is Mt := Y Elai (j)]MZ/(Z]- El[qi(j)])-

To derive an expression for the product markup in the model, we simply divide each expected
product price, using (9) and E[b;| = 0, by the marginal cost of that product, ¢;:
1\ (e
M} = |p— <1N+¢;Hi> (;Hz (P+Kisi—ci)> /¢, (12)
where ./ denotes element-by-element division of two vectors. The average markup weights the
markup on each product by the average amount the firm produces of that product.

Some of these causes of high markups in equation (12) are not surprising. For example, pro-
ducing goods with high expected value p, fewer firms (low nr) or low price elasticity (low ¢) raise
markups. Two forces show up in the markup formula that are affected by how much data a firm

has. Those forces are risk and cost. We state and explain each in turn.

DATA, INVESTMENT, OUTPUT, AND MARKUPS The first two results encapsulate the standard
logic about data and competition: Data enables firms to grow larger (invest more). These larger

firms charge higher markups.

Lemma 2. Data-investment complementarity. A firm with more data chooses a lower marginal cost c;,

which entails a higher cost investment.
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The proofs of this and all further results are in Appendix B.. The role of investment in data is
to reduce the conditional variance of the firm’s stochastic demand, which encourages the firm to
produce more. Data increases the expected revenue of a firm by allowing it to produce more in
states in which the price will be high. It also reduces the uncertainty around that investment and
lowers the risk of the firm. Both of these effects increase the marginal benefit of production and
the marginal benefit of investment. What this means is that high-data firms invest more and grow
larger. As the next result shows, higher investment is also a channel through which data increases

product markups.

Lemma 3. Higher investment raises product markups. More investment (lower ¢; choice) in any good

j raises firm i’s markup on good j.

A firm that invests in producing a good can produce that good at a lower cost. Since markups
are price divided by marginal cost, a lower cost raises the markup. Of course, a lower cost also
lowers the equilibrium price of the good. However, the proof shows that price does not fall as
much as cost. Therefore, the markup rises.

The model teaches us that there is a second channel through which data affects markups: data

reduces the risk of production, induces more production, and thereby lowers prices and markups.

Lemma 4. Data reduces product markups (risk premium channel). Holding all firms” investments

fixed (. sufficiently high), an increase in any firm’s data about good j reduces their markup on good j.

Data reduces markups because it reduces the risk in production. This induces firms to produce
more. This effect can be seen in the firm's first-order condition (5) where the conditional variance
in the denominator represents risk. When this variance declines, optimal production rises. More
production lowers price and lowers markups. This force shows up in the markup (12) as high p;
makes H; low. When we reduce risk with data, firms do not need as much markup compensation
to be willing to produce.

The restriction on ). is there to shut down then investment channel, to isolate the risk effect.
When yx. or p is low, this risk premium channel is still present. But it may be overpowered by the

investment channel working in the opposite direction.

Proposition 1. Data in(de)creases product markups when risk price or marginal cost of investment
is sufficiently low (high). If the price of risk p is sufficiently low or the investment cost x. is sufficiently
low, then an increase in any firm's data about good j increases the average markup on good j. Otherwise, an

increase in any firm'’s data about good j reduces the markup of good j.
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When firm investments greatly decrease marginal cost (low x.), then the cost channel is dom-
inant and more data primarily increases investment, lowers costs, and raises markups. When the
cost-reduction investment is inefficient (high x.), then data still prompts more investment, but this
has little effect on marginal cost. Instead, the dominant force is risk reduction. Similarly, if the
price of risk is high, risk reduction is also the dominant force. A data-rich firm faces less cost from
taking on more risk with a large production plan. By producing more, data-rich firms drive prices
down and lower markups. Which scenario prevails depends on the strength of each force in a
particular industry.

The main point is not whether data increases or decreases the markup. It is that, despite hold-
ing market power fixed, markups are contaminated by firms’ use of data. To solve this problem,

we need to know how much data firms have.

III' Measuring Markups and Measuring Data

In empirical work, markups are often measured at the firm or industry level. Measuring markups
at these more aggregated levels often yields different answers about how competition is evolving.
The next set of results show why aggregate markups differ from product-level markups in ways
that vary systematically with the amount of data firms have. The difference between a firm’s
product- and firm-level markups turns out to be a good bound for the amount or quality of data
that a firm must have.

These composition effects are quantitatively important. De Loecker, Eeckhout, and Unger
(2020) find that two-thirds of the increase in measured industry markups comes from such compo-
sition effects. Crouzet and Eberly (2018) link the trend increase in markups to intangible assets, a
broader category that includes data assets. They find that intangible-abundant firms have higher
markups and that intangible-abundant industries have even higher markups. The results that fol-
low contribute to this discussion by explaining why firms’ use of predictive data can generate such

statistical patterns and providing tools to measure firms’ data.

III.LA  Firm Markups

Economists have long known that difference in markup measurement at different levels of aggre-
gation represent composition effects. What is less well understood is why such composition effects

might change. We show how firms’ data accumulation naturally gives rise to changes in the com-
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position of firms” products. Data is what makes it possible for the firm to skew the composition of
their products in the direction of high-markup goods. So, data strengthens the composition effect

and makes firm markups larger and larger relative to that firm’s average product markup.

Definition 2 (Firm Markup). The firm markup for firm i is the firm's revenue divided by the firm's total

variable costs:
E[q;pi]
M/ = ZHiF 13
" Elqlel (12

We can rewrite the expectation of the product of price and quantity as the product of expecta-

tions, plus a covariance term (trace of matrix):

¢ _ ElqE[p] + tr[Cov(p;,q)] _ L1 Mici()EI@i()]  tr[Cov (p;, q)]
M Elqlc/] T aERG)] T aEw()]

Cost-weighted product markups

The second equality just comes from using the definition of the product markup to substitute:
E[pi] = Mflci and then rewriting the vector products as sums. We learn that the firm markup is a
cost-weighted sum of product markups, plus a term that depends on the covariance of prices and
quantities. Firm data acts on this covariance term. It allows firms to produce more of goods that
turn out to have high demand and thus high price.

Define a firm’s average product price to be M := Y Elq; (])]ij/ (X E[qi(j)]). This weights

the markup on each product by the average amount the firm produces of that product.

Proposition 2. Data accumulation widens the wedge between product and firm markups. Holding
all firms” investments fixed ((cy, ..., ¢u, ) given), an increase in firm i’s data about any good weakly increases

EM/ — M!).

Firm markups rise when data increases the covariance of firm’s production decision q; with the
price p; in (14). Without any data to predict demand, this covariance is low because firms cannot
know which markups would be high and which goods to produce more of. The positive effect of
data on the price-quantity covariance shows up in the production first-order condition (5), where
a reduction in the conditional variance of demand makes production decisions q; more sensitive

to expected changes in price p;. That higher sensitivity is a higher covariance.
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Figure 1: More data may raise or lower markups but always causes product and firm markups to
diverge. Parameters used: = 5, ¢ = 0.1. Firm marginal costs are not chosen here. They are fixed as ¢; = ¢; = 1. On
the left, p; = pp = 1. On the right, p; = p» = 10.

AN ILLUSTRATIVE EXAMPLE OF THE PRODUCT-FIRM MARKUP WEDGE To illustrate the mech-
anisms at work, Figure 1 plots the competing effects data has on product and firm/industry
markups in a specific example. When the price of risk is high, the product-level markup falls
as both firms’ data rises. The reason the product markup is falling is that data is resolving risk.
It is allowing the firms to be less uncertain because data allows them to forecast demand more
precisely. Firms that are less uncertain require a lower markup to compensate them for the lower
risk. When the price of risk is low, more data may result in higher firm markups, as high-data
firms invest, grow, and lower their marginal costs.

What the model teaches us so far is that increases or decreases in markups, at either the prod-
uct level or the firm level, are not indicative of a firm that has a larger stock of data. As a firm
accumulates more data, both product and firm markups may increase, both may decrease, or they
may move in opposite directions. Instead, data changes the composition of products and firms
and makes firm and product markups diverge. This composition effect is a theme that will recur

as we proceed to explore markups at the industry level.

III.LB Action-Payoff Covariance: A More General Measure of Data

The gap between average product markups and firm markups arises because of a covariance be-
tween a firm’s action (the quantity they choose) and a payoff (the price they earn per unit). Action-
payoff covariances are indicative of data, across a wide variety of settings. The reason is that an
agent cannot systematically take actions that covary with a payoff, unless they can predict that

payoff sufficiently well. Since agents choose actions, they have to have at least as much informa-
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tion as what the action choice itself contains. The result below formalizes this logic for normal
variables. Then we describe how to extend the logic beyond the class of normals.

Consider data that conveys information about X, where X ~ N (ux,0%) is a choice-relevant
variable, not directly observable by a firm. Without loss of generality, we can call one data point
however much information conveys one unit of precision about X. If the noise in data is normal,
we can express one data point as s = X + €, where € ~ N(0, 1) is independent across data points.
Let the firm’s chosen action be given by Y, where Y can depend on their belief about the state
X. If the action is increasing in the belief about the state, then define g(X) = Y. If the action is
decreasing in the state, then define ¢(X) = —Y. The g function encapsulates the model: the agent’s

preferences, payoffs and any constraints the agent may face.

Proposition 3. Action-payoff covariance requires data. Suppose g is a differentiable, weakly increasing
function (almost everywhere) and strictly increasing on a subset with positive measure. If the payoff-action
covariance is Cov(X,g(X)) = z, then the firm must have y(z) data points, where  is a strictly increasing

function of the covariance z.

The magnitude of the mapping between covariance and data points depends on the prior vari-
ance 02 and the economic model, captured by the ¢ function. But what is general is that there is no
model ¢ and no prior o2 that can generate covariance, in the absence of data (if n; = 0).

For non-normal variables, covariance and number of data points do not correctly measure in-
formation content. Instead, mutual information is a measure of information that generalizes to any
distribution. Given data on actions and payoffs, the mutual information MI(Y, X) is measurable.
It is the minimum amount of data, including prior information, that the firm must have about X.
The proof is that the firm must know action Y, in order to choose it. Knowing only the action they
chose, the firm already has MI(Y, X) amount of information about X. It is possible they know

more. But this establishes a lower bound on the amount of data they must have.

III.C Industry Markup Definitions

Typically, researchers are interested in the markup for an industry because the regulatory question
of interest is whether that industry is a competitive one or not. However, there are multiple ways
to aggregate markups into a single industry measure. We examine four of the most common mea-
sures inside the model. The model lends an interpretation to the differing trends arising from the

different ways empirical researchers measure industry markups.
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Definition 3. a. The equally-weighted average firm markup in an industry is

03

M = (1/N) Y. M. (15)
i=1
b. The cost-weighted markup for an industry is
S : E [qjci]
M =Y wM/  where cost weights are WS = — -0 16
LM S el 1o
c. The sales-weighted markup is
S : E [q;pi]
M =Y wiM/  where sales weights are w$ = — 40 17
LM s " L Elqpi] i
d. The industry- aggregates markup is total industry sales over the total industry variable cost:
Mind — E [Z?:Fl q;pl] (18)

E [ qiei]

III.D Data’s Effect on Industry Markup Measures

Industry aggregation effects from the covariance of data and firm size. Data-investment comple-
mentarity means that more data makes larger up-front investment (larger firms) optimal. So, high-
data, large firms are weighted more, relative to the unweighted firm average. High-data firms use
data to skew their production toward high-markup goods (Proposition 2). Thus, the measures that
weight large, high-data firms more will also weight high-markup firms more, generating a higher

predicted industry markup.

Proposition 4. Growing data increases the wedges between industry markup measures. An increase

in firm i’s data about any good they produce

a. increases the difference between cost-weighted and unweighted firm markups E[M¢ — M |, if the price
of risk is not too high (p; < p);

If, in addition, all firms are initially symmetric, then an increase in firm i's data about any good
b. increases the difference between sales-weighted and cost-weighted markups E[M°® — M¢], and
c. increases the difference between the sales-weighted and industry-aggregates markup E[M® — M),
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Mathematically, the key to each of these results is a covariance. In the first case (a), the co-
variance is between the firm markup and the total production of a firm. If the risk channel is not
so strong that it overpowers both the cost channel and the firm markup aggregation effect, then
high-data firms are high-markup firms and these firms get weighted more than small firms by the
cost weights.

Economically, this effect arises because data has economies of scale. Firms get the most value
from their data if they grow large. The way they get value from data is to use the data to forecast
which goods are high-margin and produce more of them. Thus, more data increases the covariance
between size and markups and makes the aggregate markup larger than the average firm markup.

In cases (b) and (c), the key covariance is between a firm’s markup and the firm’s revenue,
relative to its costs. High-data firms are firms that are able to produce more of the products that
have high price relative to their cost of production. Therefore, these high-data firms have higher
sales-weighted markups relative to their cost-weighted markups.

Part (c) follows from (b) because industry-aggregates markups are identical to cost-weighted

markups:

N o N e, »1  E[XN, qp; .
MC — Z E [qzcl], M}; — Z E [qzcl]/ E[qz/pl] |: ZNl ! Z:| — Mlnd. (19)
i—1 Li-1 E [qfci] S LY E(qje] Elqie] g [Zizl qgcl}

Identical holds in theory. In practice, with different sources of measurement error at the firm and

aggregate level, they differ somewhat, but have similar trends.
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Figure 2: Data Accumulation Makes Industry Markup Measures Diverge. Investment cost function is
g(xe ci) = xc/cf, with x, = 1. Parametersare p = 5,01 =1, pp =5, ¢ = 0.8, and A = I. Firm 1’s data is measured on
the x-axis. Firm 2’s data is fixed at Ze_zl =1.

AN ILLUSTRATIVE EXAMPLE OF INDUSTRY MARKUP DIVERGENCE Figure 2 illustrates the diver-
gence. The firm-level markup (dashed line at the bottom) rises less than the industry-aggregates
markup (middle dotted line), which rises less than that sales-weighted markup (solid, top line).
That result suggests that as firms process more data over time, the differences between markups
measured at various levels of aggregation will continue to grow.

With aggregate markups, there are now four ways in which data affects markups, aside from
true changes in market power. Data increases markups because of reduced cost, cross-product
aggregation, and cross-firm aggregation. Data decreases markups because it induces firms to pro-

duce more (risk premium channel).

IIILE Empirical Evidence from Industry Markups

The empirical literature finds that there is a wedge between the sales-weighted markup and the
cost-weighted markup, and that this wedge is growing over time since the early 1980s (see Figure
3a, from De Loecker, Eeckhout, and Unger (2020)). Firms that have market power sell at higher
prices and therefore have higher revenue and relatively lower costs. This difference between sales
and costs therefore drives a wedge between sales- and cost-weighted markup measures. This is
consistent with what we find as firms that have market power boost their sales with fewer inputs

since they have higher markups. In our model, firms who invest heavily in data do exactly that,
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and the more important the role of data, the bigger the wedge between the input- and output-
weighted aggregate markup. Our contribution is to propose a theory based on the role of data in

creating these wedges, and how they grow as the data becomes more abundant.

Sales-weighted markup ° Sales-weighted markup
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(a) Sales-weighted markups, M?, (solid line) vs. cost- (b) Sales-weighted markups, M?®, (solid line) vs.
weighted markups, M¢, (dashed line) industry-aggregates markups, M, (dashed line)

Figure 3: Markups Measured and Aggregated in Different Ways Diverged Over Time.
Note. From De Loecker, Eeckhout, and Unger (2020) (updated), Figure XVL A (left panel) and Figure V (right panel).

Our theory predicts differences between product, firm, and industry markups. To date, there is
still limited evidence comparing product versus firm markups using the same data source. How-
ever, there is consistent evidence comparing firm markups to industry markups. In fact, the sem-
inal paper on markup measurement by means of the production approach by Hall (1988) uses
industry, not firm-level, data to construct aggregate markup measures (see also Hall [2018] for
recent industry estimates using KLEMS data). With firm-level data and industry classification
codes, we can mimic the industry aggregates using exactly the same set of firms underlying the
industry aggregates. Based on De Loecker, Eeckhout, and Unger (2020) using data on publicly
traded firms, Figure 3b shows that industry markups (blue dashed line) have increased by half as
much as sales-weighted firm markups (red line). In other words, they find that there is a wedge
between the industry markup and the sales-weighted firm markup, and that wedge is increasing
as investment in data increases. Note that industry markups (in Figure 3b) look remarkably sim-
ilar to cost-weighted firm markups (in Figure 3a). This is due to the systematic relation between

input-weighting and industry aggregates in equation (19).8

8Rossi—Hansberg, Sarte, and Trachter (2018) discovered a different divergence in measures of market power, one
between local and national markets. That difference in market power is not expressed in markups but in concentration
indices such as HHI (Herfindahl-Hirschman Index). Expressed in markups, there is no documented local-national

23



IV Cyclicality of Markups

A key question for mainstream New Keynesian models of the type often used by central banks is
whether markups are countercyclical. This question has created stark disagreement. Researchers
who measure markups at the firm or industry level find clear evidence of countercyclical markups
(Bils 1985, 1987). In contrast, researchers who measure markups at the product level do not find
evidence of countercyclicality (Nekarda and Ramey 2020). Our model offers a way to reconcile
these facts.

Our explanation builds on the progress in Burstein, Carvalho, and Grassi (2020). They show
analytically how composition changes can turn procyclical markups into countercyclical ones, de-
pending on how markups are aggregated. Our model provides a specific economic mechanism
for these composition changes. The cyclical markup evidence, in turn, supports the realism of the
model’s assumptions.

To use the model to explore the cyclicality of markups, we first need to define what is a boom or
recession in the context of this model. There are two relevant features of a boom: 1) demand rises
and 2) the variances of demand and of output fall. In contrast, recessions are volatile, uncertain
times. To formalize this new assumption, we introduce a variable Boom € {0,1} that makes the

level of demand procyclical and the demand variance countercyclical:
p = do+ dq1 * Boom where dy,d; > 0, (20)

Zh = dz — d3 *x Boom where dz, d3 Z 0. (21)

High demand in a boom (20) regulates how countercyclical or acyclical product markups are.
Falling variance in a boom (21) is what makes the cyclical behavior of aggregate markups differ

relative to product markups. The second statement is formalized in the next proposition.

Proposition 5. Product markups diverge from firm and industry markups when volatility rises.

Suppose the investment cost structure is such that firms choose identical investments (¢; = ¢; Vi, j).

a. The product-level markup is strictly increasing in demand variance, aE[MZ] /0%y, > 0, and con-

verges to a constant as Xy, j — .

divergence.Benkard, Yurukoglu, and Zhang (2021) argue that HHI is defined over the market where consumers are
located, whereas data used to measure HHI is based on the location of production, which leads to misleading and
inconsistent findings when aggregating. Eeckhout (2020) argues that the discrepancy stems from a mechanical relation
between population size and the market definition.
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b. If demand variance is large enough, firm and industry markups are strictly increasing, OE [M{;] /0%y, >
0 and E)E[Mf;l] /9%y,; > 0, and asymptotic to a function increasing in variance,

limy, , e OE[MY] /0%, OE[MY] /9% > 0.
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Figure 4: Procyclical product markups can coexist with countercyclical firm / industry markups.
Left (right) on the x-axis represents recessions (booms), as described in (20) and (21), where dy = 7/2,dy = 2,dp =5,
and d3 = 4. A decreasing line represents a countercyclical markup. Remaining parametersare p; = p» =1,¢; = ¢ =1,
¢=1and X =%, =1.

The coexistence of a procyclical product markup and a countercyclical firm or industry markup
is illustrated in Figure 4. The covariance of demand and a firm’s output is what makes firm
markups different from product markups. Firms have higher markups in more volatile environ-
ments because that volatility allows them to produce more of products that have extremely high
markups. In other words, when variance of demand rises, covariance rises as well. This strength-

ens the composition effects that push firm markups up higher than product markups.

V Data Barter and Markups: A Dynamic Model

In a dynamic economy, there is one more effect of data on markups: a role for data as a means of
payment. We call this data barter. The dynamic model teaches us that, when assessing competition,
customers can pay with money or data. This is not just true for free digital apps. The price of every
good should be affected. Despite this additional force, the original insights derived from the static

model survive, even when data comes from firms’ transactions with their customers.

Dynamic model setup. As before, firms choose a quantity q;; to produce to maximize expected

profit, with a price of risk adjustment as in equation (2). There are n goods and demand shocks for
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each of those goods.

What makes data an asset that retains value over multiple periods is that those demand shocks
are persistent. If they were not persistent, if demand were independent each period, then data
about yesterday’s demand would have no value in predicting today’s demand. Data would have
one-period value. It would not be a long-lived asset. Therefore, we assume a persistent demand

process that is an AR(1):
bt = Pbtfl —I—ﬂbt, Hor ~ iid N(O, 0';11). (22)

At the same time, there needs to be some transitory noise in prices. If there were not, the price
of a good would be a sufficient statistic for all past data. If prices revealed all the information
in past data, then data would confer only a one-period advantage. It would also not be a long-
lived asset. Therefore the demand shock for each good b; is the persistent process (22), plus some
transitory noise:

b; =b;+€; €y ~iid N(0,0.I) (23)

Data is produced as a by-product of economic activity. In other words, the more a firm pro-
duces and sells, the more it learns about its customers, its suppliers and its optimal choices. We can
model this as a number of data points about each product that depends on the amount produced
of each product: n;; = q;;—1. Notice that this makes production a form of active experimentation.
Firms are like gamblers in a classic bandit problem, learning about the profitability of each action
by observing its result.

The amount of data that a firm has depends on data production, as well as data purchases or
sales: D;; = diag(n;; + m;;) where m;; is the amount of data purchased by firm i at date ¢ and diag
turns the vector into a diagonal matrix. Firms also choose an amount of data to sell 1;;. Since data is
non-rival, data that is sold is not lost. However, selling data may not be optimal if better-informed
rivals reduce a firm’s own production and profits.

Each data point is a signal about the demand shock vector b;, with precision o, 1 per signal.
Firms update demand forecasts using Bayes law. Thus, when a firm obtains D;; units of data about
each good’s demand, Bayes law tells the firm to average the signals’ to arrive at a composite signal

that has precision D;;0, 1

9Notice that Bayes’ law allows us to incorporate non-integer numbers of signals. So we can proceed considering d;;
and D;; to be vectors of any real, non-negative numbers.
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Dynamic model solution Let (); be the set of all firm’s data precisions {w;; }¥ ;. The firms’ opti-

mal production {q;;, a;;} and data purchases / sales {m;, 1;;} solve:

1

V()= max E [(Pt —¢;)qisair + Pe(liy —myy) + <1+r

Qi taiem

) V(Qt+1>:| , (24)

where P; is the time-t market price per unit of data and the law of motion for firm i’s data stock
Wi t is

] N S | -1 -1
Wity = |0 W, + ol + D; 0, (25)

and the firm’s number of new data points, q;; + m;;, is the vector on the diagonal of matrix D;;.
The first-order condition for the quantity of production looks similar to (5) in the static model.
Optimal production depends on risk and price impact, in the denominator, and expected profit

(p — ¢;), in the numerator.

OE [p|Z;]\ ! vV (Q
ai= (pvar(piz) + D) (B ppiz + ) ) 26

However, there is one new term in dynamic model: 0V /0dq; is the increase in the future value of
the firm, from producing data.

Notice that the future value of data enters additively with the price. This means that monetary
payments and data payments are substitutes for the firm. In other words, customers pay for goods,
in part with data. This is a partial barter trade where goods are partly paid for with data, as when
you receive a loyalty card discount at a supermarket or pharmacy. These discounts are similar to
those in customer acquisition models (Nakamura and Steinsson 2011).

Data barter changes the interpretation of markups. The solution (26) reveals that the price of a
good is not the complete payment for the good. The relevant measure of income from selling a unit
of a good is p + 9V /dq;. So markups underestimate market power because they fail to account
for the data payment that accompanies the monetary payment from customers. Firms in areas of
the product space where data is valuable should keep their measured markups low, in order to
generate more transactions, to generate more valuable data.

While this dynamic extension introduced new ideas about the interaction of data and markups,
it did not change the main conclusions of the static model. Data still complicates the interpretation
of markups as measures of market power. In this model, there are three main forces at work in

dynamic product markups: (i) the classic effect of market power, (ii) a risk premium, and (iii)
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data barter. In a data-intensive sector, markups reflect the value of data and its effect on risk as
well. Data still shows up as a force that changes how markups are aggregated. Firms use data
to predict which goods will have high demand and produce more of those goods. Firms that do
this prediction well will have higher firm markups and will grow bigger and get higher weights in
their industry markup. But this model suggests that simply correcting markups for a risk premium

will not be enough to solve the problem of measuring competition in data-intensive industries.

VI A Linear Hedonic Demand System and Product Innovation

Recent work shows that a modification of our linear setup fits the cross-product elasticity facts
well. A rotation of our model builds on Pellegrino (2023)’s Generalized Hedonic-Linear demand
system, used to study market power in a network economy (see also Galeotti et al. [2022]). A
feature of this model is the declining demand elasticity in firm size. This generates realistic higher
markups for larger firms. Using the nonparametric estimates of Baqaee, Farhi, and Sangani (2021)
for the demand, Ederer and Pellegrino (2022) show that the linear demand system fits the data
better than the iso-elastic demand system.

If one wanted to change the relationship between elasticity and firm size, introducing a func-
tion ¢(c;) would only change the magnitudes of our results. The same trade-offs arise.

To map our model into Pellegrino (2023)’s structure, we rename the model object that was
celled “goods" and instead call that an “attribute.” Then goods are bundles (linear combinations)
of attributes.

The product space has N attributes, indexed by j € {1,2,...,N} and N goods, indexed by k,
that are combinations of attributes. We use tildes to denote quantities and prices of attributes. Each
good k € {1,2,..., N} can be represented as an N x 1 vector a; of weights that a good places on
each attribute. The jth entry of vector a; describes how much of attribute j the kth good requires.
This collection of weights describes a good’s location in the product space. Let the collection of

a;’'s be an N x N, full-rank matrix A, such that
q = A (27)

Conversely, the quantity of attributes that a firm i produces is a vector q;, with jth element g;.
Similarly, we represent the price and the marginal cost of production of goods as the linear combi-

nations of the vector of prices and costs of the attributes: p; = A’p; and ¢; = A'g;.
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FIRMS There are nr firms, indexed by i: i € {1,2,...,nr}. Firm production profit 7r; depends on

quantities of each good or each attribute, as follows:
i =qi(p—c)=GA " (A'p—A'c) = & (pi — &) (28)

Therefore, the firm’s objective (2) is unchanged and we can write the choice problem of the firm
equivalently in terms of its goods or its attributes.
The last term in (2) is each firm’s up-front investment. The up-front investment choice is mod-

eled as a choice of attribute costs ¢;.

PRICE Our demand system embodies the idea that goods with similar attributes are partial sub-
stitutes for each other. Therefore, the price of good k can depend on the amount every firm pro-
duces of every good.

Equation 3 now describes the market price of each attribute j. As before, each firm faces an
uncertain price that depends on a demand shock b;. This vector is random and unknown to the
firm: b; ~ N(0,I). The fact that the variance matrix is diagonal is without loss. We simply define
attributes to be an orthogonal decomposition of the demand variance-covariance space.

The price a firm receives for a unit of attribute j is thus ;5;” + b;j. We can express firm i’s price
in vector form as p; = [pM, pM, ..., pN] +b;.

The firm’s price of each good depends on its attributes. The price of good k is the units of each

attribute aj; times the price of each attribute f;, summed over all the attributes:
N
ik = Y ajxPij- (29)
j=1

Model results for the linear hedonic demand system All the results in the appendix are proven
for this linear hedonic demand system. They hold for the previous model as well because that is
the special case of this model where each good loads only on one attribute: A = I. The solution
works by first solving the model for attributes — or independent goods — and then projecting the

solution back on to the space of goods that are linear combinations of attributes.

Using data for product innovation One use of data is for product innovation. A simple re-
definition of the choice variable allows our model to capture this use of data. Instead of products

having fixed weights on attributes, suppose that a; is now a vector of weights that firms choose.
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Whereas ¢q; was a vector of quantities of each product a firm produces, we now restrict that to be a
scalar — the quantity of the one good the firm chooses to produce.

Equilibrium: After observing the realized data, each firm updates beliefs with Bayes’ law .
Each firm then chooses the attribute weight vector 4; and the scalar number of units of their cho-
sen product g; to maximize conditional expected utility in (2), taking as given other firms’ best
responses. Prices for each attribute are given by (3) and (4). The price of firm i’s good is the linear
combination of its attributes, as in (29).

The solution to this model is just a linear rotation of the original model solution. What was a
portfolio of products becomes a portfolio of attributes in the firm’s chosen product design. What
was the optimal q;, now becomes the optimal g;a;, where the entries of a; must sum to one. Before,
firms used data to tilt their product mix toward high-markup products. In this model, firms use
data to tilt their product design toward valuable, high-markup attributes. The prediction that firms
use growing amounts of data to identify new product niches is supported by Neiman and Vavra

(2023).

VII Conclusion

The hypothesis that data encourages large firms to grow larger and gain market power is both
plausible and incomplete. Because data improves both prediction and firms’ profitability, we need
to consider competitive effects using a framework where firms compete and face uncertain out-
comes that require prediction. In other words, wrestling with the competitive effects of data re-
quires incorporating risk.

We used the a model to guide new measurement to disentangle data’s effects from market
power. One way in which data and market competition differ is in the covariance of actions and
payoff-relevant outcomes. In this model, data boosts the covariance between price and quantity
by allowing firms to have better forecasts of demand and thereby price. Market competition also
changes this covariance by making production decisions more sensitive to expected price changes.
But data enhances that sensitivity and also makes expected price and actual price more informative
about each other. A second approach to measuring data is to recognize that data enables more
accurate forecasting, while market competition does not. We show how to use the accuracy of
firms’ sales forecasts to infer data and quantify its effects on markups.

We find that high-data firms do invest more, grow larger, and exert more impact on prices.
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However, if uncertain firms scale back production, then more data that resolves their uncertainty
also pushes markups down. The effect of data may not be seen in the level of markups.

Instead, the effects of data should show up in markup aggregation. Firms react to data about
demand by shifting their production to high-demand goods. These are high-markup goods. So
data changes the composition of production. This composition effect leads firms to shift produc-
tion toward high-markup goods, which raises markups. The tug-of-war between risk reduction
and the composition effects induced by data plays out differently for product, firm, and industry
markups. A model designed to explore the logic of data and large firms turned out to explain why
econometricians got different answers about what was happening to markups over time when
they measured at different levels of aggregation. Our model suggests a new interpretation of ex-
isting facts. Constant product markups and rising firm and industry markups are not competing
facts. They are consistent with an economy where firms are getting better and better at forecasting

future demand. Both are helpful in the attempt to understand and measure firms’ use of data.
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Online Appendix

A. Appendix: Solution Details

We present all solutions and results for the model with product attributes. Allowing those goods to have correlated
attributes, as in Pellegrino (2023), makes data relevant to multiple goods. Since the case without attributes is simply the
case where A = I, this general formulation allows us to present the results just once.

We start by solving the model with firm-specific shocks and public information. Then we solve the model where
shocks are aggregate, and derive analogous expressions for two key objects in the model that govern the sensitivity of
beliefs to signals and the sensitivity of production to changes in expected price. Then, in Appendix B., we use these
solutions to prove the propositions and show that the same properties hold for both models. Appendix C has the most
technical lemmas that are inputs into the proposition proofs.

A.1. Preliminaries

PRODUCTS AND ATTRIBUTES We consider np firms, indexed by i. Each firm potentially produces N goods
indexed by k. The product space has N independent attributes indexed by j € {1,2,.., N}. Therefore, each good
k € 1,2,..,N can be represented by an N X 1 vector a; of weights that good k places each attribute. The collection of
weights describes a good’s location in the product space. Let the collection of weights (a;’s) be an N x N full-rank
matrix A, such that

qi = Ag;
The linear mapping A between good and attribute spaces allows us to transform the original model into attribute-

competition model in which nf firms choose upfront investments and attributes to maximize their mean-variance utility.
As the attributes are assumed to be orthogonal, the model can be solved by considering one attribute at a time.

PRICES AND COSTS Similarly, we can represent the price and marginal cost of production of goods as the linear
combinations of the vector of prices and costs of the attributes:

pi = Ap; (30)
C; — AEI‘. (31)

Each attribute j has an an average market price ﬁ;\/f that depends on an attribute-specific constant (p;) and on the total

quantity of that attribute that all firms produce. It is given by the inverse demand function, which holds for each
attribute j:

_ 1 _
P =pji— ry Jij (32)

INFORMATION  Each firm i has n,; data points, each of which is a signal of the attribute demand shock s;, =
b; +¢€;, wherez = 1,...,ny. We assume signal noises are uncorrelated and normally distributed with zero mean and
precision 1. This is equivalent to a compound signal s; with total data precision ny; = Zgi 1 1, the sum of the precisions
of all of data points about firm i’s demand. Therefore, we define a composite signal for each firm-attribute pair, which
is the average of the n,; data points, each of which is the jth entry of the vector s; :

1 Ngi

Sij = Y siz()) (33)

di z—1

This signal is a sufficient statistic for all data observed about firm i, attribute j. The posterior variance of the demand
shock, conditional on the composite signal s; j, is V (bi/]- |si/]-> = %nm The posterior mean (the prediction) of demand is

Eb; lsi ] = (n4;/ (1 + ng;))s; j, because the prior mean of b; ; is zero, with precision 1.
For results that refer to more data, we mean a derivative with respect to the number of data points about a firm, ng;.

A.2. Solving the model with firm-specific shocks and public information

As mentioned earlier, we show our results for two specifications of the model. In the first specification, there are firm-
specific shocks and all data is public. Therefore, instead of facing the average market price ;7;” for attribute j, each firm
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i faces a different price f;; = ﬁ;\’l + b;; where b; ; is mean-zero shock distributed randomly with variance 1. The vector
of prices faced by firm i is

pi =[P 72 PN ] + b (34)
When other firms’ outputs are known, the only uncertainty is about the b shock. Therefore conditional mean and
variance of prices is a linear function of the mean and variance of b. For firm i and attribute j,

nr

1 & 1
E [ﬁi,j Ii] =p+E [bi,j|Ii] 9 21 Girj = pj+ Kijsij— ¢
i'=

\Y [ﬁi,j'zi] =V [bﬂfﬂi] - %7%11‘

Gir j
=1

(35)

where K; ; is defined to be the weight that firm i puts on its signal about attribute j, when forming its expectation about

the price. In this model, K; ; = % When others’ actions are not observed, K takes another form.

MAXIMIZING RISK-ADJUSTED PROFIT Taking first-order condition of firm’s utility function, we get an ex-
pression for optimal attribute choices.

OF [py)|Z;]

50T — & 36
3571',]‘ (E [pz,]|Il} Cl,j) (36)

7ij= |V [ﬁi,jlfi] -
Differentiating the inverse demand curve p;; = p; + b;j — % Y774 i j reveals that market power is constant:

JE [ﬁz’,j\fi] _ oE [Pz‘,j\fi] 1

: -2 (37)
97 j 9q; j ¢
Define the sensitivity of supply to a change in the expected profit as:
Hj:= 1 +0:V |7 j|Z; B . (38)
¢

Substituting this constant market power into the first order condition for optimal output yields the next expression
for optimal attribute production. But this expression has 7; ; on both the left and the right sides of the equality. It arises

on the right side because firm i’s production choice §; ; affects the expected price E {ﬁi,ﬂL] . Therefore, we substitute
in the price and re-arrange to collect all §; ; terms and reveal the optimal production choice. Use (37) to substitute out

oE {ﬁi/ﬂL] /9g;j. Then use Bayes law to replace the expectation E [b,-,]-|Ii] with the weighted sum of signals K; s ;,

with the Bayesian updating weight K; ; = -4 Using these three substitutions, we can rewrite (36) as:
y P g welg J T gl g
~ N - 1 nF ~ ~
dij = Hi,j pj + Ki,jsi,j - — E 1[]i/,]' —Cij (39)
G i'=

The solution above generates the best-response function, given the aggregate output. When all data is public, this
aggregate output is known. But firm i output choice still shows up on the left and right sides.

Before solving for aggregate output and prices, we first stop to correctly express firm i’s best response, as a function
of other firms” output choices. Gathering all the terms involving §; ; on the left:

i (1 * 4?) = Hi; (Pf +Kijsii =g Y G- Cia‘)
i1£i

. Hij [ L.
ij = 71]1 (Pj + Kijsij — ¢ Y dinj — Ci,j)
1+ 7/ i' #i

_ 1 . .
= Hj; <Pj + Kijsij — $ g qj — Ci,j) (40)
i'#i

where H; ; is the sensitivity of firm i’s output choice to the expected profit induced by other firms’ choices. In contrast
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to I:Ii,j, H;; excludes the influence of i’s own choices on profits.

A 1 1 2\ !
= 1 = (o¥ [piz] + 3) @
1+ Ij;” Hij+35 oV {ﬁi,jui] R [ } ¢

SUB-GAME EQUILIBRIUM  We solve the sub-game Nash equilibrium by summing both sides of (39) over all firms
to express the aggregate output:

1

1 A A
(1 + $ ZH1/]> qu = Z.Hi’j <ﬁ] + Ki,jsi,j - 5,',]‘> (42)
i i i

~ & = 1 - 5 al
Zﬁw=ZHwGHKWM¢Z%fﬂO
i i=1

-1
Yai = (1 + % ZH1]> (ﬁj Y Hij+ ) HiKgsi— ZHi,jf,-,]-)
1 1 1 1 1
Denote,
Cj= ZHi,jEi,j
1
M:;HﬁWw (43)
H; = ZH,,
1

As I:Ii/]- denotes the sensitivity of supply to a change in the expected profit, C; represents the sensitivity weighted average
cost of attribute j, hereafter referred to as the average cost of attribute j. Similarly, x; represents the average signal about
the demand shock for attribute j weighted by the sensitivity term H, ij and the weight K; ; that the firm i puts on its signal
about attribute j , and Hj represents the average sensitivity of supply to expected profit.

Then, aggregate output can be expressed as

B piHj+x;—Cj
Zqi,j e I]q/_ ! (44)
1 1 ‘I‘ ?
From aggregate output, we can express the market price of each attribute as pJM =pj— % Y.i §i,j- Using the expres-
sions derived above, this can be written as
M_ 1 [PH+K—C
pi” = Pj o
¢ 1+
~ C K (45)
_Pite %
14 H L/
1+ 7 1+ 4’

Define ﬁjw to be the expected market price for attribute j while pJM denotes the realized market price. Given that the
signals s; ; have mean zero, k; equals zero in expectation. Therefore, the expected market price is

_ C;
Pity
i

M
Pi- = 2
1+

-1
1 ~ 1 -
=G+¢Zm0 <m+¢ZHﬁ0 (46)

Note that this also shows the how the realized market price p]M differs from its expectation f)JM because of a weighted
sum of the firms’ random data realizations s; ;. More specifically,
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p(1+ )

-1
w1 1 s .
=p' - ¢ (1 s ZHi,j> Y HijKijsi
i i

Finally, we can express the equilibrium output as functions of marginal costs, parameters and firms’ data s; ;. Start-

(47)

ing from (39), we substitute the definition of pM to obtain:

dij = Hij (wa + Kijsij — 5i,j>

K

a =M ] ~
=Hij | ;" — ————7 - +Kijsij —Cij

o1+ )

. . H; ix; (48)

= H,,](f)]M — 51',]‘) + Hi,sz',jSi,j — ﬁ
P+ 5

M N Hij 1 2 o

= Hz,](p] — Ci,j) + Hi,jKi,jSi,j — ? 1+ a Zl H,‘/,]' Zl Hi’,jKi’,jSi’,j
= =

where the second equality uses the relationship between market price and aggregate quantity, and the third equality
uses (46). Similarly, equilibrium price available to firm i for attribute j is given by:

1
1 1 & . 2E

~ M =M

Pij =pj + bi,j =p; + bi,j - 9 <1 + ¢ 1;71 H,'//j) 11571 Hi’,jKi’,jSi’,j (49)

A.3. Solving the model with aggregate shocks and private information

So far, we have established the equilibrium solution for the model with private shocks and public data. However, the
results generalize easily to a model with aggregate shocks and private data as well. Compared to the model discussed
above, there are two main changes as discussed below.

Demand: The first change is that in this model, shocks affect the demand for attributes. These shocks affect all firms
whose product load on these attributes. The market price j; for attribute j is given by the following inverse demand
function

S 1& .
Pj:P+bj_$Z%qi,j (50)
=

where b; is the aggregate shock to the market price of attribute j. Recall that {; ; is the quantity produced by firm i and
pj is a constant. We assume that the shocks [by, ..., by] are normally distributed with mean 0 and variance 1.

Information: The second change is that instead of the data being public, now each firm sees a private signal s;; =
b; +¢; ; where the variance of ¢, ; depends on t he number of data points (ng;) available to firm i and equals 1/n;.
We assume that ¢;; is i.i.d across firms. However, the signals s; ; are correlated across firms because of the common
aggregate component bj.

The new complication in this model is that the solution is not explicit. This is because, from (50), the price ﬁj of an
attribute j depends on the aggregate demand shock b; as well as the quantity choices made by all firms. The quantity
choice §; i made by firm i for attribute j, depends on the noisy signal Si,js which is private information of the firm i, as
well as it’s beliefs about the signals (and therefore, the quantity choices) of other firms. As such, Bayesian updating
weights always depend on the covariance between the observed signal s; ; and the price p; ; the firm needs to forecast.
The additional complexity in this model is that this covariance is endogenous and depends on the production choices
of all other firms. Therefore, we use a state-space approach and solve for the fixed point between beliefs and output. A
state-space approach defines all the relevant model variables in terms of exogenous, orthogonal shocks and weights on
those shocks. The innovation in this paper is that we extend the approach to the case of endogenous weights on each
shock. Firms choose the Bayesian weights in a way that maximizes their objective.

We now prove Lemma 1 which provides the equilibrium solution for this model.

Proof of Lemma 1: Pricing with Aggregate Shocks
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Proof. Following the state space updating approach, we guess and verify a linear price function and then solve for the
coefficients at the end. A linear ansatz takes the following form with coefficients D;, F;, and {h; ; };c1

1, ,ﬂr
ng
ﬁ] = D]' + Fjb]‘ + Z hi,]'si,j (51)
i=1
Since firm i could only observe s;, its expectation of the price is
Elp;|Z;] = Dj + Kijsi j (52)

where
o COV(ﬁi,]',Si,]‘) B F]+ U.
K V(si,) 1+ L

where the second equality follows from using the guess (51) and the fact that s; j = b; + ¢; ; where b; has variance 1 and

(53)

¢;; has variance % Similarly, the variance of price forecast error is given as follows
i

- _ Cov(ﬁ',s;')2
V[pi,j|si,j] = V(p]) - V(]S.)lj
1
N2 4
(Ff+ i) oy
=F+— Z M=~
ndz = 1 + le

Note that each firm has the same mean-variance objective. It's first-order condition with respect to §; ; is

~ -1
3 3 oE[p;|Z;] s
3ij = | VI[P Ti] - “oa; (Elp;|Zi] — ¢ ;) (55)
L]
From the pricing function (50), we obtain the price impact of one additional unit of attribute output as:
JE[pi|Z;
[Fj]| i] :_1 (56)
i j ¢
- -1
Defining H; ; = (p,-W[f)ﬂZ,-] + %) , we obtain the expression for optimal production as
qi,j = Hz,](]E[ﬁ]|Iz] - Ei,j) = H (D + K1]51] Cz,j) (57)

Plugging in the expression for §; ; from (57) and the guess for price from (51) into the pricing function (50), we obtain
1 &, .
D +Fb JrZh‘]‘S,‘]‘ p+b]‘7$ ZiH,‘lj(Dj+Ki,j(bj+€i,]‘)7Ci,]‘) (58)
=
Rearranging to collect coefficients for each variable, we get
nr 1 1 I _ 1 . ~
—1+ Z i,j bj+2<hirj+4)H KZJ)S,]-FD 1+$ZH1‘J —Pj—ngi,jCi,jZO (59)
i=1 i=1 i=1

As the above equation must hold for all values of bj and [81,]', e, €nF,j]/ and these are all independent variables, it must
be that their coefficients in the above equation are zero. This gives

1 N
F=1-—Y H;K;; (60)
¢ i=1
1 A
hij = *aHz‘,jKi,j (61)

N e S WS
D]' =1+ $ Z Hi,j pj + 5 Z Hi,]‘C,‘,]‘ (62)
i=1 i=1
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where the last equation follows from by evaluating the expression (59) at b; = €1 ; = ... = ¢, ; = 0 where K; ; is given
by (53) and I:Ii,j solves the following implicit equation obtained by using (54) and the definition of I:Ii,]-

H;; = (Piv[f’j|zi] + %) B

2 -1
(F]- n 1;,) . (63)
2 Z 4
di i'= ng.

As these calculations can be done independently for each attribute and yield identical expressions, we can write the
final result in matrix form as:

-1
/
. - - I
H = |p | FF + } h2 — (F+ﬁ> <F+ﬁ) + N
1+ L ng,
n ,

Ill

1
F=Iy—--) H/K;
i'=1

1.,
hi=—-—H;K;
¢
Ftl
K= =
1+

1 nr . -1 1 nr .
D = IN+7ZH1' ﬁ-’-*ZH,'éi
¢ i3 ¢ i3
where H;, F, h;, K D are all diagonal matrices with entry (j, j) corresponding to the j* attribute.
O

As we can see, apart from the differences in the expression for H; and K;, the expressions for expected price and
expected quantity take similar form as for the model with private shocks and public data. For example, output and
expected output are

g = Hi(p" — c; + K;s;)
E[g)] = Hi(p" — c)).
Of course, these expressions still contain endogenous variables. Appendix C. digs deeper to express price in terms of
underlying parameters. It also shows conditions under which H, F and K have derivatives with respect to more data
that have the same sign as in the public information model. Because H, F and K react similarly to more data, many of
the the same results will hold for both the models.

(64)

A.4. Markups

In this section, we define the markups based on different levels of aggregation and characterize how various components
of the markups are affected by data holding the marginal cost term ¢; ; as fixed. The next section deals with the optimal
choice of marginal cost. Finally, propositions 1 - 4 put these two together and discuss the impact of more data while
accounting for its effect on the choice of marginal cost. For the ease of exposition, wherever we delve into the details
related to the number of data points in the next section, we show the calculations using the model with private shocks
and public data. For the reader interested in more details about these calculations for the model with aggregate shocks
and private data, we refer them to Appendix C..

PRODUCT-LEVEL MARKUP  The product-level markup of product j for firm i is defined as Mzﬁ] = E[p;;]/¢;j. The
expected price of product j by firm i is the expectation of (49). Note that b; ; and s; ; are mean-zero random variables.
Thus from (49), the mean of p; ; is ;‘J}VI. Thus, the product-level markup, averaged over products (attributes) and over
firms is

ng N pl/] 1 I N p].

— 5 11
R P AN NE S W CLEPE Bt (65

i=1j=1 i=1j=1
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To see the effect of obtaining more data points on the average product level mark-up, we need to calculate oM’ / ong;.

Using the expression above, this becomes

oM" "ZF% 1 opM
andl I’lel 1j=1 E)nd,
Using (46), we get
M A\ 1 9C; _ Ci\ 1 9H;
" U+ 5)gam — Pit G gom
ony; (1 + $)2
Ai\ 1 9C; AN )
B Or L Rk 2k %
B Hyo
a+9
190G P el
oy ¢ ong
1+
Using the expressions for H; and C; from (43), we get
oH;  0H; oH;

al’ldi o ai’ldl' i andi

aC;
_
+
andz ’] andl lg, “ a Ngi

As a firm’s sensitivity does not depend on any other firm’s data, the cross-derivative terms are all zero i.e.

(66)

(67)

(68)

Ay
and,‘

0Vi’ # i. Now, using (35) to replace the variance term in (38) in terms of n,; and taking the partial derivative yields

N ~ 2
aH,',]' Hi,j
=pi >0
E)nd,- 1+ ng;

Using the two expressions above, we can now write:

opM EYamp g\ !
Pi _ Lo (1+f) (@ — P

ong; ¢ Iny ¢

~ 2 — -1
_pi [ _Hij HiY (e M
=5 (1+"di> (1+ 4)) (Gj—p;") <0

(69)

(70)

where the last inequality follows from the fact that for a firm to have non-negative expected profits, the cost ¢; ; must be
less than the average market price ;5;”. If it were not so, the firm i would not choose to produce positive quantity (see

(36)). i
Using this result in (66), we obtain that oM" /any; < 0

FIRM-LEVEL MARKUP The firm-level markup for firm i is the quantity-weighted prices divided by quantity-

weighted costs:

f_ Elgipi] _ E[g)'E[pi] + Trace[Cov (5, g;)]
' E[g/¢] E[g/¢;]
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As for the denominator, note that Eg; ; = I—AI,-,]»( ﬁjM — &j,j)- So, the equilibrium output increases with more data since

a]E[ii,]' (M _ & )81:11,] s 8]5;\4
g g T i Gy,
ok A, [¢&i—pM\ ol
ongi ¢ \ 14 H | ong
oH; ; Hij
p ¢ ~ 11— — | >0
(P} = i) ( ¢+ H

where the second equality follows from (67) and (68), and the last inequality uses H =Y I:I,-/,j > I:Ii,j and p;w > ¢ as
argued earlier.

Although price decreases with more data, the revenue rises.

OE7;Epi; _ _ OEp;  OE]
ong; i ong; +EPi) ong;
apM 3H; H
_ M (M _ g, )0 (g i
= Hz,](p] Cl,]) on TP (pf Cl’]) ony; ¢+ H;
A ra¥ 7 _1 & :
H; oM (. H OHi,j Mij
— (M _ ¢ . ij 911 j 6o — My pM i) (T
“o e (5 (19) e (15 7

M =

i (Pi —Cij N A
a7 N o (& — M) 4 pM A
= 5 ( T )(Hl,](cl,] M)+ M (¢ + A — Ayj))

oH;; (PM —¢ij . . .

Z) ] ’ = =M

== = H; it i + p; —H;; Hy i 0

ony; ( ¢+ H i P | ¢~ Hij +I§i ki) | >

The second equality above uses (72), the third equality uses (70), and the final inequality follows from the fact that
¢ > I—AI,-,]- by definition (see (38)).

COST-WEIGHTED INDUSTRY MARKUP The industry markup weighted by cost is

E [ §lp; "F E [q'p; Ul E [g¢;
M€ = [21’1:}1 ({1/?1} — Z:1}/1:;1 [({1/?1] — ZwlgostM{ where wzgost = = [qz ilN . (74)
E[Xt gl YhLE[ga] S ity E [gie]
Denote wf’?“ = %. Then, w*! = Zf\lzl wfj“ . The weight wfj“ increases with more data ny; as
Jwesost & JEé: nr e JE(G
) 1:]' _ — i,] — |5 qlf] Z E [q..llcék] o Eqi,j Z a( k',]) ék,]‘ <0 (75)
mai (L E[gje]) Mdi \k=1ki k=Titi  OMdi
G A ~  opM
The last inequality is due to the existing results aiqdi’} > 0and a]g(n‘ﬁ'] ) = Hk,j% <0.
SALES-WEIGHTED INDUSTRY MARKUP  The industry markup weighted by sales is
nr ]EZ[Q,'@]
IE Lil1 Elge, E [§5:
M = waM{ = SR (e [‘i’,cjl where wf = ——— Eg’pf/]N. : (76)
i=1 Y E [api] Y E [api]

A.5. Firm’s choice of marginal cost

In the previous section, we treated the marginal cost Gijas fixed. In this section, we discuss how a firm makes the choice
of marginal cost.
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EXPECTED RISK-ADJUSTED FIRM PROFIT To solve for the firms’ cost choices, we need to solve for expected
utility of each firm. Substituting in the definition of firm profit into the objective function (2)

E[Uj] = E [¢] (B[pi|Zi] — &)] — E [@V 5T 6] — g(xe, &)

2
-E [iq < [PijI T = > B %IE [i‘%‘,f" [ﬁi,j Ii} ‘717]’] - igj(?(c/fi,j)
i = =

- : (77)
-¥ (E 4 (BlpisIZ - &) | - 2R [V [piglT] | - 81000 6i)

"
=) E[U;]

j=1

where U;; = [’713}' (]E[ﬁ i1 Zi] — 51}]’)] [‘71 ]W {Pz JIZi H — 8j(Xc, €ij) represents the utility of firm i from attribute

j based on firm’s data. In deriving the above expression, we have used the assumption that the signal noises are
uncorrelated among attributes which makes V [p;|Z;] a diagonal matrix. We have also used the assumption that g(x, &)
is additively separable w.r.t to the attributes. Because of the independence of attributes, we can now simplify each E[U; ]
term separately and add them up to get the total expected utility.

Note that the first term in the expected profits expression is IE [qi,j (]E [ﬁi,j |Il} — Ei,jﬂ . Using the first order condi-

tion (36), we can substitute <IE [ﬁi,j\I,} - c”i/j> out with A1 ¥ gi,j- That substitution allows us to write the firm objective
for attribute j as

I]) g](XC/Cz,j)

7] ) - e, 78)

_ 2 (-1 Pi
uz,] =i (Hi,]' [Pz,]
1
_a2 (1 & _
=i (4> T3V [
I 0 R N
= 5iHi; — 8j(xe/ i)
The expression above is the utility from attribute j conditional on a firm’s data. To choose marginal cost, we need
to compute expected utility that is not conditional on the firm’s signals because firms choose cost before signals are

observed. This utility could be expressed as expected profit minus the price of risk. Substituting in the expected profit
expression above, we get

E [‘7121} Hfjl - 8i(Xc,Gijj)

-1 (79)
= 5] (E [4:,]7 +V[¢7i,j}) —8i(Xe/€ij)

We can compute the mean of the firm’s quantity choice by taking an expectation of (48), using the fact that the prior

means of all data points s; and s; are zero:

N —

E[U; ;] =

T

Elgi] = Hij(pM - &) (80)
To work out the variance term, use the first order condition (36) to rewrite V[§; ;] = HIZ ].V (;5,-,]) , since the only ex-ante

unknown variable in the first order condition is the price. Next, recognize that the price is a sum of two independent

terms, the market price and the demand shock: p; ; = p;w + b; j, where pJM is given by (47). Thus,

1 1 _ —2 nr N
v (pij) =1+ o (1 + EH]) k;(Hk,ij,j)ZV(skJ) (81)

If there are 14 data points about each attribute, each with precision 1, then the variance of a firm’s average data point
sk,j is (1 +1/ngy). In this case, the formula for the variance of output is W[qi/]-] = lej\/ (ﬁi,j) , with the variance of the
price given by (81). This yields

ViG] =

(82)

142 (1+1Hv)_2nzp(H K ) ( ' )
¢\ ) EE g+ 1

Notice that this part of expected utility is independent of the firm’s cost choices.
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OPTIMAL CHOICE OF MARGINAL COST The first and second order condition for the optimal marginal cost
choice ¢; j is
~ —1 -
JE[U;;] 1 9E[G*H;; 98X Gij)

afi,j 2 afl‘,l‘ aéi,]' =0
2 21517 121 2 ~ (83)
PEU;] 1Bt H 5 9gi(xe, &) <0
2 92 2 - 2 =
Bcl.,j 2 ac].,j ac,.,j

Since signal noise is diagonal, we have Hi,_jl = % +0iV 5T and V [b;|Z;] = (1+ng) " Using the fact that [Eg;; =
I:Ii,]'( ﬁJM — ¢ j), the FOC and SOC could be written as

JE[U;;] HYE[g, ] IE[qi,;]  9gj(xe, Ciy)
aC;] L] K afl‘,]' 851‘/]'
17y ~
(M A 12 o7t ) 98j(Xe/Cij)
- <P] N Cl’]) Hifj Hi’j (1 + %H 1) BE,-]- =0 (84)
17 2 ~
PE[U] _ pa ( otij 1) _ P8(xe i)
&2, WL 17 i2.
ac,,] 1+5H Bcl,]
since the average market price p;w for attribute j is
5o lyne 77 o= M 17
pM = Pit g Lot Fojs) and apj = ¢t (85)
] 14+ %H aﬁi,]' 1+ %H

B. Proofs

In Appendix A., we established the equilibrium solution. In this appendix, we prove the main results discussed in the
paper.

Proof of Lemma 2: Data-Investment Complementarity

Proof. To show this complementarity between information and costs, we first differentiate IE {Ui,]} in (79) with respect

to marginal cost. Here, ¢;; denotes firm i’s marginal cost of producing attribute j. Hij denotes the jj-th entry of the

diagonal matrix H;, which captures the sensitivity of i’s production of attribute j to a marginal change in the expected
profit of producing attribute j. We can simplify the expression derived in (84) a bit further as follows:

17y, . ~
OE[L] _ (P - ) H; P oty g 98 )
96, j M) T\ 141 oc;

2ENL : A 1R i
#:(ﬁM—flj)i H;lle ¢ 11]_ -1
aCl‘,]'aHi/j ] 5 aH,»,j q T\1 + @H

(86)
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Let T = I:Ii,j(qb +H, ij) ( (,ﬁ 1, ) Taking log and differentiating w.r.t ; i» we obtain

log T = log H; j + log(¢ + H; ;) + log ((p-s-}[ _1>
+

N _ — A n E)Hk,»
LN S Y (LU A AR ST
TH; H; ¢+H,; \¢+H (¢ + Hj)? (87)
_ N aHk,’
1 1 ¢+ H; (¢+Hj) — Hij 5Ly 35,
Hl,] ¢+ Hz] Hi,j ¢+ H] (4) + ]')2
For the model with private shocks and public data, for i # k, gg"f = 0. So, the above equality becomes
ki
19T 1 " 1 n 1 ¢$+H—H
T E)H,-,]v Hi,j ¢+ H,‘,]' H,‘,]' —¢— H] ¢+ H]
1 1 1
=+ e = (88)

H,"j (P-I-H,',]‘ (P-I-H]

aT 1 1 1
_— —— = T ~ + A~ - =
oH Hij ¢ +Hj ¢+H

7. — VIF [ 1 . ..
Note that the as Hj =Y, Hyj > ;i i we have that o H > s H So, the second term on the RHS above is positive.

However, T = Hi,]-(gb + Hi,j) ( & oH;

(pT’ﬁ-/ - 1) < 0as¢+Y;", Hy; > Hj. Hence, we get that oT
PE[U;]
32,0H,;
information (higher sensitivity I:Ii,j).

< 0, which means the marginal benefit from reducing costs is higher (more negative) when firms have better

Another way to look at this result is to note that from FOC (84), and the fact that H l_ H 1y ¢, we have
N 10 -
JdE[U; ; H\ . sH; 92 (xe, G
U _ (1 —a,)) (14 20 )y (20 ) - et (59)
aCi,j ] ¢ ¢ T\14+ %H] aCi,j

) ~ s g +Hi g (Xe G ) ) RN
Define F(¢;;, H;j) = <r7]M - C,',j) Hl.,lef,]. (11%1%_ — 1) — ME;CT;;CW) Close to the optimal choice of (¢;;, H;;), we have

that F (E,-,j, I:I,-,j) = 0. Using implicit function theorem, we can obtain

i oF
c: - 3H,‘ i
dHli]. - ai] (%0)
L] afi,j
Using the notation ab & )2 < 0. Al — 0 (UL _ gpyth d ord dition (84
sing the notation above, aH (p] cl,]) < so, ac = a3, ( ac, < 0 by the second order condition (84).
Combining the above two results, we get the requlred result
iy 1)
— <
dH;

g
O

Proof of Lemma 3: Greater investment raises a firm’s product markup.
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Proof. More investment would lower marginal cost &; ;. The markup effect is

5 opM : ~ ~ ~
P j 1 = 1 vn ~ _ 1 «n =
aMi,j _ 8”‘ P] _ @H —Pi—y Zsil Hs,jcs,j _ pj+ ¢ Zsil,s#i Hs,jcs,] <0 92)
~.. 2 N _ " _ —
Ly & cgj (1+ ) 2 (1+Hy)

The negative derivative confirms that more investment leads to higher attribute-level markup. Similarly, for the other
oM’
attributes j we have af( =

Next, differentiate this product markup with respect to the marginal cost of attribute j. Consider the markup on
product k that used attribute j (Agj > 0). This markup is Z] Ay E [p,,]} (Z] Ayj Cz,]) Its derivative is

adM; B [Z Ak]Cl]}Ak]a ]E[Pz,]] [Z] Ak,j]E[ﬁi,j”Akj

Mik _ 93)
dac; j [Zj Ayt )2
Agj )
_ ~ ) (94)
):] Aiji,j |:aCl] [pl’]] :|
We know that %]E[p,rrj] < Mf j because earlier in the proof, we established that
aMm?. 1 P .
L] ~ P
=— |—E[p;;|-M .| <O0. 95
dﬁ,‘,}‘ 51‘,]' afi,]' [pl’]} ’/]:| - (95)
Therefore, (94) is negative if the markup on product k is greater than the markup on attribute j: M;;, > Mf 2 O

Proof of Lemma 4: (Risk premium channel) Product-level markup decreases in data. When
investment is sufficiently inflexible (high x), and product 7 loads positively on all attributes (a;; > 0), then the product
markup E (p;/c;) = E (p;) /c; is decreasing in data.

Proof. Assume each firm is endowed with a fixed investment (c;). By continuity, the result will extend to cases where
the investment is close to fixed, which is when yx is sufficiently high. The markup on the attribute j, produced by firm i

is Mf i= E[p; ]/¢; . The average markup on the attributes is

3D DURENS 3} e L DBl
= X 2 = (96)
Nn =1j=1 Nz 1j=1 l,] nFNz 1j= 1Clr]
The j* term of equilibrium price p
— nr 1y = -1 n
v PP+ XL Hijcij . ( B 1 _ E
py = ————=—"—-= where H;;=|p;Var[p,i|Z;]| + - and H; =) H;; (97)
= = (prvarpzl+ 4 =5,
The positive output means 77;\4 > Cijs thus
aﬁM np g e 9H
L= (p+H) 29+ ) Y Gyt — [ opy+ ) Aie i
aHi,j / / k:zl g aHl',]‘ J 1;1 T k=1 aH,-,]-
B nE aHk,' . ) Ak
= (p+H) 2 (0+H) Y &y —pp+H) Y o
oH; ; — OH;
k=1 7 k=1 ] (98)
nEo ) aHk’,
— (p+ )Y (o — P S
1 BHZ-J

BHk] o
7 9H;

We know from earlier results that for the private shocks model = 0 for i # k. For the aggregate shocks model also,
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oA . . . . . . .o
5 Hk] is negligible and can be ignored in comparison to the effect of increase in H; ;. Therefore,
L]

aﬁf/f
oH;

= (p+ )~ (a;—pM) <0 99)

Since the price of a good is a; times the vector of attribute prices, and all the attribute prices are decreasing in data,
the good price and thus the product-level markup is decreasing in data as well.

We prove the negative first order derivative for fixed choices of cost &;, which corresponds to infinitely high
marginal cost y. — oo. This result is strictly negative and continuous in &;. If we assume y. is sufficiently high,
this is arbitrarily close to fixed c. By continuity, the inequality will still hold. O

O
Proof of Proposition 1: Product markups increase or decrease in data (net change).
Proof. The product-level markup is Mlﬁ i= E [f)i,]-] / Gij = ﬁJM / Cijje Its partial derivative to the sensitivity I:Ii/j is
M 1 (WC o i ) ailh (100)
ong — &\ oA, 1P oA ) ang

BH,J'
ong;

We have already established that under the conditions considered for this proposition, > 0. From (46), we have

_\ 1 N
ﬁj = (4) +H j) ((p]ﬁ i+ Y Hi,jd,j)- For the private-shocks-public-data model, we have

op}! _ (@ +Hyéij — (¢p) + Lk Hy i j)
0H;; (¢ + H;)?
LA, - pMg+
_ @G - 2(4’ 2 (101)
(¢ + Hj)
G P ﬁ;\d <0
¢+ H;
Now, from Lemma 2, we have
<0 102
Yo7 (102)

. ~ . . . . . . _M 9Cij .
If marginal cost ¢; j or price of risk p; is sufficiently low, the second term in the numerator fpjw a;; > 0 dominates the

marginal effect, thus increasing product markups.

O
Proof of Proposition 2: The firm-level markup wedge increases in data.
Proof. The firm-level markup wedge is given by
Foor_ El@p] 13| Pij
M; — M = ——) E|= 103
! ' Elgea] N& |G (103)

Data has free disposal. So, the expected utility E [U;] of firm i must be (weakly) increasing in its data (holding the data of
all other firms fixed). By Lemma 2 (data-investment complementarity), the upfront investment (g(x., ¢;)) is increasing
in data. Therefore, it follows from (2) that when the price of risk is low, the expected profits of firm i must be increasing

in data i.e. the the following must hold
d e e
%(E [q;p;] —E[dj¢]) >0 (104)
(104) indicates that starting from any level of (§;,§;, &), when a firm i expects to get more data (1), either E [§p;]

goes up or E [§¢;] goes down, or both. Any of these three changes would result in an increase in firm markup M{ .
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Therefore, M{ goes up unambiguously. By Lemma 4, the average product mark-up Mf goes down with data (n4;).

Therefore, the firm-level markup wedge M{ — Mlp increases in data.
O

Proof of Proposition 4a: Wedge between cost-weighted firm markup and average firm markup.
This proof shows that high-data firms produce more on average. Therefore, they have larger impacts on cost-weighted
industry markup, increasing the industry-level markup wedge.

Proof. The cost weight for firm i is

cost __ E [qz/él] o Z{il ]E[qi,l]éi,l
w; S [~, T T S oN —— (105)
B laged o Dl Elggle

We show below that this weight is increasing in data for the firm i. Taking the partial derivative of the weight with
respect to the number of data points n4;, we get

s . 9E[g, - JE[g & OEl]
E)wf"“ B (ZZil E [qll(ck}) (Z] 1 Cl] an‘?{ ]]> [qlcl] <Z =1 Cl] aV[Z‘ + Zk 1 k#i Z] 1 k’] a”qdl ) (106)
Ing; (L7, E [@,&])2
Now, we use that fact that E[gy ;] = I:Ik,j( p}w — ). Differentiating this w.r.t ng;, we obtain
oE [y ] M oA . opY
Z s L) (107)
Bndi (P] Ck’]) andl + kj Bndl

(70) shows that a n < 0. For the model with private shocks and public data, H i i does not depend on the amount of

data for any other firm. Therefore, for k # i, %IZI” = 0. For the model with aggregate shocks and private data, k # i, aalzki’_’

oE [Qk /]

a M
is negligible in comparison to the change in market price 5.~ n . Therefore, in either case, for k # i,
fact in the (106), we obtain

. oE[7, - 5 PG,
i (Cklq E [gre]) (2]N=1 Cij ar[:l,.” —E[g;é;] <Z =1Gij a;[jd,]])

< 0. Using this

= (L E e P w0
o (4]
| EhElga)) (Bhemt)
- (L E [qia])?
where the last inequality follows because we know from (72) that Vj € [1,...,N], BH;}L 2l > 0. We know from (72) that

high-data firms produce more on average and the result above indicates that these flrms have larger impacts on cost-
weighted industry markup than their low-data counterparts. We know from Proposition 2 that the firm-level markup

increases in data if the price of risk p is sufficiently small. Since more data increases both w*' and le for a firm,

it makes the expected product E[wf"StM{ | greater than the unweighted sum M/. This logic holds for fixed costs ¢;.
However, Lemma 3 shows that data reduces the costs firms choose, which increases markups. Thus the cost channel
increases markups even more, for the highly-weighted firms.

O

Proof of Proposition 4b: Sales weighted vs cost-weighted markup

Proof. The result assumes that firms are ex ante identical. Under this assumption, when one firm gets more data,
the wedge between the sales weighted markup and cost weighted markup goes up. Using the expressions for sales
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weighted markup (17) and cost weighted markup (16), we can express the wedge as

M M — ”ZF Blaip]  _ E[&&] | E[q;p]
k=1 ZZ}:l E [qlif’k} Z?:l E [qécak} E [flfcﬁk]
N—— (109)
w;, wy, M{
nr nr
=¥ - M{ = Y- @M
k=1 k=1

where @ = w} — wf, denotes the difference in weights for firm k. It is easy to see that };/F | @ = 0 as ;7 w} =

Yif, wi = 1. Next, we define the average firm markup as Mf = n% Yei M{ . We can now rewrite the wedge as

nf
M — M = Y (M) — M + M)

k=1
nr _ _ nr
= Y oM — M)+ WY,
k=1 El _
5
nr nr
= Y ap(ML — ) = Y @ Ntf (110)
k=1 k=1

where M{ = M]{ — M/. When firms are identical, this wedge is zero as by symmetry, M£ =M = M{ =0
Therefore, it is sufficient to show that if some firm i gets more data, the wedge becomes positive. We prove this by
showing that an increase in 1 makes each term of the summation in (110) positive.

First note that by definition Y7” | M{ = 0. Differentiating this expression with respect to n;;, we obtain
avt/ . amt]

L+ k-0 111
ong; kz’#, ong; (D

orf
From Proposition 2, we know that the firm-markup increases in firm i’s data n4;. Therefore, %ﬁ‘ > 0. Now, note that
starting from all firms being identical, the nr — 1 firms which do not get additional data are still identical to each other.
Using this in the expression above, we obtain for any firm k # i,

Nt/ . vy .
al’ldi (1/11: B ) aﬂdi o
8]\711{ = ! E)M{ <0 112)
aﬂdi o ng — 1 and,- (
By similar calculations for Y} | @y, we obtain that
oty 1 ow;
—_ 11
Bndi ng — 1 ai’ldi ( 3)

As we start the analysis from identical firms where M{ =W, = 0,Vk € {1,...,np}, the above inequalities imply that if

a firm i gets more data, ]\71{ becomes positive and ]\71}]: becomes negative for k # i. For the weight differences, we have
that the change in @y for all the other firms k # i goes in the opposite direction to the change for firm i. To obtain the
required result, it is now sufficient to show that an increase in n;; makes @; positive. To this end, note that

azb,- ows ows

— i i
andl- o andl- aTldi (114)

We can calculate the expressions for each of these terms separately and then combine them. For the first term, we obtain
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from the definition of sales weight
Jwi 9 E [q/pi]
ong;  ong Y- E[q)Pr]

s( 1 OE[gp] 1 }ZBE[q;(,pk,}>

E[qp:] Ons  YwE[d,br
s 1 oE [qsﬁz} _ 1 JE [q:f’z] B 1 JF [512/151«]
a/pi]

= w>
! and,-

= w;

ong; Yo E[d.Prv] Ona Yo E[appr] 2 onai

Using the assumption that all firms are ex-ante identical and all the ny — 1 firms which do not get additional data are
ex-post identical to each other, we obtain

ow? np —1 (OE[§;pi] OE [q;Py] (115)
ong;  n%E [q)px] on g ong;
Similarly for the cost weight, we get
owS np -1 OE [q/¢;] OE [q;&] (116)
ai’ldi chk ai’ldz and,
Combining the results for firm i, we get
— BE E)E
d (wf _ wlc) = — ng 1 q pl [qkpk}
ong; nE | quk ongi ongi
~ np—1 OE [q/e] OE[§;&]
H%E [q;{ak] ong; ong;
OE[qipi] _ OE[q;Px]  OE[q&] _ OE[§;&]
_nr— 1 ng; dang  dng; Ing 117)
n} E [q;pr] E [q;&]

where k is any firm different from i. Next, we use the results derived for markups earlier in the proof to show that the

orf v
RHS of the above expression (117) is positive. From Proposition 2 and (112), we know that %%{ > 0 and %%" < 0.
Therefore,

v an

= >

E)ndi andi
oM/ amf oMl amtf

= ong; B ong; omg; B ong;
— o E[qp)] _ 0 E[qp
Ingi E[qj&] ~ ongi E [a;&]
— 1 OE[qp] E[qp] OE[qE] 1 OE[qp]  E[qip] OF [4;%]
E[§/¢] Ong (E[§/€])>  ony E[d&] ong (E[a&])>  ong
— 1 OE[gp] 1 OE[qp] _ E[qip] 9E[q;E]  E[qpx] OE [q;]
E[qE] dny E[§&]  ong (E[q/&])? onma  (E[qi&])®  ona
. 1 (8]5 [a/pi] 9E [q;{p@) . (aE [qje] OE [~,Qek}> (18)
E [a; ] ong; ong; E ()¢ ong; ong;

where the last inequality follows because we have assumed that the firms are ex-ante identical. In such a setting, the

expected costs and revenues are the same for all the firms a priori (i.e. E [§/¢;] = E [;&] and E [§/p;] = E [§;P«] )
Using the above result (118) in (117) calculated earlier, we conclude that @;, the difference in sales-weight and cost-

weight for firm i, increases with data n,; and for k # i, Wy decreases with ny; (using 113). Therefore, we have shown

that when firm i gets more data, le and @; become positive and for all the remaining firms k # i, Z\A/Ii and @ become
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negative. Rewriting (110) below

nf
M — M= Yy Wi (119)

k=1
we note that each term in the summation is positive which means that M® — M€ is positive. When all firms are identical,
the wedge M° — M® = 0 and when one firm gets more data, the wedge becomes positive. Therefore, an increase in one
firm’s data increases the wedge. O

Proof of Proposition 4c: Sales-weighted vs. industry aggregates markup The reason this corollary
follows directly from Proposition 4b, that the cost-weighted industry markup and the aggregate markup are the same,
in our setting. This is a version of the aggregation results of Edmond, Midrigan, and Xu (2019), extended to our linear
demand system. The proof is just algebraic manipulation:

N Io
E [Zi:‘l qipl:| ZN q1pl %w M — M™ where w¢ = M (120)

M2 = 1 N /
E [Zfi1 qz{Ci] YL E[ge] S Lin E lgjei]

Proof of proposition 5: Cyclical Markups Part a: product markups are increasing in demand variance and
converge to a constant.

Proof. Let 03Iy denote the variance of demand shocks b. According to the definition of H;, we have

N I -1 B -1
H; = (*N +PiVar(15i|Zi)) and Var(p;|Z;) = (Ub e ”m‘)

¢ 1 (121)
. _ S . A Iy -
= Uilgnoo Var(p;|Z;) =1/ny;, H,;:= 0115100 H; = <? + pi/ndi)
The equilibrium price is given by
-1
. M 18 . 1 & .
E [p;] = pM = <IN +-Y Hl») <p +-Y Hl-ci> (122)
= ¢ i3
It clearly converges due to convergent H;, so we have
-1
1 & N o1& .
p: —U%gn E[p;] = (IN"‘ 4);0115an1-) <p+ (Pi;agganicl')
(123)

-1

ng
IN+ Y (In+¢pi/ng)
i=1

p+Y ci(In+ 4’P1’/”di)_l}

i=1

This result implies convergent product-level markup on the attributes as lim,, 0o M" exists. Since equilibrium price on
the goods is a linear combination of weight matrix A and p;, the product-level markup on the goods converges.

—_

— 1 & N (AE[p]);
= Ag; = Ap; (. i td
gi=Aq;, and p;=Ap; =M N np ;]; (e,

converges. (124)

If all the firms have identical sizes (¢; = &), the derivative of equilibrium price for specific attribute j is

aH,]

_ G 5.)1 A A
JE [pl',/'} (c] p]) ? Z,n:Fl 9%y, aHi,]' ngpi/nfli
= Loand U= 5 <0 (125)
o armna) T (mrm)
Since positive production implies lower marginal cost (¢; < p;), the numerator of the derivative is positive. O

Partb: Firm and industry level markups are increasing in demand variance. They asymptote to a linearly increasing
function of demand variance.
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Proof. First, We will show that the trace of the covariance tr[Cov (;, §;)] is always positive.

1 -1
H’. nr . . nr ﬂ' H .
?] ZlH]VaI'(K]S])H] IN + Zl ?] quzl + Val'(KiSl')Hi
= =
e F - . o, R ne ff. ! ji g
—(In+ Y| Aivar(Kis) = - Var(Kis)H; [In+ Y 1| =F
j=1 ¢ ¢ j=1 ¢

ne N

Cov (P, i) = | In+ )
=

(126)

¢

_— H; .
Denote Y the sum of price impacts Y = Iy + E}qi 1 7/ The trace covariance becomes

tr[Cov (B, G;)| =

e . . X X . A .

tr |Y ! ZHjVar(stj)Hijlq)—; + tr [Var(K;s;) H;] — tr {Y*lH,-Var(Kisi)?l} —tr {Var(Kisi)H,-Y*?‘}
j=1

>tr|Y A Var(K;s;) H;Y 'L | +tr [Var(K;s;)H;| — tr |Y ' H,;Var(K;s;)— | — tr | Var(K;s;) H;Y "1 !
i i9i i ¢2 ¢

] ¢

e | sy Hiy-1p SVE] — o Hiypg] iy -1 Hi
=tr |Var(K;s;)H;Y Y "H;| +tr |Var(K;s;)H;| — tr | Var(K;s; Y "H; tr | Var(K;s;)H;Y

¢ ¢ ¢

B H . H_ _H H H_ . H H 71Hi):|
—ptr |Var(K;s;) [y 12y 125 i Hiy i By
4’“{“( S)(qv o 9T T e e g

N 2
=¢tr {Var(Kis,-)IJl (Y—lE - IN) >0

¢

(127)
Ay 2

We denote z; = % and Z; = Var(K;s;) = % and consider diagonal shock and signal variance. x;, Y and Z; are

diagonal under our assumption. The covariance matrix is simplified as

ng
Cov (p;,Gi) =¢ |Y ! Z a:iZ]'w,'Yflsc,‘ + Zix; — Y \wZix; — ZiwY \w; (128)

j=1
The covariance matrix is also diagonal and denote the k! diagonal Cov; k. Subscript k refers to the kth diagonal value.
Cov;y = Cov (pix, Gix)

ng
-1 -1 -1 -1
=0 |V Y ®ikZijwif Y, i+ Ziwig — Y, wip Zipi g — Zigwi Yy @i
e R
=

(129)
Tk ZE 2 2
=932 Y. @ Zik+ Zig (xif — Vi)
k| j£ij=1
The limiting behavioral for all variables are
; -1
Jim i = (1+¢pi/nai)
lim Y =1+ i 1Y (14 gpi/ng)
im =1+ im xz; =1+ + do: /1
0 —>00 k ]; o Tjk ]; ( fPP] dz) (130)
Tk
lim @ = lim Otk _ 1
p—00 0y, =00 Oy
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The ratio of covariance to shock variance converges as

-2 -1\ 2
o, PHOR ) [Z}@Z,-,il (1+9p;/nai) (1 + X0 (14 90i/mai) ) }
lim “OVik _ (131)

o0 O

(1 +X5 (1 + (PPj/”di) 1)2

we have
pi] _ E[g]'E[p] + tr [Cov(p;, G;)]
i E|[q/c;]

C;
N (E(Bi)) — ¢ ))E(Bi ) H;j + Zszl Cov;
LN (E(Biy) — cij)eiiHij

We assume the diagonal values of shock variance are the same, so the asymptote of M{ is

mf = Eld

=l =
4P
1 [ Z/

(132)

Cov;,
oM T limy, e 2
;= lim —% = >0

@ 0y YN (B - cij)eiiHij
N (5. _
. Mf o _ Z]‘:1 (p] Cz]) ij T COV,]
V= G M T %) = N A
b Y (B) — cij)eiiHi

(133)

where the difference C’(\):/l- is defined as

— . . COV,' k
Cov; = hgn Cov; ) — hin - = ) oy
0p—00 4 0p—00 b

-2 -1\ 2
¢ (1+¢pi/ng) ! [z};@i,ﬂ (1+0i/nai) ~ng (1+z"a,ﬁ(1+¢p]/nd1) >/ndi] (134)

(1 +oyn (14 ¢pj/ndi)1)2

The average firm-level markup Mf (1/nf) ):l 1 Mf approaches ):l 1 e Loy, + Zl 1 n in the long run. The economy-
level markup is M™ = }'F, wHi M{ with wHi = Z,&%’f’]} The weight wHi converges to w; as shock variance goes to
infinity, implying an asymptote of economy-level markup.
ZN pi—ciic ﬁ’ nr ne
w; = lim wHi = =1 P ~ i) NV approaches ) w;a;o, + ) | w;y; (135)
Tp—r00 i T (B — eij)eijHj i=1 i=1
Finally, the derivative of each component of covariance is
0T 2 2 @i (1 — i)
— = —¢p;x; ; I /A5 S
a(Tb ¢p1wz,k (ndng + N) ‘Tb(gb”di + IN)
Y f omjp Z — k)
e = 3% Ub ”dz‘Tb +IN)
9Zij _ op(ngiop + 2IN) _ Zij(ngiop +2In)
a0y (ngiop + In)? Zox (maiop + In)
Lik
ayk2 _omy [ 2 {F wic(l—mjn)  (1—zy) (136)
W0y Y | Ve 5 naoy+In o a0y +In
BZ 1T kZ g mZij,k
#wa—f _ m [ndicrb +2Iy —2(1— m]-,k)]
Tp i#ij=1 "di% T IN)%
2 2
Zij (ik —Yi)” _ Zig (®ix — Yi)” (ngiop +21Iy) Zik & 1
’ z = L b —2(Y, — x; . (1 —ax; oy I
0, (217 + 2In) 7% (Vi — i) 3 j#;j::l xj (1 — k) (ngiop + In)
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So the derivative of covariance Cov;  could be decomposed into two parts

— = p Gy + G (137)

where

2 1gi0y + (1 + i) zip & mip(l—mig)

Gy = Zix (zi — V) =27 (Y — k)

Nngi0p +1 Yi f7 Maicp+1
nai%h + ik <h o 2 Ewp(l-mi) &,
Gr= o1 Tkt b T T @5 ik 138
i + 1 faég’:l e Yk;; o +1 jaég‘:l W (138)
nr ) 1 )
+ @ 7 —— [1—2(1—m-k]
J'#;:l P ngioy +1 )

We can prove that G is always positive

20+ (1+ @) i & zik(l—zik)

G1 >0 Zj (i — Yy >2Zik (Y —x;
12 ik ( ik k) P B ik ( k 1,k) Y, iy 1 (139)
Since Yy > 1+ x;; and 0 < x;; <1, we have
Zp (g — ¥ T L) S oy g2
ik ik k n3i0p + 1 = Lik k ik
2m’k nr
> Zip (Ye—mip) 5= [ 1+ L @k (140)
jFL=1
2 P xip(l—=x;
> Zige (Vi — i) Lk({ T ]1'k)
k j#ij=1 ngi0p
As for the G, large shock variance (0, > 1/1ny;, Vj) guarantees its positivity since
i 1
op > 1/ng = Rdi% >
ngi0p +1 7 ngiop + 1y
ngi%h + ik L o "2 1
= b T ik 2 7 > a7 ——
n4i0p + 1 #g‘:l kT j#;j::l IR oy +1 (141)
=G, > ﬁ 27—t [2—2(1—m- )] >0
i1 KT i, +1 )=

So the derivative of covariance Cov;  is positive when shock variance is large enough.
This proof held marginal costs ¢ fixed. If we assume the marginal cost of adjusting c is sufficiently high, by conti-
nuity, the inequality will still hold. O

Cyclical Markups with Efficient Investment : The trade-off between the risk premium and motivation effect still
exists here. When the variances of shocks increase, the firm has a tendency to charge a higher price in order to compen-
sate for the increasing risk. On the other hand, they will become less willing to invest, which leads to higher production
costs and thus drive markups down. Depending on the parameters, aggregated markups can increase or decrease in
booms.

B.1. Welfare

In this section, we prove the welfare results.

Proof of Proposition ??: Welfare We prove this result separately for both the models. We first look at the
model with private shocks and public data. Welfare with Private shocks and public data

Consumer surplus is the area under the demand curve that lies above the equilibrium price. Since there are N
attributes, we sum up the surplus from each attribute. In (3), we showed that the demand curve is a linear function,
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ﬁjw =p— % Y_i g;. Consumer surplus is the triangle under this demand curve, that lies above the equilibrium price.
In the private shocks model, firm i gets price f;; = ;7;‘4 + b; =. For the firm i, product j, the height of this triangle
isp—(p—1/¢Lkqrj+bi) = %Zk gk + b;j. The width of this triangle is 4; ;. So, the area of this triangle is 1/2 its
base times the height: %Fqﬂj(é Yk Gk,j + bij)- The total consumer surplus is the sum of this expression over all firms i.e.:
I Z]]](% Yok, Gk + bij)- We take the expectation of this product as the measure of expected consumer surplus.

ECS=E (142)

l—. 1.
5 2415 Yk + bij)
A A

= % %]E[(Zqi,j)z] + Z]E[ﬁi,jbi,j]] (143)

We separately calculate both the terms on RHS and then put them together. From, (42),
ng
Z%] ZHU (P] + Kjjsij— Zfii,j - 5i,j> (144)
¢ i
For symmetric firms, this becomes
- L 1 ~
Y dij = negi(p; —¢j) — ”nga Y Gk + 6K Y siy (145)
i i i

where gj A, i

¢ = G;j, Kj = K;j for all firms i by symmetry. Rearranging to isolate total output yields

-1
Y 4= (1 + n%}) (nFCj(ﬁj —G)+ CjKjZSi,j> (146)

Next, we square both sides and take expectations. Note that E[s; ;| = 0, E[(s; ]) | = V[s; |, and independence of shocks
and noise across firms implies that Vi # k, E[s; ;s ]] = 0. Therefore,

E(4,) 1—(1+ ff) <n%§f<ﬁ,-— PGV ,]1)

- (1428 (305 07+ i)

(147)

where V; denotes V|s; ] for all i.
For the second term in (143), note that multiplying the equation (39) with the firm specific price shock b;, we get

. nEp
bl’,j%’j - H ((p )bZ] +K; ]51] ij Z > (148)

Note that s; ; = b; ; + €;; and E[e; j| = E[b; ;] = Ele; ;b; j] = 0 and they are uncorrelated and have mean 0. Therefore,

ng
bij ). 57k,j:| ) (149)
k=1

E[b; ;] = H;; (Ki,jIE[bfj} -—E

The variance of b; ; is assumed to be 1. Therefore, ]E[b ] = 1. For the second, we multiply both sides of (146) by b; ; to
obtain

-1
bij Y ki = (1+nleF]) (npéj( ¢)bij + CiK; 1]25k1>
%

(150)
= z]qu, :(1+ ;f]) (¢iKElb3)) = (1+ ‘;f]) giK;
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Therefore,
Ebidi;] = ¢ | Kj— — (1 + Fg]) ZiK;
’ ¢ ¢
7l Fé]
= ) E[bidi] = nelK (11— = (1+ g].
i ¢ ¢
Plugging back these expressions in (143), we obtain

- (5 i) o300 5) o

Welfare is consumer surplus (143) plus the sum of all firms’ profits (78). From (79), we have

(151)

H!
E[U;) = = E[(3:)%) - 8(xe &) (153)

Since the result considers a case with symmetric firms, we can use the expressions for the symmetric model. Using,
(48) with symmetry of firms, we get

7?K; N
Gij = G} = &) + (Kjsij — ]7] (1 + "F—C]) Y sk, (154)

Therefore,

E[7:j] = 5;(pM - ¢)

7AK? N\ 2
EIR) = G0} - 6 + GBI + L (1475 LEL -+
€3K2
27 (1 - n’f’ ) E[s7)] (155)
42 . 2
=N ) + KV + gjqbz] (anTF]) ngVi+

3K2 nel; -1
27 T (1 g) \7
o "9 ) Y

Also, H 1 H Ty % So, for symmetrical firms, we have Hfjl = @% + % for all i. Also, in the private shocks model,

K; = 1o +nd' and V] =1+ n% Therefore, K;V; = 1. Combining these expressions, we have the total profits of all firms for
attribute j as

ZE 1]]* (é Yo (Y - )+
np€2 o & negj g nrg; (156)
(g +¢ )( 4>2(1+ ¢) np+2$(1+ 4)> )
- anj(XC/ E])

The next step is to differentiate each of these terms with respect to 14, to show that welfare increases in the number
of data points. We differentiate each term in the firms’ profit function, holding the marginal cost of the firm ¢; fixed.
Then, we come back at the end to include the marginal effect of data on firms” marginal cost choices as well. First, note
that

agj/a}’ld = BHi,j/and,- >0

Then, consider the first term of consumer surplus and the first term of firms” profits jointly. These terms include the
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surplus that is shifted from firms to consumers when equilibrium prices change.

N 2 4t
ECS1+ EITl = % (1 + n%’) npl; + nFCJZ% (Bj — &)

ne 2, TE5) i 5. 52
2¢ <§j <P) " 2 (1 <P) Pi =)

The squared difference between p and ¢ is always positive, as is ¢. It is easy to see that both the terms inside the brackets
are strictly increasing in { i Therefore, ECS1 + EII1 is strictly increasing in data. Thus, this part of welfare is increasing
in{ j- Since ¢ i /ong > 0, they are increasing in 1, as well, holding the cost, ¢;, fixed, for the moment.

Next, we show that the second term in (156) is increasing in data. We can rewrite the second term as

(157)

ez — "ok (1+9) 14+ 2 (158)
2 ¢ (;JF”F)Z (gj +nE)

First note that both {; and K; are increasing in data. Therefore, the terms np(;K; and 1 + {;/¢ are increasing in data.
Also, out of the remaining three terms, the first one is constant and both the second and the third term have { j in the
denominator of their denominator. Therefore, these terms are also increasing in data which makes the whole expression
strictly increasing in data. The last term in the firm’s payoff function is the fixed cost of investment. Holding marginal
cost ¢; constant, this term is not affected by change in data.

Finally, consider the remaining terms of consumer surplus. The 2nd term is given by

1 A

n FK j
e)
g ¢
where we have used the fact that for the private shocks model K;V; = 1. Now, it is easy to see that the above expression

is increasing in {; and hence in data.
The third term is given by

1 1 neg\ !
ECS3 = 2negiK; <1 - (1 + %) Q)

+ (np —1)g;
:lnFKj ¢ (,(, F )gj
2 Z_+VZF

The numerator is clearly increasing in data as K; and (; are increasing in data. By similar reasoning, the denominator is
decreasing in data. Therefore, ECS3 is increasing in data.

The last step of the proof relaxes the assumption that marginal costs ¢; stay fixed. ¢; enters through the first term
in both firm profits and consumer surplus that we combined as ECS1 + EII1 in (157). Note that firms will not produce
anything on average if p — ¢ < 0. So we can restrict attention to cases where that difference is non-negative. Thus, the
squared difference is decreasing in &j. Furthermore, all the coefficients multiplying the term are positive. Thus, this term
in decreasing in the marginal cost of production ¢;. Lemma 2 proves data - investment complementarity: dc/dn; < 0.

The final term in the firm’s payoff function g;(x, ¢;) which represents the fixed cost of investment is decreasing in
marginal cost &;. This term enters the payoff function with a negative sign.

Thus, more symmetric data for firms increases welfare, both by raising welfare for a given amount of investment,
and by inducing firms to choose lower marginal costs.

Welfare with aggregate shocks and private data:

Similar to the rest of the analysis, we can consider the welfare separately for attribute j. In this model, all the firms get
the same price for a particular attribute. We will first obtain the expression for expected value of consumer surplus and
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then show that it is increasing in data.

So,
1 o
E[CS)] = 55F (Zq,-,]) -5 LE [ty

Using the results from Lemma 1, we have 7; ; = Hi,]-(ﬁfw — i+ Kijsij) = Hi/j(ﬁfw —¢;j+K; j(bj +¢;j)) Looking at each
of the terms separately. The second term in the expected consumer surplus contains

E[bjd;j] = H;;K;;E[b?] = H; K;;

Therefore, E[b}; §; ;] = n FI:IL]-KI-J. The first term of expected consumer surplus contains the following term
N 2
]E[(Zqi,j)z} =E [ZHi,j(p] Cl] +2 1] (b +£1])} :|
1 1

2
(2 "w) o [Z.Hf'forf(b/“ffﬂr
[Z Mg ]]E[Zlfli,]-Ki/j(bj—i-ei/j)}

1 1

+ (159)

0

where the last equality uses the fact that b; and ¢; ; are mean zero variables. As we are considering symmetric firms, all
firms have the same values for sensitivity Hi,j and costs ¢; ;. Using this fact and the expressions from Lemma 1, we get

ngéj, H,
VR b
i ij = o ij
1+ e
= npc,]H,] a n;c,]Hi]
_ Pt Cij ¥
14 2l
_ Pi—Gj
anw'
1+ ?
Therefore,
2
. 2 pi— G
-M ~ 2 ] L]
[ZHi,j(P' - Ci,j)} - ”FH —
n ] nFHI]
i 1+ T

The second term in (159) evaluates to:

& 2 2 2
[ZHi,jKi,j(bj"'Sz] } :| ZHI]KI] b +]E + Z Hz]Kz]Hk]Kk] [(bj_"gi,j)(bj'i'gk,j)})
i
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Using symmetry and the fact that the noise ¢, ; is independent across firms, we obtain

2 1
[Z Kb +¢3)] ] = np ALK (14 —) + (nf — np) B K
ng,

2 12 2 12
= nFHz]Kz] + ”FH,sz,] n

Putting everything together, we can rewrite the expected consumer surplus as

2
_ 1o [ PGy 2 22 1 1 A
]E[CS]] = E nFHi/]- H_THz + nFHz]Kz] + nFHl]Kz,]f — EnFHi,jKi,j
¢
2
L oo [ PG 1 2 22 1 1 5
= ﬂnlgHiJ HTH” + E FHJJKI] + TlpH,]Kl/] 24) — EnPHi,jKi,j (160)
[

T
T

Next, we show that when all firms have more data, the consumer surplus is higher by analyzing the effect of number
of data points n;, on T; and T, separately. The first term of the expression above can be written as

2
1 pj —Gij
Ty=—nt | —— 161
1 2¢ﬂp L+ ”FHx,j ( )
¢

H,'r]‘

We show in Lemma 5, I—AIZ»,]- is increasing in data and based on Lemma 3, Gij decreases in I:Ii,]- and thus, by chain rule,
decreases in data. Therefore, as number of data points n;, increases, I:Iz-/j goes up making the denominator smaller and
numerator larger (by reducing ¢; ;). Therefore, Ty increases in data.

Denoting w = H; iKi j temporarily for ease of notation, and taking the derivative of T, in (160), we obtain

2

aT 3 ng, 2wr —w p)
E)ndl, Z(P andi ndi 2 ai’ldx.
2 2
:%(2@+7w_1);i_% (162)
¢ Png ng,  ng

To see how w varies with the number of data points 1, we use the expression for K; ; obtained in the proof of Lemma
5 below

w:I-AI,-,]-Ki,j
= Hi’j
1+,,idi(1+3;'f)+ 1%
1
ARG

It is clear from the expression above that the denominator of w decreases in 1, and H; ; j» By Lemma 5, a; ;j increases in
data. Therefore, we have that > 0. Further, we know that H; j is bounded above by ¢ and approaches this value as

ng, approaches co. Therefore,

Iim w = ¢
ng;—00 I’lp+1

For large np and large n4,, the term - is very close to 0. Now, to show g L >0, the only thing we need to prove is that

dz
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the coefficient of aaT‘t,]. in (162) is positive. This is equivalent to showing that

w 1

2—(np+—)>1
47( ”d,-)
— ZHi’jKi’j(np—i——) >1
¢ ng,
- .
— 2 (e —) > 1
n
d;
1 1 R .
= 2~ (np+ —) >4’<1+*(1+Hi,j/¢)+Hi,j”F/4’>
¢ n4, ng

Solving this further leads to the following inequality

1 N
np>1+ (1+n—> (¢Hi,—],1_1)

d;

Using the definition of H; ;, this reduces to

ijr

1
ng > 1+ ¢ (1 + a) Vip;|Z;]

Vsi,]

We show in the proof of Lemma 5 that V[p;|Z;] < 1. Therefore, a sufficient condition for the above inequality to hold is
the following
1

ng > 1+ ;¢ (1—&—”—) (163)
The above inequality holds for small values of risk aversion p;, large number of firms np, and large number of data
points n;,. When this inequality holds, data increases the term T, in the expression for expected consumer surplus
(160). To summarize, we have shown that higher data leads to higher consumer surplus when the number of firms is
large, the price of risk is low, or firms have sufficient data to begin with. [J

Lemma 5. In the model with aggregate shocks, private data, and symmetric firms, the sensitivity term defined as Hl-,j = (% +0iVip; |Il-])
increases with data when the number of firms is sufficiently large, the price of risk sufficiently low and the number of data points is

sufficiently large. The precise mathematical sufficient condition is given as np > % <1 + %)

Proof. From Lemma 1, ﬁi,j satisfies the following equation in equilibrium:

F 4 )

. 1 & ( it nz) 1
2 2 2
Hij=\pi |+ b= |+
di i=1 1+ e, ¢

-1

Next, we use symmetry to note that all firms have the same amount of data and hence the same values for I:Ii,j and ; ;.
So, we can drop the subscript i. Also, as we are analyzing only one attribute at a time, we can drop the subscript ;.
For the rest of this proof, we use { to denote I:Ii/]- and 7, to denote the number of data points that any firm has. Next,
we substitute the terms F; and /1; ; with expressions from Lemma 1 to obtain the following equilibrium condition which
pins down { implicitly in terms of 7.

Ppg [((”d + 1)+ ) + ngnpl® — ng¢®(1+ nd)} — (¢ =) (p(1+ng) +{ + gngnp)* =0

G(grnd)
By implicit function theorem,
9G(¢,na)
9 _ o (164)
and aG((rrnd)
¢

To prove that % > (, it is sufficient to show that under the conditions outlined in the statement of the lemma, acg%nd) >
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0and %ﬂ’:") < 0. We prove these separately below.
We first write G({, ny) as a cubic polynomial i(; ny) in ¢ for a given value of ny

h(g;ng) = ("%”ﬁ +npngpp +2npng + ¢p + 1) ¢ o+
(kg +2npndg +2na¢%0 + 29 + 2070 + 9) 2 +
(—2npni? = 2npnag? + n3g? + nag®p + 9% — %) ¢

n3g® — 2n¢° — ¢°

(165)

pp=1

ng
that root, the derivative must be positive. We do this by proving the following three facts about the cubic polynomial
h({;ny) and by then using the fact that any cubic polynomial which satisfies the following three properties must have
exactly one positive root and the slope at that root must be positive (see Figure 5 below for the intuition)

Next, we show that under the condition ng > % (l + ), this cubic polynomial has exactly one positive root and at

1. h(Z;ny) has a positive leading coefficient
2. h(;ng) <0at =0

3. ) < gatg =0

h(g:ng)

Figure 5: Cubic Polynomial i({;n,) with a positive leading coefficient, negative y-intercept and
negative slope while crossing the y-axis

The first property is the easiest to see as all the parameters (ng, 1y, p, ) are positive. The second property following
by evaluating the polynomial at = 0 which gives

h(0;ng) = —¢(ng +1)2 <0
To prove the third property, we evaluate the derivative at { = 0 at see that we obtain

ah(g;énd) ‘g—o — 2npn2? — 2npnad? + 297+ ngd®p + ¢ — 2
= 97 (~2npng(ng +1) + (3 = 1) + pp(na +1) )

1 -1
— ~2nag?(n 1) (g~ - P41

Now, it’s easy to see that if np > % (1 + 2 ﬁ?l ), the expression above is negative.

Therefore, we have shown that the cubic polynomial satisfies the three properties above. As a cubic polynomial
with a leading positive coefficient has a negative slope only in the interval between it’s two fixed points (FP1 and FP2 in
Figure 5), it must be that one fixed point is negative (FP1 in the example shown) and the second fixed point is positive
(FP2 in the example shown). Therefore, for values of > 0, the polynomial #({; n;) changes the sign of its slope exactly
once at some value {¢ > 0 (which corresponds to FP2 in the example figure shown). Further, as the polynomial takes a
negative value at 0, it cannot have a root between { = 0 and { = (. For { > (, the function is monotonically increasing
and will have exactly one positive root (shown as Z3 in Figure 5). As the functions is monotonically increasing after the

oh(Zna)

second fixed point (FP2), the slope of the polynomial is positive for all { > (¢. Therefore, T > 0.
=60
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Before moving to the second part of the proof where show that %ﬁ’dn") < 0, it would be helpful to establish the

upper and lower bound of {. Specifically, we show that { is bounded below by % and above by ¢. The upper bound
for  is established by noting that by definition { = (% +0iVIp; |Z;])~L. As the variance term (V[p;|Zi]) is always non-
negative , ¢ is bounded above ¢ with equality holding as the variance term goes to zero. For the lower bound, we show
that h(ﬁ ;ng) < 0 with equality holding if and only if n; = 0. Evaluating the polynomial h({;n,) at { = ﬁ, we
obtain (with some algebra)

3
h (ﬁﬂu) = —¢*pny (1 fP‘P) [(np+¢p+1)°ng +

2npdp + 3np + ¢Pp* + 2¢p + 1]
<0

The above expression also shows that this minimum value is attained when n; = 0. Therefore, we have established that
for all values of ny € (0,00),{ € (ﬁ, ¢> . The lower bound for  also establishes an upper bound for V([p;|Z;] as

¢
>
©2 1y rP
1 -1 ¢
<~ — Vip:|Z: >
<¢+pz [pil 1]) T+ pp
— 1+ p¢ > 1+ p¢pV|p;|Zi]
Now, to show that 9G(ena) < 0, we rewrite G({,n4) as a quadratic polynomial in 1, as follows:
Bnd q p y

fg;0) = — (9 —0) (npl +¢)*n3 +

(—2nr92C + np@pl® + 2058 + %07 — 2% + 20200 + 28 g +
b

(@+0)* (¢ppl — ¢ +0)

:zmé—i—bnd—i—c

As % < { < ¢, we have that a < 0 and ¢ > 0. Therefore, the quadratic expression above has exactly one positive

root'0. Further, as the leading coefficient is negative, the derivative M < 0 at the larger root (see fig below). This

ng
completes the proof.

=0 1 2

Figure 6: Quadratic Polynomial f(n4; ) with a negative leading coefficient, one positive and one
negative root

10Product of roots equals c/a
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C. Auxiliary Results

C.1. Aggregate Shock Model: Auxiliary Lemmas

This section contains proofs of lemmas that are used in the proofs of propositions and additional welfare analysis. First,
we derive the price in terms of parameters. The solution is still an implicit solution to a system of equations. Then, we
derive conditions under which the H terms, which represent the sensitivity of quantity to a chance in expected price,
increase/decrease in data. Finally, we consumer surplus welfare when firms are asymmetric.

Because the production problem is additively separable in attributes, without loss of generality, we focus on the
single-attribute problem. The results the generalize to the the multi-attribute case because they hold for each one of the
attributes.

Lemma 6. In the equilibrium, each firm i’s quantity is linear in their signal, that is to say, q; = k;s; + pM. And k; and pM are
solutions of the following set of equations.

ki = .
Litikivog 1 1 2
pi[(li ]j’ /)zndi+1+ﬁz]n;lk] "d+1]+1/('b
and | o u
M *@Z}iﬂji —C
pi - Z”F k

pil(1— /Z’ )n,,+1+¢2 YiLi 1n,,+1i+1/¢

Consider the denominator. The term o Z ] i +1 represents strategic uncertainty. This is the uncertainty about
the price that comes from not knowing what competitors will do. The first term in brackets represents the way in which

Il k
other firms’ choices reduce uncertainty: (1 — ):”(;’ )21

ESE Other firms’ responses to their data (if k; > 0 VI) reduce
the squared term, which is a component of price variance. The idea is that if every firm’s quantity choice is positively
correlated with their signal, when you receive a positive shock signal, you know the prices will increase, but you also
know that other firms are likely to receive positive shock signals so that they will produce more. Others producing more

reduces the price and offsets some of the price increase, which reduces price variance.

Proof. Taking the variance of the pricing rulep = p — ):l 1 @i + b yields

Var [p|Z;] = Var Zq] b|s;
¢ iz

= Var |E Zq]\b —b|s;| +E | Var Zq]|b |s;
¢ iz ¢ iz

Recall the first order condition q; = (p;Var [p|Z;] +1/ 4))71 (E[p|Zi] — ¢;). Because our random variables are normal
and functions are linear in those random variables, E [p|s;] should be linear in s;, and Var [p|s;] should not change with
respect to the realization of s;. Thus, we can represent equilibrium production as g; = k;s; + p;”.

Note conditional on s;, b is distributed as N(-s;, Thus, we have

ngi+1 Ngi +1 )

1
E[p[s;] = E ﬁ—azqz'-ibisi

i=1
1 E M
p— &Z(kisi‘i‘Pi ) +bls;
P TR B < PN O S
_er”di‘i‘ls’ (P(Zkl)sl ¢ sz‘

j=1 j=1
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1 &
Var |E Zq]|b —bls;| = Var |E | =) (k;s;+4a;)|[b| —Dbls;
= ¢ 7
1 &
= Var | — Z(k]b + ll]) —bls;
¢ iz
P L
¢ ngi +1
Var Zq]\b |si| =E |Var Zq]|b |s;
¢ iz L ¢ i
1 &
=E|—5 ) Var|glb|]s;
2 ] !
vz ¥
1 nr
=Elp Z
j#i
_ 1l 1
4)2 iZi ] ngj + 1
Thus, we have for any i
= ; 1 1
s 1 pM = Pt s — 5 (T ki)si — g Ty
90 i = iF .
ik
pi[(l B ]Z l)zﬂdilJrl T #27;51 k]2”d +1] +1/¢
If we match coefficients, we have
ki = n;ii'l B $<Z”F ki)
i — i
Y ,'k'
pil(1= =5 + 2 T kand Tl +1/¢
and L M
M - Zjil pi —
pi = S R .
pi[(lf ](pl ) Vldz+1+ Z;élk] ”d+1}+1/¢
O
Lemma 7. Data reduces price uncertainty: Suppose p1,pa are sufficiently small, and ngy is sufficiently large, then Var [p|Z]
decreases as ngy increases. Furthermore, if pq >> pa, then avar[p 4] s avar,[lfl 2],
Proof. Let
Fulks e mar) = pr1(1 = (n = ko P+ = DG ] +1/9,
1\K1, K2, Mgy £1 ¢ F 2 na+1 . ¢2 Ty +
then we have
o _,
okq
ofy 1 2mp—1%, 2(np—1) 1 1
I - —2(np—1
ok, pl[ndl +1( (PZ ¢ + gy + 1 (Pz (}’IF )kz}
of1 1 2 1
I - (1= (= D) 166
ET p1( ¢( F—1kz) (i 112 (166)
Let
1, » 1 1 1 )

fa(ki, ko, ngr) = p2[(1 — %(”F —2)ky — —kq)

2
P W—F?[(”F_Z)kzn

k 1/0,
d2+1+ 1”d1+1“+ /¢
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then we have

) 1 2.1 1 1
%: 2[nd2+1$[¢k1+¢( np = 1ka =1 + +1¢22k1]
Afs 1 2mnp—2),1 1 1 1
22 = S (g —2)ky — 14 —k — [ (np —2)2k
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First when p; = 0, p2 =~ 0, we have

1
agl ~ (ndl +1)2

g 1/¢
agz ~
Bndl
9 9!
by by —ng ng — 1
- [3@ 3%} ~ —[2np — (np —1)] { 1 5 }
okq dky
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g (ng +1)2/¢
Oky g —(nr—1)]
ang (g1 +1)2/¢

66



dfi _0f ok, Of k| Of
dndl akl al’ldl akz al’ldl Bndl

1 1 2(np—1)%, 1
= - —2(np—1))+ =2(np — Dky][2np — (np —1
P g + 12 g 1 ¢ (rp = 1)) np+1¢ (np = Dka]f2np = (np = 1)]
1
— (1= —(np = 1)k2)?]
¢
Note as 141 increases, because we let p; ~ 0, p» = 0, k1 /¢ and ky /¢ should converge to some constant. Thus, as long as

dfi

ngy is sufficiently large, Zn,; 1s negative, which implies Var [p|Z1] decreases as n,; increases.

dfs _0f Ok 9f2 k2 3f2
dl’ldl Bk1 a?’ldl akz andl ai’ldl

_ pZ[nd22+ : [;} - ;(HF 1]+ nd11+ 1 %2k1] [ZHF(;d(lnj- ;);)}np

~pali 20 = D[ (e - Dk~ 14 k)] + L e - 2020 22 )

- pz%k% (4 1 1)2
If p is small, all terms go to zero, except for ;- +1 [;)( 2)2k;]] 2"27_?1)1) in (166), a similar positive expression is
multiplied by p; to get df L. Aslong as py is sufficiently high, then df L > ;ﬁl O

C.2. Asymmetric Welfare Results

The paper explored what happens when all firms have more data. But a key concern for market competition is the
possibility that firms have highly unequal stocks of data. In this case, an increase in data can reduce welfare.

To demonstrate this possibility, we consider an example with two firms. We fix the total number of data points
and add data to one firm as we subtract it from second firm. Figure 7 highlights how the economy is affected by data
dispersion.

Welfare with Asymmetric Firms Consider the model with firm-specific shocks and public data, where firms
have different numbers of data points available about them. np — 1 firms in total, have 1, data points, while one firm
has asymmetric data, with 1, data points.

In this asymmetric case, the supply sensitivity terms H; and H; take the same form as in (??) and (2?). But they differ
across firms. Define the firm-specific and the aggregate sensitivity of supply to changes in expected profit as:

1+ny 1
o _ 1 1 167
Ci T4 g+ pig G0 = (np=1)01+ ) (167)
Then, ¥; H; = nr{s¢. That allows us to express the expected market price as
P = T P (e - DaE + ) (168)
a

Then using (42), we can expected express aggregate output as
H;M—1+H€Mu o) (169)

Using the same substitutions, we can use (42) to express the variance of output and the covariance of output with
the aggregate demand shocks }_; b; as

1 ¢ z Ngi 2
V[ZZ%] = (Hana) ;ndi+1gi' (170)

4G
Coqu,,Zb] (1+nF€a)lZ-ndi+l' (171)
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A. Expected welfare

B. Expected welfare
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Figure 7: Data asymmetry and welfare with dominant risk channel (left) or investment channel
(right).

Notes: This comparative static exercise is constructed over a single-good duopoly example. The investment cost func-

tion is assumed as g(xc, ¢;) = xc (¢ — Ci)2 /2. On the left, x. = 10. On the right, x. = 1. Other parameters are common
tobothplots:c=3,p=5¢=1,0, =1, yp = 0,0, = 2, and p; = p» = 1. See Appendix B. for the computation of
welfare.

Then, consumer surplus is

= ¢ 22 m e (o e Ngi .2 2¢ 4G
ECS?(W) <4> falpe) (p_0)+zi;7%ii+1éi>+(1+nFCa)Zi;ndi+1 (172)

D. Related Models: Product Innovation and Price Competition

D.1. Choosing A Location in Product Space

In the previous problem, we introduced the idea of product attributes so that a piece of data might be informative about
the demand of multiple products. But we held the attributes of each product fixed. In reality, firms can choose the
type of product to produce. They choose attributes. We show that the insights of the previous analysis carry over, with
one small change. Data will allow a firm to choose a product that has higher-markup attributes. This makes product
markups more like firm markups in the original model.

Each firm produces a single product, or bundle of products, with attributes chosen by the firm. Then the firm
chooses how many units of the product or product bundle to produce. Formally, firmi € {1,2,...,nr} choosesann x 1
vector a; that describes their location in the product space, such that Yjaj =1 As before, The jth entry of vector a;
describes how much of attribte i firm i’s good contains.

The rest of the model assumptions, including consumer demand and the nature of data are the same as before.
Thus, the firm’s production problem is

maxa,q,E [gia; (p — ¢;) |Ti] — %Vﬁr [gia; (P — ¢i) |Ti] — g(xe ci), (173)

s.t. Y ia;;=1.
]
Just like the previous problem, prior to observing any of their data, each firm also chooses their cost vector c;. Since
the data realizations are unknown in this ex-ante invetment stage, the objective is the unconditional expectation of the
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utility in 2

maxeE | E g0} (p — ;) [Zi] — 5Var [g,a] (b — ) IZ)]| — g(xe ). (174)

SOLUTION  Firm i’s optimal production from the first order condition looks identical to the one before, except that
now it is the the product of quantity and attributes that achieves this solution.

OE [ pi|7;]

qia; = | p;Var [p;|Z;] + oa;

(E[pi|Zi] — c;) (175)

This tells us that the solution to the problem is exactly the same. In the previous problem, a firm choice produce any
quantity of attributes it wanted with the right mix of products. In this problem, the firm can also choose any quantity
of attributes it likes with the right quantity and product location.

The only thing that changes in this formulation of the problem is the interpretation of what constitutes a product. In
the previous problem, a product had a fixed set of attributes. In this problem, a product is a fraction of the total output
of the firm. Therefore the product markup here is more like what the firm markup was before. In other words, data
affects the composition of a product now. Firms with data choose to produce products with higher-value attributes.
This is a force that can make markups flat or increasing in data.

Proposition 6. When firms choose attributes, product markups will increase in data, for a low enough risk aversion p;.

Proof. Comparing first-order condition (175) with original optimal choice (27), we could solve this extension model by
substituting §; in (27) with g;a; and further extend existing propositions for q; and a; by one-to-one mapping

N di
6]1‘ = 2 ljl',]' and a; = =N <~ (176)
j=1 Lj=14i,

Since firms optimize their choices in product space, the product markup is then the weighted average of attributes
markups
Ela/p]  Elgaip] E[gp] !
Elaie]  Elgiaie] E[gé] :
This tells us that the product markups is equivalent to the firm-level markup of the original model. We already know
that data boost firm-level markup with small risk aversion p; (Proposition 2), thus the product markup will increase in
data for a low enough risk aversion p;.

This proof held marginal costs ¢ fixed, which corresponds to infinitely high marginal cost of adjusting c: x. — co.
If we assume . is sufficiently high, by continuity, the inequality will still hold.

P._
M 177)

O

This result shows why this extension is helpful for the model to match data showing flat or increasing product
markups. The fact that markups had to be declining in the previous model was an artifact of the assumption that
product characteristics are fixed. While that simplified the model and allowed us to focus on explaining the many other
forces at play, the richer model paints a more realistic and data-consistent picture of how data, competition and markups
interact.

D.2. Bertrand Competition

Many studies of markup competition use Bertrand, instead of Cournot competition. Therefore, we examine the three
main effects in a Bertrand market. We find that the main results about covariance that generate the aggregation effects
are similar. Cost choice is similar. But the risk effect can switch signs. Since the risk channel works against our main
aggregation results (most of those results assume the price of risk sufficiently low), this strengthens the main effects.

In our model, all final goods are perfect substitutes. We know from the textbook imperfect competition models,
that Bertrand with prefect substitutes results in a corner solution where the lowest cost firm captures the entire market
at a price equal to the marginal cost of the second lowest cost firm, and the markup is equal to the ratio of the second
lowest cost over the lowest cost. In case of a tie in the cost the marginal cost, profits are zero and there is indeterminacy
in the exact allocation across firms. Showing that Bertrand competition results in lower prices than Cournot is therefore
trivial.
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But we know that when goods are imperfectly substitutable, Bertrand pricing is not at a corner, just as under
Cournot. In this extension therefore we adjust our baseline model to include the imperfect substitutes. In the setup
of our benchmark model all firms produce all goods (possibly with different weights on attributes) which are perfect
substitutes. Market power therefore does not originate from the uniqueness of the goods a firm produces. Rather,
market power stems from firms” heterogeneous demand shocks and production costs.

So we extend our setting, borrowing from Pellegrino (2023) where each firm produces one good only instead of all
goods. First, denote the demand intercept as p and the demand shock as b. Second, we denote the similarity matrix
by ¥. Therefore, we can immediately map ¢;; = 1/¢;; to our benchmark model where ¢;; = ¢ which implies perfect

subsitutes.!!
We first derive a Bertrand solution and then the equivalent equilibrium conditions under Cournot. We then simulate
the model to replicate the results.

Bertrand Competition. From the inverse demand function
p=p—Yq+b (178)
=q=Y"'(p—p+b) 179)

Denote T = ¥, so the demand function for individual firm i can be written as
Z Yij(Pj — pj + b)) (180)

The expectation and variance of the quantity is given by
n

E[q; | Zi] Z —pi+Kjs)) (181)

n
Var[g; | Z] Z'szar [b]» | I]} =Y A0+ '5, (182)
j=1

and the risk-adjusted profit function is

U =E[q; | ] (pi —ci) — i o var [9: | Zi] (pi — ci)* — 8 (Xerci) (183)

Maximization with respect to the price yields the first-order condition,

au; oE Z;
o =Bl 17+ LI ) — pivarlas | 2] (- ) =0 (184
OE[q: | Z]\ *
pi=¢i+ (PiVar i | Zi] - %) Elqi | Z}] (185)
1
-1
n ) n
pi=ci+ (Pi ) 7;;Var [b]’ \ I]] + '7ii) Z —pj+Kjs)) (186)
j=1 =1
. -1
Denote f; = (pi Y ’y?jVar [b]' | I]] + ’Yii) , then
R n
pi=ci+1 ) vij(pj—pj+ Kjs)), (187)
j=1
or equivalently in matrix notation:
p=c+IT(p—p+Ks), (188)

where p = [p1,p2, ., Pul', B = [P1, P2, Pn)’, K8 = [K151, K282, .., Kusul', € = [c1,¢2,...,cn)' and T is a matrix where

Ppellegrino (2023) denotes the demand intercept by b and the demand similarity matrix by I 4+ £ (note that here
;; = 1 while 03; = 0 in Pellegrino’s setup).
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the diagonal elements are f;, and the other elements are 0, that is

th 0 0
. 0 h 0
T= . I (189)
0 0 Fu
Then the equilibrium prices and quantities are
p=I+TT) le+ (I +TT)'TT(p+ Ks) (190)
q=T(p+b)—TI+TT) le-TI+TT) MT(p+ Ks) (191)

Lemma 8. Data increases price-quantity covariance dcov(pjj, q;j) /9ng; > 0.

Proof: Data n,; enters p and q only through 7" and K. The terms , I and T are exogenous.
Step 1: Show that the diagonal elements of T' and K are increasing in ny;. Since Bayesian updating is the same, regardless
of market structure, the Bayesian weight on the signal K, is the same as before: K = n4;/ (1 + n4;)I, which is increasing

in data ny;. T is also a diagonal matrix, with diagonals f; that are decreasing in Var [b]- | I]} Since market structure
does not change Bayes’ law, we know from Appendix A that data reduces conditional variance (prediction errors)
dVar [bj | Z]} /dng; < 0. Thus, the diagonals of 7" are increasing as well: 9f; /9ny; > 0.

Step 2: Larger diagonal elements of T' and K raise cov(pjj, q;j). Covariance arises from stochastic terms. There are
3 stochastic terms: s in p, and s and b in g. The b term in g is multiplied by I', which is exogenous. Data has no
effect on that term. The s terms in both p and g are multiplied by 7" and K and other positive terms: cov(p;,q;) =
(I+TT)'TT)'T(I +1T) e —T(I+TT)"'TT. Since (I +TT) "7 is a positive definite matrix, whose eigenvalues
are increasing in f;, larger #; scales up each diagonal entry of cov(p;, q;). Similarly, larger entries of the diagonal matrix
K raise each diagonal entry of cov(p;, q;). Thus, cov(pjj, q;;) are increasing in the diagonal elements of T and K. O

Markups and profits Next, we show that changing the model of competition can change the nature of the risk
effect on markups. When costs are high, risk-averse firms may price low and produce more. However, since the aggre-
gation effects only arise when the risk channel is not too strong, this reversal does not overturn the main aggregation
results of the paper.

The risk-adjusted profit in the first stage is

B[] =E [Elg; | T} (pi — ) = B Var [g | T (pi — )] — g (xer <) (192)
=E [i7(pi — ci)? = B Var [0, | Z)) (pi — )%] — g (xer i) (193)
=E [ (i + 5 var [g; | Z)) (pi — )] = 8 (xe. ) (194)
Yii + bi Z ,lejvar [b | I}) (pi - Ci)2] -8 (XC/ Ci) (195)
<%f+“2:#vmpm11)Ekm—qf}—gwam (19)
(% + b Z 75 Var [bj | Ij]) (E [pi — ci] + Var [p; — Ci]) -8 (Xe i) (197)
where Var[p; — ¢;] = Var[p,] is independent of cost choices.

Then the optimal choices of marginal cost will be

i 2
wM}aW+pJWMW”ﬂ>W—ﬂ_@mm

=0 198
aC,‘ aCi aCi ( )
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Firm i’s markup is defined as M; = E[p;]/c;.
p=(I+TT) le+ (I +TT) 'IT(p+ Ks) (199)
Firm i’s markup is defined as M; = E[p;]/c;. Using the Cournot price (215) and E[b;] = 0,
Elp|=p—- (I+¥)I+HY) 'Ap+Ks—c)=p—-QH(p+Ks—c). (200)

And we can derive the equivalent condition as Proposition (1) for Cournot:

oM; _ d(pi/ci) ¢i opi pi oci
_ _ G _ P 201
8nd1 and,- 512 8ndi 512 8ndi ( )
N—— —

Risk premium effect  Investment effect

where we take the price p; in Bertrand compared to the expected price E[p;] in Cournot. That is the only difference
between the two expressions.

An Equivalent Cournot Model for Comparison The inverse demand function is

p=p—Yq+b (202)
For firm i,
pi =pi — Widi — Y Yiiqj +bi (i =1) (203)
j#i
_ 1 1
=Pi— o= ), i Tbi (204)
¢ii j#i (Pz]
The the expectation and variance of the price are
Elpi | T} =pi — wuqi — ) ¥ijq; + Kis; (205)
j#i
Var [p; | Z;) =Var[b; | ;] = (1 + Z¢,) "' Ze,, (206)
and the risk-adjusted profit function
U; =q;(E[p; | Ti] — i) — %Vﬁf pi | Til a7 — 8 (xe,ci) - (207)
The first-order condition solves
ol; JE [p; | Z;
~=Epi | Ti] —ci+ M%’ —p;Var[b; | Z;] g; =0 (208)
9q; aq;
OE[p; | T,]\ !
9 = (PiVar b | 7] - %) (Elpi | Zi] — ci) (209)
1
qi = (piVar [b; | Z] + ;) ! [ﬁi — Piqi — ) i + Kisi — Ci] . (210)
j#i
If we denote fi; = (p;Var [b; | Z;] + ¢;;) ", then
i =hi | pi+ Kisi — ci — g — Y_wija; | (211)
j#i
or equivalently
q=H(p+Ks—c—Y¥q) (212)

where q = [q1,92, ., qn), B = [P1, P2, - Pn), K8 = [Ky51, K282, ..., Kusu)', ¢ = [c1,¢2,...,cn] and H is a matrix where
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the diagonal elements are fz,-, and the other elements are 0, that is

hi O 0
X 0 hy -+ 0
H=| . . . (213)
0 0 fin

Then the equilibrium price and quantity are given by
q=(I+HAY) 'H(p+Ks—c) (214)
p=p-YI+HY) 'HpHp+Ks—c)+b (215)

and the risk-adjusted profit in the first stage is

B[] =E [i(E[pi | Z) — ;) — 2 Var[pi | Z97] — g (xercy) 216)
—E [ g} — Zvar b | T 2] — g (xerc:) (17)
=E [(%’ + %Vﬂr [bi | Zi]) %2] -8 (Xes i) (218)
= (i + & var b | T] ) E 2] - 2 (xerci) 219)
= (yu+ G var [t 7)) (Elg* + Var [g:]) — g (xer i) (220)

where Var[g;] = h;1C0V( pi,q;) is independent of cost choices.
Then the optimal investment choice satisfies

OE[U;] _ 3 (i + 5 Var[b | T) E[q]” 98 (xe 1)

aCi aCi aCi =0 (221)
Firm i’s markup is defined as M; = E[p;]/c;. Using (215) and E[b;] = 0,
Elp|=p—Y(I+HY) 'Ap+Ks—c)=p—QH(pH+ Ks—c) (222)
Then for individual firm i,
n
Elpi] =pi — ) wijhj(p; + Kjsj — ;) (223)
j=1
M; =E[pi]/ci (224)
And we can write the equivalent of the equation in Proposition 1 as
oM; _ d(E[pil/ci) _ < 9E[p] _ E[p] ¢ (225)
ong; ong; c? Ong; 2 Ong;
-’

\ﬁ/—/
Risk premium effect  Investment effect

Bertrand Cost Choices The optimal choices of marginal cost will be

i 2
e _ 2 (v+ $ 5 ojVar [ty | D] Elpi—al g

- . -0 (226)

Bc,- E)c,- aCi

Assume that g (xc, ¢;) = & (c; — €)%

P 9E [p; — ci]? _

('Yii + % Z% 7jjVar [b]‘ | I]]) [77576111 = Xelci =€) (227)
j=
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Sincep= (I +71T) e+ (I+TT) 'TT(p+ Ks) =tc+r(p+ Ks),

pi = Giici + Gijcj + xii(Pi + Kisi) + x5 (pj + Kjsj) (228)
= (8ii — Vi + Gijej + i (Pi + Kisi) + xi(pj + Kjsj) (229)
(p; c,)2 (&i — 1) -+ 2[Gijcj + ki (Pi + Kisi) + xii(pj + Kjsj)] (i — 1)c; + terms not related to ¢; (230)
E(p; —c;)? = (& — 1) -+ 2(Gijej + xiipi + %ijP;) (Gii — 1)c¢; + terms not related to ¢; (231)
2
—c
[p(-;c d =2(Gii — 1) Ci +2(§1] j T Kipi + Kl]pj)(éll -1 (232)
1

Then the first order condition will be

(%’i + % Y. 77 Var [bj | I]]) [Z(Cii — 1)2c; + 2(&ijc; + xiiPi + xijp;) (Gii — 1)} = Xc(ci —0) (233)
=1

Cournot Cost Choices The optimal choices of marginal cost will be

OE[U] _ o (i + 5 Varlb | L) Elqi®  9g(xeic) _

aCi Bc,- aCi (234)
Assume that g (xc, ¢;) = & (c; — €)%
9E [¢,)° i}
(i + Bvar s 1 7) B — i 35)
1
Sinceq=(I+HY) 'H(p+Ks—c)=¢(p+Ks—c),
i = Gij(pj + Kjsj — ¢j) + Cii(pi + Kisi — ¢;) (236)
a7 = C(pi+ Kisi — ¢)* + Cz’zj(ﬁj + Kisj — ¢j)? + 2033 (Pi + Kisi — ;) (Bj + Kisj — ;) (237)
since s; ~ N(b;, 02),i.i.d. and E(b;) in the first period is 0. (238)
Eq; = G2 [(pi — ci)* + KFaZ) + Tol(py — o)) + Kiod] + 28 (pi — ci) (P — ¢;) (239)
OEq?
Sl — —203(pi — i) — 28 (P — ) (240)
1
Then the first order condition will be
—2(4pji + pi Var [b; | T]) (25 (P — ci) + Giilij(pj — ¢;)) = xe(ci — ©) (241)

Simulations. Simulations show the combined effect of the cost and risk channels. Figure 8 shows that markups
and prices under Bertrand are always below those under Cournot. Because investment determines the marginal cost en-
dogenously, marginal costs under Bertrand are higher than under Cournot. Anticipating lower profits under Bertrand,
firms invest less than under Cournot. Note that more information (more draws of data) leads to lower prices but higher
markups as uncertainty is reduced. The finding that Cournot pries and markups are higher than under Bertrand are ro-
bust to changes in the cost of investment. However, as Figure 9 illustrates, for high investment costs (x. = 10) expected
markups and expected prices change in opposite directions under Cournot compared to Bertrand when the number of
data points increases.
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Figure 8: Cournot and Bertrand competition with investment channel dominating the risk channel.
Notes: This comparative static exercise is constructed over a duopoly example. The x-axis is the number of data points

that both firms have. The investment cost function is assumed as g¢(xc,¢;) = xc (€ —¢;)* /2 with xc = 1and ¢ = 3.

Other parametersare: p=5,0, =1, 4 = 0,00 =2,p1 =p2 = land ¥ = [1,0.5;0.5,1] .
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Figure 9: Cournot and Bertrand competition when investment channel matters less than risk.
Notes: This comparative static exercise is constructed over a duopoly example. The x-axis is the number of data points

that both firms have. The investment cost function is assumed as ¢(x,¢;) = xc (¢ — c,»)2 /2 with x, = 10 and ¢ = 3.

Other parameters are: p =5,0, =1, u, =0,0. =2,p1 = p2 = land ¥ = [1,0.5;0.5,1] .
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