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Data and the Aggregate EcomomyT

L.AURA VELDKAMP AND CINDY CHUNG

Recent data technology innovations, such as artificial intelligence and machine learn-
ing, have transformed the production of knowledge and increased the importance
of data. This review explores how data—digitized information—has been modeled
within classic macroeconomic frameworks. It compares the economics of data to other
concepts such as ideas, patents, and learning-by-doing. This paper also shows poten-
tial ways to model applications for data, including innovation, process optimization,
and matching. Because this research area is nascent, much of the article is devoted to
open questions and directions for future data economy research. (JEL CS0, D21, D83,

E23, E24, ]23)

1. Introduction

hile the data economy has changed the
way people shop and businesses oper-
ate, it has only just begun to permeate econ-
omists” thinking about aggregate economic
phenomena. In the early twentieth century,
economists like Schultz (1943) analyzed
agrarian economies and land-use issues. As
agricultural productivity improved, produc-
tion shifted toward manufacturing. Modern
macroeconomics adapted with models fea-
turing capital and labor, markets for goods,
and equilibrium wages (Solow 1956).
Once again, productivity improvements
have shifted the nature of production. In
the information age, production increasingly
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revolves around information and, specifically,
data. The largest publicly listed firms in the
world—Apple, Google, Microsoft, Amazon,
and Facebook—have a combined market
value that is nearly 20 percent of the market
capitalization in the United States. These are
digital services firms whose valuation reflects
the value of their data. As for the amount of
digital data produced, the United Nations
(2019) estimates that every second, over
275,000 gigabytes of data are produced on
digital platforms, which translates to nearly
1 billion 200-page books generated per sec-
ond. These large quantities and valuations
raise the question of how macroeconomists
might incorporate data as a service, an input
or as an asset.

This article explores the various ways that
the growth of data interacts with classic mac-
roeconomic questions concerning topics such
as GDP measurement, monetary neutral-
ity, growth, and firm dynamics; it describes
tools we already have to understand the data
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economy; and it compares and contrasts
frameworks that integrate data in a standard
macroeconomic environment.

What do we mean by data? Data are
information that can be encoded as a binary
sequence of zeroes and ones. Of course, that
includes an enormous spectrum of knowl-
edge, not all of which is the subject of this
article. For example, music, poetry, tech-
nological breakthroughs, patents, and ideas
about efficient management or operations
can all be digitally encoded. These are not
the types of digital information typically
accumulated by the big data revolution.
Instead, much of big data is records or evi-
dence of transactions. It is personal informa-
tion about online buyers, satellite images of
traffic patterns near stores, textual analysis of
user reviews, click-through data, and other
evidence of economic activity that is used to
forecast sales, earnings, and the future value
of firms and their product lines.

Many types of data are generated from
economic activity. Some, such as Internal
Revenue Service tax records, census demo-
graphic data, or import-export records, are
produced or collected by governments.
Other types of data are produced as a result
of consumer and business activity. Within
this category, some data are intention-
ally collected by firms as part of controlled
experiments to identify causality. But most
are produced as a digital byproduct of firm
transactions. We will focus on this last group
for our discussion.

Data are interlinked with technology;
however, the two concepts are distinct. We
define technology as innovation that allows
firms, with a given set of inputs, to produce
more outputs. As will be elaborated in more
detail in section 3, data and technology have
different methods of production, dispersion,
and regulations. Data are often used to power
technology, such as artificial intelligence
(AI), which we will refer to as data technol-
ogy. But the technology is distinct from the

data that powers it. Our focus is data. We will
touch on data technologies when they affect
how data are used or valued.

We begin in section 2 by describing
recent innovations in data technology
that prompted much big data discussion.
Section 3 describes theoretical tools and
ideas from related literatures that we can use
to understand the aggregate consequences
of data. It explores the ways in which data
are similar to and different from technology.
It also describes tools from the information
frictions literature we can use to understand
the mechanisms at work in the data infor-
mation economy. Section 4 embeds tools
from both the growth and information fric-
tions literatures in equilibrium frameworks.
It presents and compares three frameworks
that shed light on the conceptual questions
surrounding the measurement of data and
of aggregate economic activity. Finally, sec-
tion 5 catalogs evidence about the impor-
tance of such digital information and how
it affects various facets of the macroecon-
omy. But precise measurement of the data
economy is beset by conceptual challenges:
How should we value data? How should we
account for digital services, many of which
are offered at a zero price, in exchange for
the users data? Should the prevalence of
digital goods and services change the way
we measure GDP? These questions cannot
be answered with empirics. They are con-
ceptual challenges that require a conceptual
framework to sort out. We then expand on
our presented frameworks, to show how the
macro frameworks could be used to resolve
the data economy questions.

2. Innovations in Data Technology

The concept of utilizing data is not
new. Why then has the focus on data been
so prominent lately? The answer lies in
improvements in computing power that help
companies process data faster, innovations
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in infrastructure that allow more data to be
stored more cost effectively, and most of all,
progress in machine-learning techniques.
Combined with the increasing availability of
larger volumes and varieties of data, these
advances have led to the popularity of using
“big data” to generate insights. Business
has adopted big data and machine-learn-
ing techniques for a variety of applications
from advertising, to making faster and more
accurate business decisions, to automating
manual processes. In the asset management
industry, such computational techniques
have made investment decisions that rival
those of humans (Abis 2020).

One form of data processing is Al,
which can be defined as machines that
display responses to stimulation, includ-
ing cognitive decision-making processes,
that are similar to conventional responses
from humans (Shukla and Jaiswal 2013).
Recently, artificial intelligence has been
in the news for outperforming humans in
games, image recognition, and investment
(Knight 2017).

In an economic context, data are starting
to play an important role in improving firms’
decision-making. In the empirical micro lit-
erature, Goldfarb and Tucker (2019) dis-
cuss the reduction of economic costs in the
following five activities: search, replication,
transportation, tracking, and verification.
These five activities can be studied in the
broader scope of macroeconomic topics,
which we discuss in section 3. Namely,
search can be studied in a macroeconomic
labor context; replication can be analyzed
through the study of economies of scale and
the share of the same pool of data among
several firms; transportation and tracking
can be studied in the context of productiv-
ity improvements; and lastly, verification
can be understood in the context of bank-
ing. Bajari et al. (2019) study one particu-
larly intensive data user, Amazon. They use
Amazon’s data to examine the accuracy of

forecasts by firms in two dimensions: the
number of products (N), and the number of
time periods for which a product is available
for sale (T). Their empirical results indi-
cate gains in forecast improvement in the
T dimension, but a flat N effect. The firm’s
overall forecast performance, controlling
for N and T effects across product lines,
has improved over time, suggesting grad-
ual improvements in forecasting from the
introduction of new models and improved
technology. Firms have also benefited from
the decreased cost of storing, computing,
and transmitting data.

The influx of digital data is also playing a
role in influencing tools for empirical anal-
ysis in economics research. Specifically on
the topic of digital text data, Gentzkow,
Kelly, and Taddy (2019) discuss how tools for
analyzing text data can be incorporated into
current statistical methods for economics
research. In general, the rise of data has led
to improvements in technology and meth-
ods for analysis. As a result, it is important
to understand how these advancements have
improved productivity from a macroeco-
nomic perspective.

While the microeconomics of data, the
operations implications of data, and the use
of data in economics are all important top-
ics, they are not the focus of this article. Our
focus is on how these types of changes in
data accumulation and data use affect eco-
nomic aggregates.

3. Existing Tools for Understanding the
Data Economy

Since the literature on data and macro-
economics is nascent, we consider which
ideas from related literatures are relevant.
Three literatures in particular guide much
of the existing theory work: the literature on
growth theory, technological progress and
learning-by-doing; the literature on informa-
tion frictions; and the literature on intangible
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capital. By comparing data to ideas, human
capital, signals, and intangible capital, we
can see what existing knowledge is portable
to this new domain.

3.1 Ideas and Tools from the Literature on
Growth and Technology

Comparing Data and Technology.—Data
and technology have some important similar-
ities. Data are used by firms to make strategic
decisions that enhance their productivity and
profitability. Modern firms use data to decide
which locations to close or open, which prod-
uct lines to cut, and to forecast which new
goods will enjoy high demand. Like tech-
nology or total factor productivity (TFP) in
standard economic models, firms use data to
take a given set of inputs and produce more
valuable outputs.

Another key similarity between data and
technology is that both are non-rival. Just as
many firms can make use of an idea at the
same time, many firms can use the same
data. Of course, the value of data is affected
by how intensively others use it, just as the
value of widget production is affected by the
number of widget producers in the economy.
But if awidget s a physical good, one person’s
use of it typically precludes another’s simul-
taneous use of the same widget. Widgets are
rival. Since data can be freely copied, this is
not the case for data. The non-rivalry of data
creates a force for increasing returns. These
increasing returns are important because
they may favor larger firms, larger investors,
and larger economies.

However, data and technology are not
the same. One important difference is that
data and technology are produced in differ-
ent ways. Creating new technology requires
resources: skilled labor, perhaps a laboratory,
new good prototypes, and perhaps many
failures before a successful technology is
discovered. In contrast, data is a by-product
of economic activity. Producing and selling
generates data about the volume of sales,

the means of payment, and characteristics of
buyers. Sometimes collecting and processing
data to extract knowledge are costly. But data
are not typically produced in a lab. More
data comes from more economic activity.
This difference in production matters. One
of the fundamental insights of Romer (1990)
is that monopolies are necessary to incentiv-
ize idea production. This is not true of data
production. Because data are a by-product
of economic transactions, no extra incentives
are needed for its production.

Other differences between data and
technology are the ways in which they leak
and their patent protection. We know that
ideas or technologies leak (Easterly 2002).
Workers at garment factories in Bangladesh
take their ideas to start their own firms.
When they are hired away by competitors,
Silicon Valley workers take their techno-
logical knowledge with them. But data are
not embodied in one’s mind. It is too com-
plex, too nuanced, too extensive for that. A
worker might steal data from their firm. But
that is a crime. The data are not embodied
in their human capital. This feature is also
what distinguishes data from human capi-
tal or forms of learning by doing, defined as
understanding how a process works by inter-
actively engaging with it. Conversely, some
ideas are illegal to take from one firm to
another. These are ideas that are protected
by patents. But patents do not protect data.
Aside from datasets that can be protected as
a trade secret, data do not have a set of legal
institutions designed specifically to ensure
the exclusive right of one entity to use a par-
ticular set of data. At the same time, because
data do not easily leak, and because patent
protection is not needed to incentivize the
creation of data, perhaps a patent system for
data is not needed.

Lower leakage of knowledge encoded as
data is important for growth. It also could
explain one of the most important trends
in the US macroeconomy, the decrease in
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business dynamism. In a recent working
paper, Akcigit and Ates (2023) study the
sources of this declining dynamism and
find that the primary cause is the decline
in knowledge diffusion from the largest
to the smallest firms. Thus, if data lends
itself to less diffusion than traditional tech-
nologies, then the growing data economy
could be responsible for the decline in firm
dynamism.

Finally, the ability to monetize data and
the widespread sale of data also distinguish it
from technology. A few features of data lend
themselves well to such transactions. First,
a seller can clearly describe the contents of
a dataset without revealing its information
content. A buyer can know exactly how many
users or clicks or transactions from which
stores or websites, how much revenue is
involved, which images are analyzed or text
parsed, and still not know what the data will
say. Second, data can be easily split. One can
sell 1,000 data points or 999, or however
much the buyer is willing to pay for. As men-
tioned above, data are less likely to leak. That
makes it a more desirable purchase.

Similar to technologies, data can be sold
both directly and indirectly. A data vendor
can sell you a dataset directly by transferring
the binary code that constitutes the data.
But they can also offer data services, which
are an indirect sale of data. Such a service
might entail using their data to place your
ad on the screen of a particular user type, it
could entail using their data to choose assets
to invest your money in, or it could involve
using proprietary data to provide a firm with
strategic business consulting advice. These
services monetize data without transferring
the underlying data used in the service.

Several authors have also assessed the
effects of big data and AI on growth, includ-
ing Agrawal, McHale, and Oettl (2018);
Jones (1995); Lu (2021); Aghion, Jones, and
Jones (2018); and Jones and Tonetti (2020).
We will describe these papers in more detail

when we discuss frameworks that treat data
as technology and productivity in section 4.2.

3.2 Ideas and Tools from Information
Frictions

Data are information. We often refer to
the transmission of information as a signal.
The following are ideas from the information
frictions literature that use the language of
signals, but can easily be adapted to think
about data.

Rational Inattention as a Data Processing
Allocation Problem.—In a way, models of
data processing are already prevalent in
strands of the macroeconomics literature.
For example, one of the leading explanations
for the real effects of monetary policy is costly
information processing. Often referred to as
rational inattention, following Sims (2003)
and Mackowiak, Maté&jka, and Wiederholt
(2018), such models consider what types of
information or data are most valuable to pro-
cess, subject to a constraint on the mutual
information of the processed information
and the underlying uncertain economic vari-
ables. The idea of using mutual information
as a constraint or the basis of a cost function
comes from the computer science literature
on information theory. The mutual informa-
tion of a signal and a state is an approxima-
tion to the length of the bit string or binary
code necessary to transmit that information
(Cover and Thomas 1991). While the inter-
pretation of rational inattention in econom-
ics has been mostly as a cognitive limitation
on processing information, the tool was orig-
inally designed to model computers’ pro-
cessing of data. Quantification of attention
to information by individuals can be likened
to quantification of data by computer sci-
entists. As a result, the process of rational
inattention used to understand trade-offs
in information can be directly applied to
understanding the trading off of data used
by firms to make business decisions. When
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we reinterpret rational inattention theories
as data processing theories, we gain insights
such as the notion that when firms have lim-
ited or costly data processing, they allocate
their processing power optimally among data
on various types of shocks. If they use the
resulting knowledge to set prices, the aggre-
gate response of prices to monetary shocks
looks realistic (Mac¢kowiak, and Wiederholt
2009). Similarly, when investment man-
agers allocate their data processing ability
optimally across various types of financial
data and then choose portfolios of equi-
ties to invest in, this can explain features
of portfolio returns and equilibrium asset
prices (Kacperczyk, Van Nieuwerburgh,
and Veldkamp 2016). Rational inattention
has been applied to many more problems,
all of which could be reinterpreted as data
processing problems. Taking these models
and growing the data processing capacity (as
in Begenau, Farboodi, and Veldkamp 2018)
can give us new insights into the ways in
which abundant data is reshaping macroeco-
nomic forces.

Data as a By-product of Economic Activity.—
Veldkamp (2005); Ordofiez (2013); and
Fajgelbaum, Schaal, and Taschereau-
Dumouchel (2017) all consider the idea that
information is a by-product of economic
activity and that firms use this information
to reduce uncertainty and guide their deci-
sion-making. These authors did not call the
information data. But it has all the hallmarks
of modern transactions data. The data pro-
duced was used by firms to forecast the state
of the business cycle. Better forecasting
enabled the firms to invest more wisely and
be more profitable. As such, these papers
have early versions of a data feedback loop
whereby more data enables more produc-
tion, which in turn produces more data.
These models restrict attention to data about
aggregate productivity. In the data economy,
that is not primarily what firms are using

data for. But such modeling structures can
be adapted so that production can also gen-
erate firm- or industry-specific information.
As a result, they provide useful equilib-
rium frameworks on which to build a data
economy.

Matching  Frictions.—Another form of
information friction is a matching friction.
One way to model the data economy is as
an economy with reduced matching fric-
tions. For example, works on data platforms,
such as Kirpalani and Philippon (2020)
or Bergemann, Bonatti, and Gan (2022),
also typically use a matching technology to
embody the role of data on the platform.
While much data is undoubtedly used to
match workers with jobs, customers to
products, and producers with suppliers, both
matching models and noisy signal models
predict that reduced frictions, that is, better
data, will improve such matches.

What then is the difference between mod-
eling data as more precise signals or high-
er-quality matches? The difference is risk.
With matching models, there is rarely a role
for uncertainty. Matches are high quality or
low quality, but not typically risky. With noisy
signals, agents typically explicitly consider
the uncertainty of an outcome when they
choose an action. Noisy signals capture the
idea that data decrease uncertainty. In many
circumstances, uncertainty may be import-
ant. For example, in financial markets, the
expected return on equity is about two-thirds
risk premium and one-third expected return.
In such settings, capturing the effect of data
on risk would be important.

3.3 Ideas from Intangible Capital

Data are also a form of intangible capital,
though distinct from other forms of intangi-
ble capital because data pose different mea-
surement issues. Intangible capital measures
generally use the cost of investment to value
the intangible capital stock. But data are
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often a by-product of activity, with little or
no creation cost. Though there is some cost
associated with warehousing and processing,
the data aren’t created in a costly way, so
they are often not counted as having positive
value in the intangible capital stock.

There is a possible category on firms™ bal-
ance sheets for data, allowing data to be con-
sidered intangible capital. If a firm buys data,
it is clear that it should be valued at its mar-
ket price. But if the firm produces its own
data, the value may be determined at the
firm’s discretion. Intangible capital is a key
component of the debates about investment
stagnation, long-run increasing markups,
and productivity measurement.

In the investment literature on Q the-
ory, Crouzet and Eberly (2018) build on
Hayashi (1982) by adding intangibles as a
different form of capital with a similar role,
but not perfectly substitutable with tangible
capital. They attribute the rise of intangible
capital as the reason for the retail sector
trend of increased investment in technolo-
gy-driven business practices and therefore
higher productivity despite weak invest-
ment relative to strong cash flow and val-
uation. Belo et al. (2022) incorporate two
types of intangible capital, knowledge capi-
tal and brand capital, into their neoclassical
model of investment in order to study deter-
minants of a firm’s market value. They also
note the declining importance of physical
capital, in contrast with the growing impor-
tance of knowledge capital, over the past
few decades.

Similarly, Brynjolfsson, Hitt, and Yang
(2002) argue that information technology
(IT) is associated with indirect and direct
measures of intangible assets. They argue
that the financial markets treat the organi-
zational assets that complement information
technology similarly to other assets associ-
ated with long-term growth. This is help-
ful because we can measure information
technology expenditure, accumulation, and

depreciation more accurately than we can
measure data. Byrne, Corrado, and Sichel
(2018) construct measures to quantify the
service prices, quantities, and capital invest-
ment in the US cloud services industry. They
highlight the growth of capital expenditure
by large cloud service providers. This sug-
gests an explosion in the value of data and
other intangible digital capital.

In contrast to the growth literature on data,
the intangible investment literature often
assumes that data, with diminishing returns,
function like physical capital. Instead,
this literature focuses more on measure-
ment than the other two. As such, it offers
measurement ideas that could be important
for the macro-data agenda.

4. Modeling the Data Economy

The previous sections explored data facts
and tools. What is only starting to emerge is a
clear idea of how data are an integral part of
the economy, both as an input into economic
activity and as a by-product of economic
activity. An equilibrium framework with both
features is valuable because it can explain
the difference between price, cost, and value
of data and data-related goods.

One reason to use theory is that the econ-
omy is in the midst of a transition. Empirical
work takes past trends or covariances and
extrapolates to form predictions. But in tran-
sitions, the future often looks systematically
different from the past. Another reason to
model data is for policy analysis. Policy ques-
tions about trade and firm competition all
involve potential regulation of data. Such
policy changes have equilibrium effects. We
have no data from such alternative policy
regimes with which to estimate these effects.
Instead we need structural models, which we
can estimate and then alter to perform policy
counterfactual experiments.

Specifically, we compare three classes
of models. The first set of models thinks
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of data as a by-product of transactions that
can help businesses optimize processes. The
next class of models considers data as an
input to research and knowledge creation.
In both types of models, the use of data is
equated with the production of data. Data
production depends on the macroeconomy
because it is a by-product of economic activ-
ity; it influences the macroeconomy because
firms use it to improve their productivity.
The final class of models posits an interme-
diate step between data production and data
use. It treats data as an input that can be
combined with labor to produce actionable

knowledge.
4.1 Models of Data for Business Processes

The first model framework focuses on
transactional information that aids firms in
improving their business processes. When
data are information used to forecast an
unknown state, it will not sustain perpetual
growth because there is a natural limit to
how much a forecast can improve. Variance
(forecast errors) can never be less than zero.
While models of data as both information
and technology argue that there can be a
region of increasing returns, data in the
information-based model will eventually
have returns that decrease, bringing data-
driven growth to a halt.

The below model is a simplified version of
Farboodi and Veldkamp (2022).

Model Setup.—Note that time is infinite
and discrete. We index a unit continuum
of competitive firms by i. Every firm i uses
k;, units of capital to produce k{; units of
goods, each of which have quality A;;. We
denote P, as the equilibrium price of these
goods with varying amounts of quality. The
aggregate quality-adjusted supply is: ¥V, =
JiAi ki di. The inverse demand function
describes the market clearing price that
declines as supply Y, grows: P, = PY; .
Firms treat the aggregate price P, as given.

The goods quality is important because
firms will use data to improve quality.
Quality A;, is dependent on the firm’s choice
of a production technique ¢, ,, and each firm
has one optimal technique. That optimal
technique has a persistent and a transitory
component: 6;, + €,;,, neither of which
can be separately observed. The persistent
component ¢, follows an AR(1) process:
0y = 0+ p(0,, 1 —0) +ny, which
firms can use data to learn about. n,,, the
AR(1) innovation is i.i.d. over time. For
simplicity, we assume here that 7, is also
independent across firms.!| Meanwhile,
the transitory shock e, is also i.i.d. across
firms and time, but cannot be learned. The
optimal technique is significant to a firm
because it determines the quality of a firm’s
good. Quality A;, depends on the squared
difference between the firm’s chosen produc-
tion technique a;, and the optimal technique
ei,t + 6(1,i,t:

1 Ay = g((ai,t — 0 — eu,i,t)2)>

where g( - ) is a decreasing function. The role
of data in this model is to help firms select
better production techniques. One interpre-
tation of this role is that data can, for exam-
ple, inform a firm whether blue or purple
shoes or gas or electric cars will be more val-
ued by their consumers. This allows the firm
to produce accordingly. Transactions reveal
these preferences. However, preferences are
continually changing and firms must con-
stantly adapt to them. Another interpretation
is that data can help a firm to optimize its
inventory or transport operations.

Data provide information on 6;,. The pur-
pose of the temporary shock €, in this model

LFarboodi and Veldkamp (2022) relax this assumption.
When the optimal technique is correlated across firms,
then firms can learn from each others’ data. In such an
environment, firms choose to buy and sell data to other
firms.
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is to prevent firms from learning 6;, through
observation of their revenue at the end of
period t. Without the inclusion of €,, the col-
lection of past data would not be considered
a valuable asset since the firm could maxi-
mize the quality of the good upon learning
the current value of 0;, by setting a;, = 6.
The next assumption embodies the notion
that data are a by-product of economic
activity. We define n;;, the number of data
points observed by firm i at time ¢, as a func-
tion of their production in the prior period

(&3 .
i1t

(2) Ny = Zikﬁtfla

where z; is the parameter that denotes the
“data-savviness” of a firm. Here, a data-savvy
firm harvests lots of data per unit of output.
For example, a firm that produces a simple
mobile application but harvests all the data on
its consumers’ phones has high z; because it
obtains many data points per unit of output.
On the other hand, firms that do not track
transactions have low or zero z;. Each data
point m € [1 : ni),] reveals the following
signal:

<3> Si,t,m = 91’1 + Ei,t,nv

where &;,,, is iid. across firms, time,
and signals. For ease of use, we assume
a normal distribution for all the shocks
in the model: fundamental uncertainty is
Ny ~ N (u,a%), unlearnable quality tran-
sitory shock is €,;, ~ N (O, 02), and signal
NOoise iS €4, ~ N(O,a?).

Firm Problem.—A firm makes a series of

production and quality choices k;;,a;; to
maximize

(4) Eoz()ﬁt(PtAi,tkft - rki,t)'
=

Belief updating for 6;, is done using Bayes’s
law. Firms observe the previous peri-
ods revenues and data each period, and
then decide on capital level k and pro-
duction technique a. The information set
of firm i when selecting a;; is denoted as
T = [y (b} ] For
simplicity, we assume the rental rate of cap-
ital is given. However, one can also embed
an equilibrium context into this setup where
capital markets are cleared or where one
can add labor markets and endogenize the
demand for goods. This model is only a the-
oretical sketch. It allows us to focus on the
data-relevant mechanisms.

Solution—The state variables of the mod-
el’s recursive problem are (1) the beliefs
about 6;;,, and (2) the precision of those
beliefs. Solving the first-order condition
with respect to the technique choice, we
arrive at the following optimal technique:
aly = Ei[ﬁi)tﬂi’[]. We then define pos-
terior precision of beliefs as ), =
Ei[<Ei[9i>t|Ii¢] — HU)Z]*l to get the
expected quality E;[A;,| = A—Q;)' — ol
Substituting for the optimal technique choice
a” allows one to eliminate the firm’s expected
value of 6, as a state variable. We can then
express expected firm value recursively.

LEMMA 1: The optimal sequence of capital

investment choices {k;,} solves the following
recursive problem:

(5) V(%) = %ixpt(g — Qi — o)k

- rki,t + /GVtH(Qi,tH)a
where n;, .y = z;ki} and

©6) Q= [P+ 0.2+ 03]

-2
+ ni’tge .
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Refer to Farboodi and Veldkamp (2022) for
the proof. Note that equation (1) is the value
of a firm with data ;. For an expected profit
maximizer, this is the equity value. Equation
(6) describes the depreciation of data.
Yesterday’s stock of data €2, _; is augmented
by the observation of a ﬁrms own output,
which adds precision o, ~=. But then two
forces make yesterday’s data less relevant
for forecasting today. The fact that the state
has persistence p less than one means that
information about yesterday is less relevant
for today. Also, the variance of the innova-
tions in the state process o ;> makes infor-
mation about yesterday’s state less relevant.
This result allows us to reduce our setup to
a deterministic problem with only one state
variable, €, ,, because expected quality A;,
depends on the conditional variance of §;,
and because our information structure can
conform to the structure of a Kalman filter
where the conditional variance sequence is
deterministic.

4.2 Models of Data for Ideas and Research

While the previous class of models looked
at transaction data for business process
improvements, the next type of model stud-
ies data used as input to idea generation and
research.

Jones and Tonetti (2020) explore a growth
economy where data is a by-product of eco-
nomic activity and an input into productivity.
Units of data translate into firm total factor
productivity. They explore how different data
ownership models affect the rate of economic
growth. These model differences are essen-
tial for their main question: How should pol-
icymakers regulate data ownership? Jones
and Tonetti (2020) show that in equilibrium,
firms undershare data. Because of non-rivalry,
there may be large social gains to sharing data
across firms, even in the presence of privacy
considerations. However, fearing creative
destruction, firms may choose to hoard data
they own, leading to the inefficient use of

non-rival data. They conclude that giving the
data property rights to consumers can gener-
ate allocations that are close to optimal. While
this model covers data privacy considerations,
we are primarily interested in the characteris-
tics of how it relates data to productivity.

Below is a simplified version of Jones
and Tonetti (2020).

Model Setup.—Time is infinite and continu-
ous. There are N, varieties of consumer goods
produced by N, firms at each time period ¢.
There is also a representative consumer with
the following log flow utility at time period ¢:

N,Zd

(7) u(cpxibfit) ZNQ 0

= loge, —

_ k1

2N, Tidi,
where ¢, is the individual’s consumption,
x;; is the proportion of data on an individu-
al's consumption of consumer good variety i
that is used by firm i, and %, is the proportion
of the consumer’s data on good variety i that
is shared with other firms that aren’t the one
producing variety i. Note that privacy costs
are incorporated as a quadratic loss function
with weights £ and & to represent the trade-
off experienced between privacy and con-
sumption. The individual gains utility from
consumption of the good but loses utility from
their data being directly used by the firm and
shared with other firms. Firm i produced
good variety i according to:

(8) Yit - Q;;L”, Wlth 77 € (0, 1),

where ;; is the amount of data used to pro-
duce good variety i and Ly, is labor. Note that
there are constant returns to scale in the com-
peting input, labor, and increasing returns to
scale when considering both labor and data
together. The increasing returns arise from
the non-rival property. All the workers at
the firm are able to access the same pool of



468 Journal of Economic Literature, Vol. LXII (June 2024)

data available to make good variety i without
depleting it. As in the previous model, data is
created as a by-product of consumption. We
define n; as the amount of data created about
variety i.

9) ng = cply = Yy
The amount of data, €, used by the firm is:
(10)  Qy < axyng+ (1 — «)B,,

where the first term represents the amount
of data on variety good i that firm i can use to
produce, while B, is the aggregated bundle
of data shared by other firms on other vari-
eties of goods.

an B = (N [rana)

with € > 1,

where Q;, = X;n; is the amount of data on
good variety i that is shared with other firms
for the production of their good varieties.
Since data is non-rival, the bundle can be
simultaneously used by other firms without
being depleted. Note that the above expres-
sion is an inequality because in this setup,
if consumers own the data, then they may
restrict the amount of data that can be used
by the firm (ie., x; < 1).

Firms exit through a random death process.
A firm gets hit by an exit shock {O, 1}, where
the probability of exit § depends on how much
of its data the firm shares with others. The idea
is that firms who sell all their data lose some
of their competitiveness and that makes them
less likely to survive. This assumption means
that not all firms are willing to share all of
their data.

The solution presented by Jones
and Tonetti (2020) shows that the social out-
put per person is proportional to size of the
economy, raised to a power greater than one,

due to both the standard preference of more
variety and the result that the non-rival prop-
erty of data increases returns. Larger econ-
omies that produce more data experience
large gains because this data gets reused
by firms to increase production. As data’s
importance in the economy increases, more
resources are devoted to activities that cre-
ate more data (i.e., production) as opposed
to activities that don't (i.e., firm entry).

Model Comparisons—Both models have
similar production structures that treat data
as a by-product of consumption and use data
to augment productivity. The key difference
is how data is mapped into productivity (A).
In Farboodi and Veldkamp’s (2022) model, if
we restrict the quality function to be linear,
then the expected quality of a good depends
on a constant A, the forecast variance Q!
and the variance of the unlearnable shock o2:

(12) AQ) =A-Q -0l

The model portrays data as a way to reduce
forecasting error to zero. Reducing a fore-
cast error has bounded value because fore-
cast variance is bounded below by zero. If
there is an infinite amount of data, the fore-
cast variance ! falls to zero. But quality is
still finite.

Meanwhile, in Jones and Tonetti’s (2020)
model, the mapping from data to productiv-

ity is:
(13) A(Q) = Q"

This models data as something that contrib-
utes to productivity in an unbounded way.
The implication is that data accumulation is
akin to idea accumulation.

In other words, Farboodi and Veldkamp
(2022) treat data as contributing to predic-
tion. Jones and Tonetti (2020) consider data
as something that advances ideas. Some of
the authors who model AI consider data to
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be an input into the production of ideas. It
is true that machine-learning algorithms are
ultimately prediction algorithms. They are
designed to spot patterns in data and use it
to predict likely outcomes. At the same time,
artificial intelligence has impacted idea cre-
ation. In the health and medical industries, it
is revolutionizing the way research and devel-
opment (R&D) is performed in the lab by
predicting which directions of research are
likely to be fruitful. In areas where advances
in drug discovery, chemistry, and material
sciences are slowing and becoming more
costly, the ability of deep learning algorithms
to uncover complex insights and predictions
more quickly and affordably has been key to
pushing forward the research frontier and
making investments in these areas more via-
ble (Rotman 2019).

A similarity of the first two frameworks,
Jones and Tonetti (2020) and Farboodi
and Veldkamp (2022), is that allowing the
sale of data matters. Both models make
assumptions to guarantee that not all data
in the economy can be used to produce a
given good. In Jones and Tonetti (2020),
firms that share too much data are more
likely to exit. In Farboodi and Veldkamp
(2022), firms that sell data lose some of that
data. The reason for these costs and restric-
tions is that, otherwise, a competitive mar-
ket equilibirum for data does not exist. In
a competitive environment, where data do
not deplete and any one firm’s actions do
not affect the market prices, all firms would
choose to sell an infinite amount of data for
any positive price. This would lead to a lack
of a well-defined finite selling policy and
consequently, in the absence of any price
impact, there is no cost to selling one’s data.
In order to model meaningful data-sharing
decisions by firms, a firm’s decision must
affect its market conditions so that the
notion that selling more data will reduce
profits can be internalized. That implies
some form of imperfect competition.

So, just like growth models with idea pro-
duction, models of data production require
some market power. But the reasons are
quite different. Growth models require mar-
ket power to provide benefits that induce
firms to produce ideas. Data models do not
need incentives to produce data because data
is a by-product of economic activity. Instead,
data models require market power to create
costs that limit data sharing.

Another important difference between
the two models is data depreciation. In
Jones and Tonetti (2020), data depreciates
completely at the end of every period. That
simplifies the problem by removing data
as a state variable. This allows one to use
the model to infer a flow value of data, but
not to value data as an asset. Meanwhile,
Farboodi and Veldkamp (2022) allow for
the accumulation of data and introduce the
idea of data depreciation. This provides a
more traditional accounting approach to
measuring and valuing data as an intangible
asset.

The Interaction of Al and Data-driven
Growth.—One objection to the conclusion
of diminishing returns to data is that perhaps
AT technology allows data accumulation to
create new ideas, which can sustain growth.
That is likely. But how much growth is cre-
ated depends largely on how data contrib-
utes to knowledge and ideas.

Cong, Xie, and Zhang (2021) construct an
endogenous growth economy, where data is
an input into research. Data is neither equiv-
alent to technology, nor is productivity held
fixed. Instead, intermediate good firms use
data to contribute to product variety in a way
that distorts the allocation of labor. However,
because of diminishing returns to variety, an
economy with a higher level of knowledge
accumulation experiences less benefit from
an additional marginal unit of data. That
diminishing returns to data have a different
origin, but are similar to the diminishing
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returns in the Farboodi and Veldkamp (2022)
model. However, as in Jones and Tonetti
(2020), data are dynamically non-rival and
do continue contributing to long-run growth
because data contribute to the creation of
new goods.

The conclusion that data exhibit dimin-
ishing returns is similar to that of Nordhaus
(2021), but for different reasons. He explores
the question: Does AI bring us close to eco-
nomic singularity—an increase in economic
growth at an accelerating pace resulting from
growth in computation and AI? Nordhaus
considers a production economy with infor-
mation capital K, which one might call data,
and information technology A that augments
the information capital. Output Y is a Cobb—
Douglas function of AK and labor L,

(14) Y, = (AK)*L{™™,

but with one twist: the exponent o can be
time varying. The key question for Nordhaus
is whether data technology raises the income
share «, leaving labor earning less and less
of aggregate income, over time, but allowing
the economy to grow at an ever-expanding
rate.

To answer this question, he evaluates the
substitutability between information (data)
and conventional inputs along seven differ-
ent metrics and concludes that singularity is
not near. Several nonroutine tasks remain a
bottleneck.

In a similar vein, but more explicitly about
the AI technology rather than about data,
Aghion, Jones, and Jones (2018) explore
the role of AI in the growth process and its
reallocative effects. Using Baumol’s (1967)
cost disease insight, the authors argue that
Baumol’s cost disease leads to the tradi-
tional industries” declining share of GDP as
they become automated, which is offset by
the growing fraction of automated industry.
This explains the observed stability in the
capital share and per capita GDP growth

over the past century, despite evolving auto-
mation. In their model, labor share remains
substantial because labor represents a bot-
tleneck for growth. The authors also suggest
that AI can increase growth of new ideas
and potentially obviate the role of popula-
tion growth in generating exponential eco-
nomic growth. Nevertheless, even though
Al can theoretically generate runaway tech-
nological growth and propel infinite income
in finite time, growth may remain limited
due to essential areas of production that
are hard to improve. Moreover, AI may dis-
courage future innovation for fear of imita-
tion, undermining incentives to innovate in
the first place.

Agrawal, McHale, and Oettl (2018)
develop a combinatorial-based knowledge
production function and embed it in the
classic Jones (1995) growth model to explore
how breakthroughs in AI could enhance dis-
covery rates and economic growth. Lu (2021)
embeds self-accamulating AI in a Lucas
(1988) growth model and examines growth
transition paths from an economy without AT
to an economy with AT and how employment
and welfare evolve. The authors show that
Al can increase economic growth, and the
evolution of AI increases household lifetime
welfare in the long run.

Thus, Nordhaus concludes that data/
data technology have diminishing marginal
returns by looking at how they are used in
the production process and then assuming
a functional form, consistent with his obser-
vations. Farboodi and Veldkamp argue for
diminishing returns, based on the properties
of information used in forecasting. Aghion
and Jones argue that the existence of Al
technology is unlikely to overturn this con-
clusion. For some purposes, modeling data
exactly like capital is simple and transparent.
For others, a nuanced understanding of why
the returns to data decline and what circum-
stances lead to faster or slower decline could
advance thinking.
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4.3 Distinguishing Data Production From
Data Use

Previously discussed models equated data
production with data use. However, without
computers, skilled analysts, data warehous-
ers, and other complementary workers, data
are not useable. The next class of models
show how data production is mapped to data
use. It explores how data are combined with
other inputs to create knowledge.

The empirical literature linking IT
equipment to firm efficiency is active.
Section 3.1 discussed research that
links IT investment and expenditures,
which may include data, to productivity
(e.g., Brynjolfsson and Yang 1996). But
knowing that these are correlated is not the
same as understanding how data might be
used to produce knowledge. That under-
standing requires some structure.

Abis and Veldkamp (2024) explore how
new data technologies have changed the
production function for knowledge. Instead
of mapping capital and labor to production
of goods, they consider an economy where
data and labor are combined to produce
knowledge. They model the new-technology
knowledge production function as:

Al __ AlyaTt 1-a
Pyt = A Dy Ly ",

where PA! is knowledge produced using
these new technology advances, A% is a
time-varying productivity parameter, D is
structured data, and L is the labor input for
data analysts trained with machine-learning
skills.

The old-technology production function
represents knowledge produced without the
new big data and machine-learning advances.
It takes the same form, with potentially dif-
ferent productivity and income shares:

OT _ AOT V71—
Pii - At Dii lii >

where PO is knowledge produced using
old technology existent before these data
advances, A°T is a time-varying productivity
parameter, D is structured data, and [ is the
labor input for data analysts trained with tra-
ditional analysis skills. They use hiring and
wage data to structurally estimate the differ-
ence between « and . The large difference
they find suggests that the data revolution is
as large a change in technology as the indus-
trial revolution.

This approachissimilarto Joseba Martinez
(2018), who focuses on a specific type of
data-related asset, automation capital, and
studies the production function associated
with it. While automation and data are dis-
tinct, the idea that production functions are
changing is similar. Automation technology
is modeled as a form of innovation that can
replace labor with capital. The constant
elasticity of subsitution (CES) production
function parameters depend on automation
technology adoption. The difference is that
data are not directly an input into good pro-
duction. Data are used to create knowledge,
which in turn is used to produce goods and
services more efficiently. But like automa-
tion, new data technologies are likely chang-
ing the optimal capital-labor mix.

One could extend these models by incorpo-
rating IT equipment along with data as inputs
to knowledge production. Furthermore,
one could also model data as a by-product
of economic production. Incorporating that
property might facilitate data measurement,
since transactions are observable. Overall,
this framework gives us a macroeconom-
ics approach to understanding data, along
with other inputs such as capital labor and
IT equipment, in the context of economic
growth and knowledge production.

5. Directions for Macro Data Research

The technological progress in data process-
ing has not gone unnoticed by economists.
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The data economy has impacted every cor-
ner of macroeconomic research. This section
catalogs facts that speak to these changes. It
then discusses the different ways data have
impacted the macroeconomy through the
lens of the tools and model frameworks we
previously presented. These lines of research
are still in their early stages. The following
facts motivate the discussed theoretical
frameworks.

5.1 Measuring GDP and the Size of the
Economy

The data economy is large. However, not
all the gains in well-being arising from digital
goods and services are captured by measures
of GDP.

One missing component from national
accounts is the value of zero-price goods,
which are prevalent in the digital econ-
omy. Brynjolfsson et al. (2019) introduce a
new metric, GDP-B, which quantifies and
captures the welfare contributions of these
goods. Through incentive compatible choice
experiments, they show that welfare gains
from Facebook add about 0.05-0.11 per-
centage points to GDP-B growth per year
in the United States. Brynjolfsson, Collis,
and Eggers (2019) use online choice experi-
ments to measure consumers’ willingness to
accept compensation for losing access to var-
ious digital goods and show that losing access
to all search engines or all email services for
one year, for instance, generates disutility
equivalent to earning $500-$1,000 less per
year.

Often, such zero-price digital goods are
not truly free. They are services offered in
exchange for data. This is a barter trade,
where the service is being bartered for per-
sonal data. Barter is not measured by GDP.

Digital service innovations are also not
fully captured by traditional GDP mea-
sures. Byrne and Corrado (2019) propose
a framework for measuring digital services
improvements, specifically in the context

of advancements made in providing con-
sumers content, by incorporating capital
service flows that improve existing GDP
measures of personal consumption. With
their new measure, Byrne and Corrado
(2019) show that these content delivery ser-
vices increased consumer surplus by almost
$1,800 per connected user per year and
contributed over one-half of a percentage
point to US real GDP growth in the last 10
years.

A framework that attempts to capture
the digital value that GDP misses is Hulten
and Nakamuras (2017) model of informa-
tion goods as “output saving.” Information
technology like e-commerce reduces the
need for traditional consumer goods and
services, such as transportation, that would
otherwise be captured in GDP. Since the
electronic component of e-commerce itself
has no explicit price, it is not captured in
GDP. Since these goods reduce our need for
value that would otherwise be measured in
GDP and are not themselves counted, they
bypass GDP and create consumer surplus
directly. The authors propose a concept
of expanded GDP (EGDP) that combines
the conventional GDP measure with a will-
ingness-to-pay metric of the value of out-
put-saving innovation to consumers. This
new metric suggests that living standards, as
measured by EGDP, rose at a faster rate than
real GDP growth.

Data also increase measured GDP of
non-data firms by increasing productivity.
Data-driven decision-making (DDD) is
defined as the process of making business
decisions based on the collection and analy-
sis of external and internal data. Brynjolfsson,
Hitt, and Kim (2011) find that firms that
adopt DDD have output and productivity
that is 5-6 percent higher than what would
be expected given their other investments
and information technology usage. The rela-
tionship between DDD and performance
also appears in other performance measures
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such as asset utilization, return on equity,
and market value.

One active area of debate is whether the
difficulty of measuring the digital econ-
omy can explain the productivity slowdown.
Brynjolfsson, Rock, and Syverson (2018)
postulate four data-related explanations
for the productivity slowdown, which has
exceeded 1 percent per year for more than
a decade: false hopes about AI, mismeasure-
ment, redistribution, and implementation
lags. Of the four hypotheses, the last one—
the fact that AT has not yet diffused widely—
has been the biggest contributor, according to
the authors. Data advancements have also led
to novel ways to measure various macroeco-
nomic variables. Improved image and data
processing of satellite night lights data have
notably been useful in improving upon GDP
measures in countries where traditional data
tend to be of poor quality or generally unavail-
able (Henderson, Storeygard, and Weil 2012).

Data and digital goods and services cer-
tainly present multiple measurement chal-
lenges. These challenges are both practical
and conceptual. Research and practice will
have to adapt for our measures of aggregate
economic activity to remain accurate.

The above frameworks can be used to
express the value of data. For example, in
Farboodi and Veldkamp (2022), the value
function, V(€2), expresses the value of the data
stock €. Because the model has data accamu-
lation, the distinction between the stock and
flow of data lends itself well to adopting mea-
sures like the investment and stock of capital.
On the other hand, in Jones and Tonetti (2020)
there is no accumulation of data, since data
depreciates fully in each period. As a result,
the model cannot cannot use national income
and product accounts (NIPA) methodologies
to value the stock of data. Furthermore, in
Jones and Tonetti (2020), production output
is zero without data, similar to how output is
zero without capital or without labor. Thus,
just like the value of capital and labor can be

computed by considering the capital share
and labor share of income, we can consider
a similar valuation for data. Both models
suggest that the inflow of data, the analog to
investment in an intangible asset, is deter-
mined by the sales of the firm.

5.2 Valuing Data

The literature discussed suggests a variety
of empirical approaches that can be used to
estimate data’s value.

In Farboodi and Veldkamp (2022), €2, ; can
be thought of as the amount of data accu-
mulated by the firm. While €2, is techni-
cally defined as the precision of the firm’s
posterior belief, it is also a sufficient statis-
tic for the history of data observed, up until
date ¢. Thus, the marginal value of an addi-
tional piece of data with precision 1 would
be 0V,/0€);. Similar to how macroecono-
mists have calibrated traditional recursive
general equilibrium models with capital, a
similar approach with data-related moments
could be used to calibrate this model. The
calibrated model would reveal the aggregate
value of data.

A second approach would be to add mar-
kets for buying and selling data. The data
price would represent the firm’s demand,
that is, its marginal willingness to pay for—or
to sell—data. Consequently, one could infer
parameters of the model using data sales
prices.

A third approach to valuing data is by
looking at the labor market. In Cong, Xie,
and Zhang (2021) and Abis and Veldkamp
(2024), the wages and employment of work-
ers who work with data reveal how much the
firm values the data they work with.

Similar to how a large asset pricing lit-
erature used a variety of approaches to
detemine the value of an equity asset, many
future studies will be needed to develop
robust data valuation techniques. All three
approaches should be explored. More work
remains to be done to uncover datasets,
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refine measurement approaches, and deter-
mine what is the most accurate valuation
method.

5.3 Valuing Zero-Price Goods

The optimal price of a firm’s good in this
setting may be close to zero. The reason
is that the firm wants to sell many units in
order to accumulate data that will boost the
productivity of future production. It could
also be that the firm wants to accumulate
data in order to sell it. For example, social
media platforms may be incentivized to set
the optimal price of their service to zero. By
allowing individuals to use their product for
free, they are able to collect more data. Such
data is valuable for third-party advertising
and marketing services. So, the collected
data become the primary source of the firm’s

profit.
5.4 Measuring Data

The frameworks suggest two possible
ways of measuring data. One is to measure
output or transactions. If we think data are
a by-product of economic activity, then a
measure of that activity should be a good
indicator of data production. Of course, that
could be different from data use if data are
traded. But one can adjust data production
for data sales and purchases to get a flow
measure of data. Then, a stock of data is a
discounted sum of data flows. The discount
rate depends on the persistence of the
market. If the data are about demand for
fashion, then rapidly changing tastes imply
that type of data has a short longevity and a
high discount rate. If the data are mailing
addresses, that market is quite persistent.
An AR(1) coefficient of the variable being
forecasted is sufficient to determine the dis-
count rate.

The second means of measuring data is to
look at what actions it allows firms to choose.
A firm with more data can respond more
quickly to market conditions than a firm with

little data to guide it. To use this measure-
ment approach, one needs to take a stand on
what actions firms are using data to inform
and what variable firms are using the data to
forecast, and then measure both the variable
and the actions. One example is portfolio
choice in financial markets. Farboodi et al.
(2022) use the covariance between prices
and future earnings to infer the covariance
between investment choices and future
earnings. That covariance between choices
and unknown states reveals how much data
investors have about the future unknown
state. A similar approach could be to use the
correlation between consumer demand and
firm production across a portfolio of goods to
infer a firm’s data about demand.

Which approach is better depends mostly
on the data available. One difference between
the two is the units. Measuring correlation
gives rise to natural units, in terms of the
precision of the information contained in the
total dataset. The first approach of counting
data points measures the data points more
directly. But not all data are equal. Some
data are more useful for forecasting a par-
ticular variable. The usefulness or relevance
of the data is captured in how it is used to
correlate decisions and uncertain states.

5.5 Growth, Development, and Trade

The rise of the data economy has pro-
moted global economic fluidity, reducing
language and geographical barriers. As a
result, this digital age could present opportu-
nities for new countries to emerge as poten-
tial key players in the economy. At the same
time, the increased connectedness between
countries has led to concerns about how best
to regulate sharing data across borders.

The rise of a data-driven economy has
raised fundamental questions about export-
ing and tariff policy that are at the center of
current trade negotiation. Control of data
has become a significant issue in trade nego-
tiations. Given that consumers’ data are not
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priced, every transaction with a foreign com-
pany results in an asset, consumers’ data,
being given away to foreign firms. One new
argument for tariffs that arises in the mod-
ern economy is that they compensate the
home country for the value of the unpriced
data being transferred. Another rationale for
tariffs is that the economies of scale in data
and the economies of scope and knowledge
externalities in AI innovation could create
the opportunity for country-level rents and
strategic trade policy (Goldfarb and Trefler
2018). Furthermore, the rise of data com-
plicates international law. Data is similar to
intellectual property in the sense that it is
non-rival and can be duplicated when pur-
chased and resold. As a result, research on
intellectual property protections in trade
may become relevant in understanding pro-
tection of data in trade policy.

In international trade, data can reduce
border frictions by decreasing language
frictions and by lowering transportation
costs. Both could help poor, remote coun-
tries benefit more from data. Using eBay,
the American e-commerce company,
as the study sample, Brynjolfsson, Hui,
and Liu (2019) find that the introduction
of a machine translation system has signifi-
cantly increased international trade, raising
exports by 17.5 percent through a reduc-
tion in translation-related search costs. It is
also clear that transportation costs of data
and digital goods are quite different from
those of traditional goods. Transporting
data requires a large, fixed investment
of IT infrastructure at the country level.
However, even in many of the poorest
countries, privately owned mobile phone
networks already exist to carry data. Once
some data infrastructure is in place, it may
not be free to use, but its cost is nowhere
near that of the road, sea, or air transport of
a stream of physical goods.

Many remote countries have been

held back by the difficulty of physically

transporting goods to markets where the
goods are valued. If these countries can
develop the human capital to produce digi-
tal goods and services, they may be able to
overcome their locational and physical infra-
structure impediments. Indeed, IT infra-
structure has significantly impacted many
countries. For example, Hjort and Poulsen
(2019) study the impact of fast internet on
employment in 12 countries in Africa. They
find large positive effects on employment
rates with minimal job displacement and an
overall increase in average income.

As aresult of lower language barriers and
the negligible marginal cost of transporting
digital goods, many policymakers hope to
capitalize on advantages offered by the digi-
tal economy to help their countries leapfrog.
For instance, President Paul Kagame of
Rwanda, a small, landlocked country, intro-
duced his plan for the National Information
and Communication Infrastructure policy
by claiming: “In Africa, we have missed
both the agricultural and industrial revolu-
tions and in Rwanda we are determined to
take full advantage of the digital revolution.
This revolution is summed up by the fact
that it no longer is of utmost importance
where you are but rather what you can do.”
Pushing for policy that promotes develop-
ment of knowledge, skills, and infrastruc-
ture for information and communications
technology, President Kagame expressed
his hopes that such innovations would help
bring Rwanda to the forefront of global
economic competition (Government of
Rwanda 2010).

The ability to benefit from data surely
depends on local human capital. While
Mankiw, Romer, and Weil (1992) show
how to augment the Solow growth model
with  human capital, a similar exer-
cise could add human capital to (12)
or (13).

The presented frameworks provide guid-
ance about how unpriced data transferred
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during international trade might be val-
ued and taxed. The valuation issue is the
same issue as GDP measurement. In order
to explore taxation, one needs a frame-
work where taxation is optimal. Costinot,
Lorenzoni, and Werning (2014) develop
a theory of capital controls between two
countries where controls are set to dynam-
ically manipulate terms-of-trade (the price
of exports relative to imports). They show
that optimal taxation on capital flows for a
country depends on how quickly that coun-
try is growing relative to the rest of the
world. One might substitute a stock of data
for the capital stock to explore the optimal
set of tariffs or controls on cross-country
data flows.

5.6 Pricing and Monetary Neutrality

One reason firms use data is to set prices.
Online stores can do this easily with algo-
rithms to automatically adjust prices.
This shift in pricing technology therefore
improves price flexibility. But since mone-
tary policy efficacy depends on price rigidity,
the digital economy might reduce monetary
policy effectiveness.

Gorodnichenko and Talavera (2017) find
that price changes occur more frequently
in online stores (once every three weeks or
more frequently) than in regular stores (once
every 4-5 months or less frequently). Such
an increase in price flexibility could alter the
real effect of monetary policy.

Data are facilitating personalized pricing.
Kehoe, Larsen, and Pastorino (2018) explore
how data might be used for personalized
pricing. The authors argue that personal-
ized pricing will change firm competition
and market dynamics. Additionally, Jin and
Vasserman (2021) study one example of per-
sonalized pricing: a car insurance company
that collects data from consumers and uses
this information to personalize insurance
costs for each individual, giving discounts
to safer drivers and surcharges to riskier

ones. This pricing strategy changes the rel-
evant price elasticity that a firm faces. Thus,
individualized prices could be more or less
responsive to changes in monetary policy.
Finally, the abundance of data is creating a
new digital services sector. These services,
such as on-demand computing, are being
priced in new ways (Huang and Sundararajan
2011).

Another way data interact with mone-
tary policy is through the banking sector.
Vives (2019) explores how data technology
has increased efficiency and service in the
banking industry, but also how it has raised
concerns about consumers” data protection.
These competing forces will challenge reg-
ulators to balance the needs of innovation
and privacy as they oversee the industry’s
transformation. Specifically, one form of data
technology that has played a role is fintech,
defined as the use of automation technology
and innovative information in financial ser-
vices. Vives (2017) describes the influence
of fintech on the banking sector and capital
markets in the following areas: efficiency,
banking market structure, incumbent and
entrant strategies, and financial stability.
While fintech has potential for enhancing
welfare, Vives (2017) calls for regulation to
ensure financial stability is preserved.

Furthermore, the rise in the availability of
data could give rise to pricing bias and new
sources of monetary non-neutrality. When
investors have access to thousands of observ-
able forecasting variables, Martin and Nagel
(2022) show that commonly used shrink-
age estimators introduce systematic errors
in equity prices. This same rationale could
apply to firm price setting. By down-weight-
ing new observations, the widespread use of
shrinkage estimators could lower firms’ sen-
sitivity to monetary policy.

The idea that data is a by-product of eco-
nomic activity could be integrated in an exist-
ing model of price-setting with imperfect
information. Having information come from
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production, rather than from an information
allocation or attention allocation choice, may
change the aggregate and cross-sectional
predictions of the theory. Embedding these
ideas in a standard new-Keynesian frame-
work might provide guidance about potential
future changes in the efficacy of monetary

policy.
5.7 Firm Dynamics

A prevalent trend in the macroeconomy
is that firm sizes are increasing. In the last
30 years, the proportion of those employed
at firms that have been in business for fewer
than five years has dropped from 13 per-
cent to less than 8 percent, and the share of
those employed at firms with fewer than 100
employees has declined from 40 percent to
35 percent. Meanwhile, the percentage of
employment at firms with more than 1,000
employees has increased from 25 percent to
33 percent. For firms in the top 5 percent
of revenues, their revenues rose from 57
percent to 67 percent of the revenue share
(Davis and Haltiwanger 2019).

While all firms can benefit from new data
technologies, some may benefit more than
others. In particular, larger, older firms seem
to benefit more. This increases the compet-
itiveness of such firms, making competition
harder for smaller, newer firms. In Farboodi
et al. (2019), this force causes the firm size
distribution to diverge.

One reason that data may affect firm
dynamics is that it can broaden the span of
control in firms, which favors larger firms.
Aghion et al. (2023) argue that information
and communications technology (ICT) inno-
vations in the 1990s allowed high-productiv-
ity firms to profitably expand. This expansion
came at the cost of labor and small firms. The
authors argue that it produced a decline in
business dynamism—the process by which
firms grow, shrink, enter, and fail. They
also argue that IT reduces the labor share
of income. Furthermore, Lashkari, Bauer,

and Boussard (2018) find that firm size and
demand for IT are positively correlated.
They argue that this result implies that the
relative marginal product of IT inputs rises
with scale, since IT helps firms address orga-
nizational limits to scale.

Another reason that data interacts with
firm size is that financial data may be chang-
ing the firm size distribution. Begenau,
Farboodi, and Veldkamp (2018) argue that
the use of big data in financial markets can
significantly lower the cost of capital for large
firms, relative to small ones. Cheaper financ-
ing enables large firms to grow larger. Large
firms with more economic activity and a lon-
ger firm history offer more data to process,
making large firms more valuable targets
for data analysis. Once processed, that data
can better forecast firm value, reduce the
risk of equity investment, and thus reduce
the firm’s cost of capital. As big data tech-
nology improves, large firms attract a more
than proportional share of the financial data
processing, enabling large firms to invest
cheaply and grow larger.

Another important macroeconomic
trend, as documented in Autor et al. (2020),
involves industries becoming dominated by
superstar firms, firms with high productivity,
that is, high markups and low labor shares;
the dominance of firms has led to an increase
in overall average markups and a rise in firm
concentration. Crouzet and Eberly (2019)
claim that large modern firms have high
intangible investment levels, a property that
is correlated with firms having high mark-
ups. Relatedly, Eeckhout and Veldkamp
(2022) present a model that shows how the
accumulation of customer data by firms can
explain these trends in firm productivity and
markups.

Evidence in support of the effect on firm
dynamics comes from firms’ investment in IT
resources. Tambe and Hitt (2012) use data
on IT productivity to show that IT returns
are substantially lower in midsize firms than
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in Fortune 500 firms. However, IT returns
also materialize more slowly in large firms,
whereas in midsize firms the short-run con-
tribution of IT to output is similar to the
long-run output contribution. They also find
that the measured marginal product of IT
spending is higher from 2000 to 2006 than
in any previous period, suggesting that firms,
and especially large firms, have been con-
tinuing to develop valuable uses of IT.

Brynjolfsson and McElheran (2019)
find that adoption of DDD, once again
defined as the process of making business
decisions based on the analysis of data, is
earlier and more prevalent among larger,
older plants belonging to multiunit firms.
Smaller single-establishment firms adopt
later but have a higher correlation with
performance than similar non-adopters.
The average value-added for later DDD
adopters is 3 percent greater than for
non-adopters. DDD-related performance
differentials decrease over time for early
and late adopters, consistent with firm
learning and development of organizational
complementarities.

To study the role of data in the phenome-
non of large firms growing larger, one could
embed the current firm structure from
Farboodi and Veldkamp’s (2022) model
into a Hopenhayn (1992) industry equi-
librium model that endogenously deter-
mines entry, exit, firm size, and general firm
dynamics through a stationary equilibrium
analysis. The firm’s stock of data could
replace the capital stock or complement it.
Different data precision paths for differ-
ent firms could reveal how the firms” over-
all forecast performance for product sales
varies with size, firm age, and other firm
characteristics.

5.8 Labor Demand

Another important question about the
macroeconomy is how new data technologies
will impact the allocation of and demand for

labor. One possible effect to be explored is
that data could facilitate employer—employee
matching. Martellini and Menzio (2020) use
a search model to show how reduced search
frictions keep unemployment steady. They
argue that the reason is that while there are
more encounters between unemployed work-
ers and hiring firms, the augmented search
technology allows both sides to be more
selective in match quality, since they have
more access to alternative partners. Overall,
they show that while improvements in search
technology have no effect on unemployment,
these advancements do increase match quality
and play a role in the growth of the economy.

Arrieta-Ibarra et al. (2018) advocate treat-
ing users who trade their personal data in
exchange for digital services as laborers and
producers of digital goods, as opposed to sim-
ply consumers. They argue that counteract-
ing the current data monopsonist-dominated
system with features such as competition, a
data labor union, or regulatory measures to
encourage payment of users providing data
will greatly help remedy labor market prob-
lems, political problems, and the potentially
problematic interactions between the two.

A growing literature studies the labor
market effect of Al and robotics.? This is
a separate phenomenon from the accu-
mulation of user data. But there are a few
issues in common. For example, Acemoglu
and Restrepo (2018) study AI adoption and
document both a displacement effect, which
reduces demand for labor and wages, and a
productivity effect, which increases demand
for labor in nonautomated tasks. The authors
also highlight the risk of a mismatch between
workers’ skills and the skills required to
use new technologies. Forecasting with
user-generated data does not obviously dis-
place labor. But it might reduce demand
for management with old technology skills.

2Furman and Seamans (2019); Bughin et al. (2017);
Bessen (2018); Brynjolfsson and Mitchell (2017).
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Similarly, its benefits could be tempered by a
shortage of data-skilled labor.

Any of the above frameworks could be
adapted to treat data and labor as substitutes.
The idea would be that data can be used
to train Al algorithms, which in turn can
substitute for human labor. Of course, dif-
ferent sectors have different degrees of sub-
stitutability. Making this change would allow
us to study how wages, capital returns, and
income inequality evolve as the data econ-
omy grows. Since the goal of Al is to per-
form cognitive capabilities similar to that of a
human, AT technology is often used to auto-
mate tasks that were previously performed
by humans. Subsequently, we can adjust
Jones and Tonetti’s (2020) model so that it
treats data and labor as substitutes by using
a linear production function. One could use
data as a proxy for AI because AT’s effective-
ness tends to improve when it can learn from
more data inputs.

Furthermore, the Cong, Xie, and Zhang
(2021) and Abis and Veldkamp (2024) frame-
works could be used to measure degrees of
complementarity and substitutability between
data and labor. Recall that this type of model
compares the quantity and price of labor from
data scientists to labor with more traditional
analysis skills. One can look at a spectrum of
roles that have varying degrees of comple-
mentarity and substitutability with data.

5.9 Direct and Indirect Sale of Information

Once we start considering data as an asset
and the sale of data as the sale of an asset, it
leads us to think about the booming infor-
mation services or subscription economy. A
small, older literature in finance explored
the question of whether an owner of infor-
mation should sell that information directly
to investors or whether they should use their
information to manage the investors portfo-
lios for them and charge a fee for the service.
Admati and Pfleiderer (1990) consider this
trade-off in the context of a noisy rational

expectations financial market, not a goods
market economy. Of course, a financial
investment decision is not so different from
firms’ real investment decisions. Risky assets
might be interpreted as product lines with
uncertain profits. While many aspects of the
model are finance specific, the tools and les-
sons bear revisiting and importing into new
models of the data macroeconomy.

Applying these tools could be important
for macroeconomists because they could
help with GDP measurement. A service
flow is measured. Data as an asset might
not be, if the data are not sold or are bar-
tered. Or it could be that when data is sold
as an asset, the economic gains are booked
immediately. Data sold as a service, gradu-
ally over time, might change the timing of
the measurement of economic value. Just as
economists impute housing services of own-
er-occupied housing to include it in GDP,
one might think of imputing the value of a
stream of data services as part of GDP mea-
surement. To know how to do that, we need
to know how to think about valuing such
services.

5.10 Using Data for Business Stealing

It is also true that much data is used for
advertising, which may not enhance aggre-
gate output. Farboodi and Veldkamp (2022)
show how to model data used for business
stealing. They show that the firm dynamics
results are unchanged. But of course, data
that is simply a means for stealing others’
business produces no aggregate economic
growth.

Using a modeling structure from
Morris and Shin (2002), we can model
business-stealing activity by adding an exter-
nality term to the productivity process in
Equation (1):

(15) Ay = A- (ai,i -0, —
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The integral term at the end embodies the
idea that when one firm uses data to reduce
the distance between their chosen tech-
nique a; and the optimal technique 0 + ¢, all
other firms lose a little bit. These gains and
losses are such that, when added up to com-
pute aggregate productivity, they cancel out:
JA; = A. In other words, data accumula-
tion does not benefit aggregate productivity
at all. It only benefits the individual firm that
collects the data.

This type of modeling structure could be
used to study data used for marketing. Along
with empirical evidence on uses of data,
future research might use benefits and dis-
tortions to assess welfare and inform policy.
The payoff externality could dramatically
change the types of data regulations that
would maximize welfare.

5.11 Biased Data

If information is sold, the incentives of
the data provider may influence what con-
tent is provided. Nimark (2014) explains
that unusual events are more likely to be
reported in the news than commonplace
ones. The author shows that such news
reporting tendencies can explain changes
in macroeconomic uncertainty and vola-
tility. Furthermore, an increased level of
news focused on the economy can not only
increase an agent’s uncertainty but also its
sensitivity to the information, too.

Gentzkow and Shapiro (2010) find that
newspapers have an incentive to align the
political leaning of their news with that of
their readers, as opposed to that of the com-
panies’ owners. One reason is that Bayesian
consumers tend to consider information
to be higher quality when it comes from
sources that confirm their prior expecta-
tions. Thus, news media may be incentiv-
ized to align their slant to the prior beliefs
of their consumers to gain a reputation for
quality (Gentzkow and Shapiro 2006). The
same incentives that lead news outlets to

choose some news to provide may apply to
data providers. As we start to explore data
sales, we should remember that data sellers
are strategic actors.

5.12 Uncertainty Shocks and the Value of
Data

Uncertainty could rise for two reasons: (i)
The environment becomes more volatile and
less predictable, or (i) the data becomes less
precise or relevant. Reason (i) makes data
more valuable. Reason (ii) makes data less
valuable. If prices of firms are tied to their
data value, then firms” values could either
rise or fall in an uncertainty shock episode.

If we can better measure the value of
data, we could gain insight into the sources
of uncertainty shocks. Furthermore, uncer-
tainty could be injected into long-run models
from section 4 to make data a source of cycli-
cal fluctuation.

5.13 Public Disclosures and the Value of Data

Amador and Weill (2010) explore how
central bank communications affect the
value and use of private information in the
realm of monetary policy. One could meld
those tools with the frameworks presented
in this paper to explore how the dissemina-
tion of government statistics affects firms’
data value.

Modeling the effect of government dis-
closure might require an additional step—
assessing how related government data and
private information really are. One could
access some private data, or construct a
model of private and public data. Using lin-
ear projections (e.g., ordinary least squares),
one could determine how much of the infor-
mation content of the private data is con-
tained in the public signal.

5.14 Networks and Business-to-Business
(B2B) Information Transmission

The purchases of one’s customers or prices
of one’s suppliers may convey information
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about one’s economic forecasts. A network
model could be applied to study how much
information is conveyed, to whom, and in
what patterns. Similar to how public dis-
closures reduce the value of private infor-
mation, knowledge revealed through one’s
network also makes private data less valu-
able. To capture this, one could use models
in the spirit of Herskovic and Ramos (2020)
or Allen, Bilir, and Tonetti (2017). While
these papers are not focused on data or B2B
transactions, their tools could be adapted
for this purpose. The nascent literature on
data platforms that facilitate information
sharing (Bergemann, Bonatti, and Gan 2022;
Kirpalani and Philippon 2020) also provides
tools that could be incorporated into models
of macroeconomic phenomena.

6. Conclusions

Data are changing how we think about
measuring economic value. They are reduc-
ing the importance of borders with lower
transportation cost and ability to translate,
changing price setting in ways that could
affect monetary policy, and changing the
functioning of labor markets and the distri-
bution of the size of firms. We see evidence
of all these changes in the literature studied
here. But to predict how far-reaching these
changes will be and how large they will
eventually become requires a framework for
prediction. In the midst of structural trans-
formation, projection of past trends into the
future is not a reliable guide. Instead, we
need structural models and theories to guide
our thinking about the nature of this change.

While data are affecting every corner of
the economy, and evidence is accuamulating
that the effects are transformative, theories
exploring the role and value of data are only
just emerging. A variety of theoretical liter-
atures are bringing different tools and per-
spectives to the debate. From the growth
and patents literature come tools to think

about non-rivalry, imperfect competition,
and the ownership of data. The models may
also equate data with productivity. That
makes data a source of increasing returns
and perpetual growth.

The information frictions literature brings
the perspective that data are fundamentally
information. Information is a tool to reduce
uncertainty about unknown outcomes.
Machine learning and AI are prediction algo-
rithms, not invention algorithms. They are
designed to detect complex patterns and use
those patterns to forecast future outcomes.
Resolving uncertainty has finite benefits.
Infinite data may or may not bring perfect
foresight. Foresight makes firms more prof-
itable, perhaps much more profitable. But it
does not allow a firm, and certainly not the
aggregate economy, to produce arbitrarily
large quantities or value of real goods. The
bounded benefits to data imply that there
must be decreasing returns at some point.

The knowledge production approach
views data as input, typically with decreas-
ing returns, consistent with the information
literature. But this literature emphasizes
the need for complementary investments in
computing equipment and skilled labor.

Data are all three: data represents ideas,
information used for forecasting, and input
into the creation of knowledge. Each per-
spective has truth in it. But each is useful
for a different purpose. The idea literature
has lots of complementary tools to think
about idea/data ownership. The information
tool kit links data to risk and decision-mak-
ing under uncertainty. The inputs literature
can be combined with either of the other
two and helpfully predicts observable cor-
relates of data accumulation. Viewing data
as input might be useful for measurement
because it allows us to infer data from
observing physical investments or skilled
labor employment.

New work is needed to bring these per-
spectives closer, extract the best from each,
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and develop new frameworks that can help
us to understand, to measure and to value
the data economy.
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