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Abstract. We build an endogenous growth model with consumer-generated data as a new
key factor for knowledge accumulation. Consumers balance between providing data for
profit and potential privacy infringement. Intermediate good producers use data to inno-
vate and contribute to the final good production, which fuels economic growth. Data are
dynamically nonrival with flexible ownership while their production is endogenous and
policy-dependent. Although a decentralized economy can grow at the same rate (but are at
different levels) as the social optimum on the Balanced Growth Path, the R&D sector
underemploys labor and overuses data—an inefficiency mitigated by subsidizing innova-
tors instead of direct data regulation. As a data economy emerges andmatures, consumers’
data provision endogenously declines after a transitional acceleration, allaying long-run
privacy concerns but portending initial growth traps that call for interventions.
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1. Introduction
Data not only help produce new products and serv-
ices, but also are used in research and development
and knowledge creation, which in turn improves pro-
duction efficiency.1 Endogenous generation, dynamic
nonrivalry, and flexible ownership of data distinguish
them from labor and capital, with implications for la-
bor market allocations and policies. Meanwhile, the
proliferation of big data applications often comes at
the expense of consumer privacy and is associated
with discrimination and misuse.2 Despite the intro-
duction of data privacy laws ranging from the General
Data Protection Regulation (GDPR) to the California
Consumer Privacy Act (CCPA) to Japan’s Act on the
Protection of Personal Information, we know little
about how data (mis)usage, digital infrastructure, and
privacy regulation affect knowledge accumulation
and the growth of a dynamic economy where data are
the new key driver.

To fill in this gap, we build on Romer (1990) to de-
velop an endogenous growth model of the data econ-
omy. Our key innovation lies in that consumer data
add to R&D and knowledge accumulation. At the
same time, data are by-products of economic activities
with potential privacy issues, which differ from other

input factors such as labor or capital because growth
can endogenously feed back to data generation. Con-
sumers in our baseline model choose the quantity of
data to sell to intermediate firms, cognizant of poten-
tial information leakage and misuses. Innovative in-
termediate firms utilize the raw data for research that
contributes to the final good production. Specifically,
data are transformed into intermediate goods (infor-
mation products included)—a feature absent in other
models. Data can generate spillovers through knowl-
edge accumulation, which is further enhanced when
they are traded over time and used by multiple parties
with little reproduction costs (both static and dynamic
nonrivalry). These effects are moderated in the model
by the disutility from potential data privacy violation.

We show that a decentralized economy grows at
the same rate as the social optimum on the Balanced
Growth Path (BGP). But social welfare and consumer
surplus are strictly lower due to underemployment
and data overuse in the R&D sector. Monopolistic
markups in the production of intermediate goods lead
to a crowding out of labor in R&D (Jones 1995); pro-
ducers then compensate the underemployment of la-
bor in R&D by more aggressive utilization of data.
The crowding-out of labor crowds in data usage in
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R&D to a socially excessive level. R&D labor employ-
ment and data usage can thus deviate significantly
from those in the social planner’s solution, especially
in the initial phase of BGP (albeit less severe in the
long run).

Different from recent studies such as Jones and To-
netti (2020), data are overused even when they are
nonrival and owned by consumers who directly factor
in the disutility from data leakage or abuse. Direct reg-
ulation on data usage comes at the cost of economic
growth and constitutes a wealth transfer from future
generations to current generations. Rather than taxing
data overuse, our model reveals that subsidizing R&D
wage or intermediate producers are more effective at
mitigating the social inefficiency. Moreover, because
data expand the innovation possibility frontier that ex-
hibits diminishing returns to scale, historical data us-
age reduces the benefit of future data usage, potential-
ly leading to a declining data provision per capita in
the long run.

As the economy transitions into a steady growth,
data provision by consumers can undergo accelerated
growth before declining. Importantly, a low initial
growth may limit data generation even in the plan-
ner’s solution, which further delays the transition to
high growth stages in the long run—a form of growth
trap. Interventions such as foreign aid for digital infra-
structure development can help escape the trap, but
only to the extent that the data generating constraint
is still binding, that is, when economic activities trans-
late into limited volumes of data.

Our paper primarily contributes to the emerging lit-
erature on information and the data economy. Relative
to earlier studies on the social value, sales, and proper-
ty rights of information (e.g., Hirshleifer 1971, Admati
and Pfleiderer 1990, Murphy 1996), recent studies fo-
cus on connecting digital information with privacy is-
sues (e.g., Akçura and Srinivasan 2005, Casadesus-
Masanell and Hervas-Drane 2015) or the nonrivalry of
data and competition (e.g., Easley et al. 2019, Ichihashi
2020a). We differ by being the first to connect data us-
age to knowledge accumulation and endogenous
growth with privacy considerations. Furthermore, our
model complements studies microfounding data pri-
vacy concerns (e.g., Ichihashi 2020b, Liu et al. 2020),
and is broadly consistent with empirical patterns on
the correlation of data economy size with regulation,
privacy issues, and declining labor income share in the
United States and around the world (Karabarbounis
and Neiman 2014, Tang 2019, Barkai 2020, Liao et al.
2020, Abis and Veldkamp 2021).

As such, our theory adds to the large literature on
economic growth, especially recent studies embedding
data into growth models by allowing them to directly
enter production. For example, Jones and Tonetti
(2020) highlights the underutilization of data due to its

nonrivalry and the importance of giving data property
rights to consumers; Farboodi and Veldkamp (2020)
emphasize that data have bounded returns in long-run
growth. We complement Jones and Tonetti (2020) by
allowing data to facilitate knowledge accumulation in
a semiendogenous growth model (Jones 1995, 2016)
and accounting for the consumers’ data privacy con-
cerns in the spirit of Stokey (1998) and Acemoglu et al.
(2012).3 Through a mechanism different from Farboodi
and Veldkamp (2020), we also find that data play a
limited role in the long run.

2. The Model
We incorporate data production, data-based innova-
tion, knowledge accumulation, and data privacy con-
cerns into a macroeconomic model to characterize eco-
nomic growth. Our dynamic “data economy” consists
of representative agents who are both consumers and
workers, innovative intermediate producers, and a fi-
nal good producer. Time is continuous and infinite.

2.1. Representative Consumers
A population of homogeneous representative con-
sumers (or households) grow at a constant rate n and
is L(t) at time t. Besides consumption, they each
choose in each period to supply one unit of labor in-
elastically in either the R&D sector (intermediate good
production) or final good production.

Each consumer produces data as by-products of
consumption (e.g., Veldkamp 2005) and can sell the
data to intermediate good producers.4 However, the
data involve personal information and risk leakage
and misuse, leading to a disutility that they consider
when selling data. We follow the literature (e.g., Jones
and Tonetti 2020) to allow data to fully depreciate in
every period in the baseline model, but relax this as-
sumption in Online Appendix 2.2 and further discuss
it in Section 3.5.

Each consumer’s utility maximization problem is
then as follows:

max
c t( ),φ t( )

∫ ∞

0
e− ρ−n( )t c t( )1−γ − 1

1 − γ
− φ t( )σ

[ ]
dt, (1)

subject to

ȧ t( ) � r t( ) − n( )a t( )
+ w t( ) + pφ t( )φ t( ) − c t( ), ∀t ∈ 0,∞[ ), (2)

and

φ̇ t( )
φ t( ) ≤

ċ t( )
c t( ) + s: (3)

Here, c(t) is the per capita consumption level at time t,
and φ(t) is the quantity of data a consumer provides
to potential intermediate producers for R&D. ρ is the
consumers’ discount rate, the reciprocal of γ (also
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indistinguishable from the coefficient of risk aversion)
is the elasticity of intertemporal substitution (EIS) of
consumption, and σ parameterizes the disutility of
data misuse or privacy violation, φ(t)σ, which also de-
pends on the quantity of data provided. s represents
the tightness of this constraint and depends on the
digital infrastructure, legal development, and privacy
regulation policy of the country. We normalize s to
zero in the baseline and discuss comparative statics
with respect to s later to understand the impact of pol-
icy intervention.

In the budget constraint (2), a(t) is the asset held by
a consumer at time t and r(t) is its interest rate. w(t)
and pφ(t) are the time-t wage for labor and price of
data, respectively. The relevant variables for transi-
tional dynamics are the growth rates of data contribu-
tion and consumption. To see this, we can derive the
system’s evolution in the form of Euler equations
from the Hamilton:

ċ t( )
c t( ) �

r t( ) − ρ

γ
(4)

and

ṗφ t( )
pφ t( ) − σ− 1( ) φ̇ t( )

φ t( ) � r t( ) − ρ: (5)

Constraint (3) therefore requires the growth rate of
data provision to be bounded by the corresponding
growth rate of consumption, which is natural and en-
sures analytical tractability. Moreover, (3) directly im-
plies that φ(t) ≤ χc(t) for some constant χ > 0, which
other recent studies feature. In other words, data are
by-products of economic activities and cannot exceed
a fixed proportion of consumption activities.

2.2. The Final Good Producer
A representative final good producer operates in a
competitive environment with a production function,

Y t( ) � LE t( )β
∫ N t( )

0
x v,t( )1−β dv, (6)

where LE(t) is the labor employed and N(t) is the
number of varieties of intermediate goods used in the
final good production at time t. x(v, t) is the total
amount of intermediate good of variety v, which can
only be used in the final good production for one peri-
od. We can view price px(v, t) as the rental fee of pat-
ents. Finally, β is the elasticity coefficient of labor in
the final good production. The final good producer’s
profit maximization over labor employed and the
amount of each intermediate good yields the first-
order conditions:

x v, t( ) � 1− β

px v,t( )
[ ]1

β

LE t( ), (7)

and

w t( ) � βLE t( )β−1
∫ N t( )

0
x v, t( )1−βdv: (8)

2.3. Intermediate Producers
An unlimited pool of potential intermediate pro-
ducers decide whether and how much to conduct re-
search, the success of which gives them monopoly
over the intermediate product developed. An interme-
diate producer therefore enters the market by con-
ducting R&D and evaluating the prospective profit
from success less the costs of labor and data as inputs
for R&D. We solve the intermediate producers’ prob-
lem through backward induction.

2.3.1. Production Phase. Upon R&D success, each en-
trant produces a distinct variety of intermediate goods
in a monopolistic market. The present value of an in-
termediate good of variety v is

V v, t( ) �
∫ ∞

t
exp −

∫ s

t
r τ( )dτ

( )
π v, s( )ds, (9)

where the profit from the intermediate good of variety
v in a single period of time t is

π v, t( ) � px v, t( )x v, t( ) −ψx v, t( ): (10)

Here, ψ is the marginal cost of this production pro-
cess, which is set as constant in this economy.

Substituting (7) into (10) and taking derivative with
respect to px(v, t) yields the optimal price of each vari-
ety of intermediate good:

px v, t( ) � ψ

1− β
, (11)

which is the same among different varieties and dif-
ferent periods. Next, substitute (11) into (7):

x v, t( ) � 1− β
( )2

ψ

[ ] 1
β

LE t( ) ≡ x t( ), (12)

which implies that production quantity is indepen-
dent of the variety.

Substituting (11) and (12) into (6) and (10), respec-
tively, we get

π v, t( ) � ψ1−1
ββ

1 − β
( )1−2

β

LE t( ) ≡ π t( ) (13)

and

Y t( ) � 1 − β
( )2

ψ

[ ]1
β−1

N t( )LE t( ): (14)

Also, we derive the wage rate as:

w t( ) � β
1 − β
( )2

ψ

[ ]1
β−1

N t( ): (15)
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2.3.2. Entry and R&D Phase. Potential intermediate
producers enter by conducting R&D using both labor
(researchers, including those working on computing,
and AI to allow us to use data more efficiently), LR(t),
and data purchased from consumers, φ(t)L(t).5 We as-
sume that intermediate producers pay a “data proc-
essing cost” before they use data for R&D:

θφ t( )φ, where θ ≥ 0 and φ > 1: (16)

For simplicity, we set θ � 0 in the baseline model, and
solve in Section 3.6 the general case in which θ > 0
and φ > 1 ensure that the cost function is increasing
and convex. We need θ > 0 when we allow firm own-
ership of data because otherwise the solution is trivial:
Firms certainly use up all the data if there is not any
data processing cost.

We also specify the evolution of the aggregate inno-
vation possibility frontier (number of varieties) as:

Ṅ t( ) � ηN t( )ζ φ t( )L t( )[ ]ξLR t( )1−ξ

� ηN t( )ζφ t( )ξlR t( )1−ξL t( ), (17)

where η > 0 is an efficiency term of innovation, ξ ∈
(0, 1) represents the relative contribution of data and
labor in innovating process, 0 < ζ < 1 captures the
spillover effect of knowledge, φ(t)L(t) corresponds to
data provided by all the consumers in the period,
LR(t) is labor employed in R&D sector, and lR(t) �
LR(t)=L(t) denotes the fraction of labor employed in
the R&D sector.6 Labor market clearing condition re-
quires LE(t) + LR(t) ≤ L(t).

The fact that data enter the R&D of intermediate
goods distinguishes our paper from studies such as
Jones and Tonetti (2020) that have data only entering
directly into final good productions (similar to the
x(v, t) in our model). While it holds for data-intensive
industries (e.g., self-driving cars) that use data directly
as inputs, other industries instead use nondata interme-
diate goods as inputs. Data, in addition to R&D labor,
can be useful for creating those intermediate goods,
which our model captures. As Romer (1990) aptly puts,
“an intermediate-goods sector uses the designs from
the research sector together with forgone output to pro-
duce the large number of producer durables that are
available for use in final-goods production at any time.”
Our model speaks to non-data-intensive industries as
well.

An intermediate producer decides how much labor
LR(t) � lR(t)L(t) and data φ(t)L(t) to employ and pur-
chase to maximize the expected net profit:

max
LR t( ),φ t( )

ηN t( )ζφ t( )ξlR t( )1−ξL t( )V t( )

−w t( )lR t( )L t( ) − pφ t( )φ t( )L t( ):

The first order conditions yield two free-entry condi-
tions:

ηξN t( )ζφ t( )ξ−1lR t( )1−ξV t( ) � pφ t( ), (18)

and

η 1− ξ( )N t( )ζφ t( )ξlR t( )−ξV t( ) � w t( ): (19)

Intermediate producers enter until the marginal bene-
fits of adding data or labor equal to the marginal costs.

2.4. Equilibrium Definition
An equilibrium in our model is an allocation in which
all intermediate producers choose {px(v, t),φ (t),
LR(t)}∞v∈[0,N(t)], t�0 to maximize the discounted value of
profits, the evolution of {N(t)}∞t�0 is determined by
free entry, the evolution of {r(t),w(t),pφ(t)}∞t�0, is con-
sistent with market clearing, the evolution of {LE(t),
x(v, t)}∞v∈[0,N(t)], t�0 is consistent with the final good pro-
ducer’s profit maximization, and the evolution of
{c(t),φ(t),LE(t),LR(t)}∞t�0 is consistent with consumers’
utility maximization.

2.5. Distinguishing Features of Data
Although the functional forms of how data enter the
production function of intermediate goods resemble
that of R&D-specific labor, the role of data in econom-
ic growth is fundamentally different from labor or
capital. It is worth clarifying the distinguishing fea-
tures of data before we proceed to solve the model.

First, whereas population dynamics are exogenous
in many growth models (such as the possible supply
of labor), data are endogenized by consumption,
which is itself endogenous and depends on data usage
in knowledge accumulation. Privacy regulations such
as the GDPR and CCPA can affect the endogenous
production and usage of data while population
growth is more organic and hard to regulate with im-
mediate effects. Also, note that neither capital nor la-
bor usage causes disutility from privacy concerns.

Another key distinguishing feature of data our pa-
per highlights is dynamic nonrivalry. In Jones and
Tonetti (2020), all firms need data for production and
the nonrivalry is static and cross-sectional. In our
model, only potential intermediate producer needs to
use raw data in every period, although the entrants
and incumbents are benefiting from the same data
without incurring high reproduction costs. Because
data are traded between intermediate producers en-
tering in different periods, the focus is more on data
nonrivalry over time.

This is implicit in our setup: Even though data are
fully depreciated every period, they contribute to
knowledge accumulation over time in terms of varie-
ties of intermediate goods, which differs from the lit-
erature that only allows labor to enter the evolution.
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Intuitively, a firm may innovate incrementally by ob-
serving other firms’ previous data-based innovations.
As such, data create knowledge spillovers to future
periods by creating new varieties—a form of dynamic
nonrivalry.

One more distinguishing feature of data from R&D-
specific labor is that data can be owned by firms but la-
bor cannot. Traditional firms use long-term labor con-
tractswhile recent on-demand labor or freelance services
as seen in Uber, TaskRabbit, Scripted, and Amazon’s
Mechanical Turks require spot compensations (The
Economist 2018). Neither entails firm ownership.

We further elaborate on data’s endogenous pro-
duction and usage as by-products of economic activ-
ities, nonrivalry under knowledge accumulation and
creative destruction, and flexible ownership in Sec-
tions 3.4, 3.5, and 3.6, respectively, as we character-
ize the equilibrium.

3. Data Economy on the Balanced
Growth Path

We first solve the model along the Balanced Growth
Path (BGP), which requires that all variables are grow-
ing at the same constant rate—a steady state of trans-
formed variables that the literature focuses on. Cons-
tant growth then implies r(t) � r∗ (Equation (4)). We
then identify inefficient data overuse and underprovi-
sion of R&D labor, explore policy remedies, and discuss
the implications of data nonrivalry and ownership.

3.1. Growth Rate and Labor Share in a
Decentralized Economy

Proposition 1. The economic growth of the decentralized
economy on the balanced growth path does not exhibit scale
effect, and the BGP growth rates can be expressed as follows

g∗c � g∗y � g∗N � g∗ � σ

1 − ζ( )σ − ξ 1 − γ
( )[ ]

n: (20)

The constraint on data provision per capita never binds un-
der BGP, and its growth rate is:

g∗φ � 1 − ζ

ξ
g∗ − 1

ξ
n � 1 − γ

1 − ζ( )σ − ξ 1 − γ
( )[ ]

n < 0: (21)

Online Appendix 1.2 contains the proof. Here, g∗φ is
negative: As the economy grows on a BGP, the data
each person contributes steadily decrease in the long
run, although the aggregate data use can still grow.

Because we recognize data as an input into the in-
novation possibility frontier, the BGP growth rates are
related to not only the population growth (n), but also
consumers’ EIS (1=γ), relative contribution of data to
innovation (ξ), and knowledge accumulation in the
form of varieties of intermediate goods.

Specifically, note that all growth rates on BGP are ul-
timately driven by the exogenous population growth
rate n; growth rates become zeros when n becomes
zero.7 In Online Appendix 2.1, we derive the parame-
ter ranges for a BGP equilibrium to exist and to be
unique. We restrict our discussions within these pa-
rameter ranges throughout the paper.

Next, when γ converges to 1, consumers’ utility
function converges to a logarithmic form as in Jones
(1995), the BGP growth rate becomes, according to (20)

g∗γ→1 �
n

1− ζ
: (22)

Here, only knowledge accumulation and population
growth rate influence the BGP growth rate. Yet, in
contrast with g∗Jones � n(1− ξ)=(1− ζ) in Jones (1995),
our BGP growth rate is higher under the same set of
parameters because data add positively to the innova-
tion possibility frontier.

In general, when γ > 1 (as empirical studies in the
macro and behavioral literature consistently estimate,
e.g., Coen 1969, Lucas 1969, Vissing-Jørgensen 2002),
we find that BGP growth rate increases with ξ, the ex-
tent that data influence innovation possibility frontier.
Counter-intuitively, BGP growth rate also increases in
σ, the severity of privacy concerns, and converges to
(22). This general equilibrium effect stems from the
fact that consumers in equilibrium require a higher
growth rate to compensate for the disutility from
greater privacy concerns or information leakage.8 Fi-
nally, the relationship between γ and growth rate is
negative: Consumers prefer lower growth rate and
thus less production when they are less willing to sub-
stitute current consumption with future consumption.

Besides growth rates, we derive the following result
regarding labor shares in Online Appendix 1.3:

Proposition 2. In this decentralized economy, the share of
labor employed by the R&D sector sD is constant in BGP,
which is determined by

sD � 1
1+ΘD

, where ΘD � g∗γ+ ρ− n
g∗ 1− ξ( ) 1− β

( ) :
Here, the subscript “D” stands for decentralized. A
larger growth rate g∗ encourages firms to employ
more labor in R&D. When the population stops grow-
ing (g∗ � 0), labor in the R&D sector becomes zero be-
cause without growth, using labor in R&D only leads
to disutility of consumers.

3.2. Growth Rate and Labor Share Under the
Planner’s Solution

We now derive the BGP growth rates and the shares
of labor allocated in the two sectors under socially op-
timal allocations, which constitute a benchmark for
comparison with those in the decentralized economy.
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The equilibrium in a decentralized economy is not so-
cially optimal because of monopolistic competition
and knowledge spillover (the First Welfare Theorem
fails here).

A social planner maximizes the utility of represen-
tative consumer/household, (1), subject to the re-
source constraint. The resource constraint requires
that the aggregate consumption C(t) � c(t)L(t) equals
the aggregate net output, which we denote by Ỹ(t). In
other words,

C t( ) � Ỹ t( ) ≡ LE t( )β
∫ N t( )

0
x v, t( )1−βdv−

∫ N t( )

0
ψx v, t( ) dv:

We first characterize the static allocation given N(t) in
every period. The social planner chooses the optimal
level of intermediate goods input [x(v, t)]v∈[0,N(t)] at
each time t given the time paths of C(t), φ(t), and N(t),
which is equivalent to maximizing Ỹ(t) with respect
to x(v, t). Thus, the optimal net output is:

ỸS t( ) � ψ

1− β

( )1−1
β

βN t( )LE t( ), (23)

where the subscript “S” indicates the social planner’s
problem. Relative to the decentralized economy (14),
ỸS is larger with a markup of (1− β)1−1=β=(2−β) given
the same level of labor and technology. This difference
comes from the monopoly power in a decentralized
economy, which lowers the provision of intermediate
goods and thus, the net output of the final good.

Given (23), the social planner solves (dropping the
subscript “S” to simplify notation):

max
c t( ),φ t( )

∫ ∞

0
e− ρ−n( )t c t( )1−γ − 1

1− γ
−φ t( )σ

[ ]
dt, (24)

subject to

Ṅ t( ) � ηN t( )ζφ t( )ξlR t( )1−ξL t( ), (25)

c t( ) � ψ

1− β

( )1−1
β

βN t( )lE t( ), (26)

lR t( ) + lE t( ) � 1: (27)

Here, (25) is the innovation possibility frontier, (26) is
the simplified resource constraint, and (27) requires la-
bor market clearing. In Online Appendix 1.4, we de-
rive the following proposition:

Proposition 3. With γ > 1, BGP growth rates in the social
planner’s problem are the same as those in the decentralized
economy.

Despite the lower net aggregate output relative to
the planner’s solution, the decentralized data econo-
my grows at the same rate. The growth rates are

determined by the final goods production and the us-
age of data. The former is the same under the decen-
tralized and the planner’s solutions. The latter exhibits
a gap due to the markup created by the data price
mechanism in the decentralized economy (as opposed
to the planner’s directly setting data usage), which
causes the decentralized equilibrium to be less socially
efficient. But, the gap is a constant and does not mani-
fest in growth rates.

Reminiscent of Jones (1995), growth rates alone can-
not fully characterize the performance of an economy.
We thus also examine the labor share in R&D and de-
rive in Online Appendix 1.5:

Proposition 4. In the social planner’s problem, the share
of labor allocated in the R&D sector sS is constant in BGP,
which is determined by

sS � 1
1+ΘS

, where

ΘS � σ− ξ( )n+ ξρ

ξ 1− ξ( )g∗S
− σ− ξ( ) 1− ζ( )

ξ 1− ξ( ) : (28)

Without monopolistic production, the result differs
from that in the decentralized economy. To ensure
sS ∈ [0, 1], that is, ΘS ≥ 0, we also note that the BGP
growth rate under the planner’s solution cannot be
too high:

0 < g∗S <�
1

1− ζ
n+ ξ

σ− ξ
ρ

( )
: (29)

This upper limit consists of three components: knowl-
edge accumulation, population growth, and a data-
related term. Intuitively, a social planner does not
want the growth of the economy to be too fast since
higher growth rates require more data usage, which
can create excessive data leakage or privacy violations
in expectation. When γ > 1, g∗S is given by (20) and
(29) always holds. But when γ < 1, it is possible that
the upper limit binds and the planner’s solution fea-
tures slower growth.

3.3. Misallocation and Data Overuse in a
Decentralized Economy

Endogenous labor allocations between production and
R&D sectors influence other variables in equilibrium.
In particular, with n, β, γ and ρ taking on standard val-
ues from the existing literature, the labor allocation in
the R&D sector in the social planner’s problem is al-
ways larger than that in the decentralized economy.
Figure 1 plots this difference as we vary the influence
of data in innovation possibility frontier (ξ), knowl-
edge accumulation through innovation possibility
frontier (ζ), and the severity of privacy concerns in the
consumers’ utility function (σ). The larger σ is, the
more the failure to internalize privacy concerns creates
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misallocation; the overuse of data and underallocation
of labor in R&D are especially severe when data are
important for innovation (large ξ) and knowledge ac-
cumulation is slow (small ζ).

Our model thus reveals a new source of inefficiency
in the decentralized economy, even though the
growth rates are the same as those in the planner’s so-
lution: undersupply of labor and overuse of data in
the R&D sector. This finding contrasts and comple-
ments recent studies such as Jones and Tonetti (2020),
which predicts an underutilization of data due to its
nonrival nature. In our setting, data are overused
even when owned by consumers who directly factor
in the disutility from data leakage and/or abuse.

Similar to Jones (1995), the underallocation of labor
in the R&D sector comes from monopolistic markups
in the production of intermediate goods. The final
good producer employs more labor to compensate for
the lower production and usage of intermediate
goods, which in turn crowds out labor employed in
R&D. The crowding out of labor in R&D is exacerbat-
ed because intermediate producers are less reliant on

labor, once data enter the evolution of the innovation
possibility frontier (unlike Jones 1995, in which labor
is the only input for the innovation possibility fron-
tier). To maintain the same growth rate as in the plan-
ner’s solution, intermediate producers have to com-
pensate the underemployment of labor in R&D by
more aggressive utilization of data. In other words,
this crowding-out effect of labor crowds in data usage
in the R&D sector to a socially excessive level. Given
the parameter set we have, data usage is four to five
times higher in the decentralized economy than in the
social planner’s problem.

3.4. Data Generation and Regulatory Policies
Different from R&D-specific labor, the production of
data is endogenized by consumption, which itself is
also endogenous. More data supplied add to innova-
tions on variety, which in turn spurs consumption (e.g.,
in BGP), which then further relaxes the data generating
constraint. Such a feedback is absent when it comes to
labor or capital in that consumption is typically

Figure 1. (Color online) Difference in Labor Employed in the R&D Sector Between the Two Cases

Notes. The figure shows the difference of labor allocated in R&D sector between decentralized economy and the social planner’s problem. Light
color represents larger differences (greater misallocation) and dark represents smaller ones. Other parameters are set as n � 0:02, β � 2=3, γ � 2:5,
ρ � 0:03, which are standard values used in existing literature. ξ ∈ [0, 1], σ > 1 ensures the convexity of disutility term in consumer’s utility func-
tion and ζ ∈ [0, 1] ensures the existence of BGP.
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decoupled from the exogenous evolution of population
size or the growth in potential capital to be allocated.

As such, privacy regulations reducing s in (3) may
affect the production and thus the usage of data.9

However, reducing s would reduce growth rate and
would not lead to welfare improvement without
sacrificing growth, if it improves welfare at all. A full
analytical characterization is not tractable, not to men-
tion that such an intervention entails intergenerational
transfers in practice, which can be controversial. We
therefore restrict our discussion in this section to poli-
cy interventions that preserve growth rates in the
planner’s BGP solution.

We find that levying a tax on the usage of data al-
ters the transitional dynamics but is ineffective in
bringing the equilibrium allocations in decentralized
economy closer to the social planner’s solution be-
cause as discussed in Online Appendix 3.1.1, it does
not solve the underemployment of labor in R&D but
only slows down the economy before it eventually re-
turns to the original BGP path. However, subsidizing
labor wage rate in the R&D sector or subsidizing in-
termediate producers in terms of profit proves to be
effective. Appendices 3.1.2 and 3.1.3 derive these opti-
mal subsidies.

The intuition is that labor wage is pinned down by
both the R&D and production sectors, and a subsidy
directly affecting the wage level alters the labor share.
Specifically, because labor allocations are derived
from equalizing wages in the R&D sector and produc-
tion sector, a government can apply taxes or subsidies
to adjust the prices of factors to alleviate the overuse
of data in intermediate producers’ R&D. For example,
a subsidy of rate 0 < τ(t) < 1 to the R&D sector for em-
ploying labor would modify (19) into

η 1− ξ( )N t( )ζφ t( )ξlR t( )−ξV t( ) � τ t( )w t( ),
while (15) remains unchanged. Then, one can derive
the desirable τ(t) by equating the labor share to that in
the social planner’s problem.10 To avoid overuses of
data and potential privacy violations, intermediate
producers should be incentivized to employ more la-
bor for innovation with subsidies on wages in the
R&D sector, which would lower data usage.

In contrast, data price is pinned down by intermedi-
ate producers and consumers. The consumers’ joint
decision on consumption and data provision implies
that they care about the growth rate of data provision,
not the level, as seen in (5). In a sense, a direct tax on
data purchase is decoupled from the data provision
and because of that, would not alter the equilibrium
labor share.11 Consequently, the underemployment in
the R&D and data overuse persist.

Our findings have important policy implications be-
cause the current debate has centered on privacy

regulations, which decisively affect the data
economy’s growth. We demonstrate how R&D labor
relates to the increasing use of data and how labor
market policies can effectively reduce excessive data
overuse to improve the social welfare.

3.5. Historical Data and Dynamic Data Nonrivalry
One unique and important property of data we high-
light thus far is dynamic nonrivalry. Beyond its implicit
manifestation through the evolution of intermediate
good varieties in the baseline specification, we now ex-
tend our discussion of dynamic nonrivalry by explicitly
modeling the trading of historical data and the associ-
ated creative destruction. Specifically, instead of one
potential intermediate producer using data for research
(and entry) with full depreciation, we now assume:

• Data generated at time t can also be used and trad-
ed in the following M > 0 periods. Historical data de-
preciate at a rate of δ.

• Potential intermediate producers can purchase not
only data from current consumers, but also historical
data from existing intermediate producers entering in
the past M periods. The new and historical data bun-
dles are perfect substitutes.

• The owners of historical data determine the pro-
portion of data sold to newcomers, fully recognizing
potential creative destruction.

• If historical data are reused by new intermediate
producers, disutility of contributing consumers is also
cumulative according to the usage.

In a sense, data become a stock variable, whereas la-
bor is a flow variable in the intermediate good produc-
tion function. Online Appendix 3.2 contains detailed
derivation and discussion, which are summarized here:

Proposition 5. Dynamic data nonrivalry under creative
destruction as specified does not change the BGP growth
rates or labor share in the decentralized economy and social
planner’s problem. However, incumbent intermediate pro-
ducers are always willing to sell more than the social opti-
mal level of historical data to entrants in the decentralized
economy, as long as the negative effect of creative destruc-
tion does not come to an extreme level.

The implicit dynamic nonrivalry in our baseline
model still exists: Data are transformed into new vari-
eties of intermediate goods, and the existing level of
varieties can affect the R&D process in future. But, the
proposition demonstrates that the key findings are ro-
bust to explicitly modeling data nonrivalry and the di-
rect use of historical data. Therefore, the differences
between our findings and Jones and Tonetti (2020)’s
are driven by the dynamic nature of data usage we
model, not by the simple consideration of nonrivalry.
Moreover, the proposition has implications for regu-
lating data resale among intermediate producers, an
interesting topic for future studies.
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3.6. Data Ownership
So far, we have allowed consumers to own data and
the firms (intermediate producers) to acquire data by
paying the consumers. We now consider cases with
positive data processing cost θ > 0 under both con-
sumer ownership and firm ownership (detail deriva-
tion in Online Appendix 3.3). θ > 0 would not affect
much of the equilibrium outcomes when consumers
own data as long as the knowledge spillover effect is
moderate, but consumers’ EIS are reasonably moder-
ate and the data processing cost is sufficiently convex
(which holds true due to, e.g., curse of dimensionality).
The main new insight from the analysis is the positive
BGP growth rate of data provision when firms own
data. In other words, data usage under BGP could be
increasing when firms own data, which is different
from the decreasing trend when consumers own data.

Intuitively, because firms no longer need to pay
consumers for data usage, they no longer bear the dis-
utility of potential privacy violation. Although they
still pay a mechanical “data processing cost”, it does
not push the BGP growth rate of data provision to
negative as we have seen in the case in which consum-
ers own data. That said, under standard parameter
values, for example, ξ � 0:5, ζ � 0:85, and φ > 1, the
BGP growth rate of other variables, g∗, is still larger
than g∗φ. This is consistent with our baseline model:
Data usage becomes trivial in BGP compared with
consumption as time passes.

Moreover, Sections 3.5 and 3.6 demonstrate that our
finding on data overuse is robust to nonrivalry and
ownership variation. This result differs from and com-
plements Jones and Tonetti (2020), which emphasizes
the underutilization of data due to its cross-sectional
nonrivalry and the importance of consumer data own-
ership. Because data add to innovation over time and
have persist benefits in our model (instead of only en-
tering contemporary production as in Jones and Tonetti
(2020)), firms are more willing to utilize and purchase
data if consumers own data.

4. Transitional Dynamics:
A Numerical Analysis

The transitional dynamics of the data economy onto a
BGP also reveal interesting patterns, as we demon-
strate numerically with the baseline model setup.
Even without regulations restricting the use of data, a
decline in data usage could occur as the economy

grows, which mitigates the concern of data privacy.
At the same time, for data economies with minimal
initial growth, the process of data generation dictates
that they may be trapped in low-growth regimes for a
long time without any intervention to improve digital
infrastructure or relax privacy regulation.

4.1. Methodology and Calibration
Similar to Jones (2016), we focus on the planner’s solu-
tion in this numerical exercise mainly for tractability.
This would be the situation if a benevolent govern-
ment implements policies, balancing privacy protec-
tion and growth, such as the subsidy scheme we men-
tioned earlier. Instead of a formal calibration designed
to replicate any country’s data, this analysis is best
viewed as an illustration of the basic transitional dy-
namics that are possible in our theoretical framework.

We derive in Online Appendix 2.3 a system of dif-
ferential equations that describe the dynamics of the
planner’s economy. They consist of a constraint on
data generation (3) and three state-like variables
whose interpretations and steady state values are
shown in Table 1. Other variables can be derived from
them. We solve the system of differential equations
using “reverse shooting” (Judd 1998).12 Table 2 pro-
vides a summary of parametrization.

4.2. Results and Discussions
We can simulate the paths of the three state-like varia-
bles before reaching equilibrium for different values
of σ, which stands for the extent of disutility caused
by privacy leakage. We can then derive the paths of
other variables like c(t) and φ(t). Figure 2 provides an
illustration of the transitional dynamics for σ � 1:5
with and without the data provision constraint here.
Other cases exhibit similar patterns, which we discuss
further in Online Appendix 2.4.

Several robust patterns emerge. No matter where
an economy starts before BGP, the growth rate of con-
sumption and variety both move to the steady state
levels, and a transition can happen relatively quickly
once the economy reaches nontrivial growth (suffi-
ciently away from zero), as (a) and (c) show. More-
over, as shown in (b) and (d), the growth rate of data
provision decreases from positive to negative in BGP.
For an economy starting from low growth, the provi-
sion of data increases rapidly for the accumulation of
varieties of intermediate goods, which contributes to

Table 1. State-like Variables for Studying Transitional Dynamics

Variable Meaning Steady state value

gN(t) Growth rate of variety of intermediate goods (20)
gμ(t) Growth rate of shadow price corresponding to technology change g∗μ � σ(1−ζ)−ξ

ξ g∗N − σ
ξn

lE(t) Ratio of labor employed in production sector (28)
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the final good production and growth in consump-
tion. Along this transitional path, labor moves from
production sector to R&D sector, which reflects how
labor is used to compensate for the decreasing provi-
sion of data.

Notice that in Panel (a), different from the growth rate
of variety, the growth rate of consumption undergoes
some periods of negative growth before increasing to
the positive growth ratewithout constraints on data pro-
vision. The temporary pain is common in the growth

literature (e.g., Brock and Taylor 2010) and indicates that
at the beginning of the adjustment to high BGP growth,
labor moves out from the production sector, which
causes the decrease of output and consumption. But
data are unique because economic activities constrain
their supply, as is clear from (d) in which data provision
is binding from time 0 to 400. The temporary pain is ab-
sent because moving labor away from production is not
as costly as before, due to declines in data provision
(which lead to slower growth rates).

Table 2. Parameters for Studying Transitional Dynamics

Variable Meaning Value Source

β Contribution of labor in final good production function 2=3 Standard
γ Reciprocal of Elasticity of Intertemporal Substitution 2.5 Standard
ρ Subjective discount factor 0.03 Standard
ξ Contribution of data in innovation possibility frontier 0.5 Discretionary
ζ Knowledge accumulation through innovation possibility frontier 0.85 Discretionary
σ Severity of consumers’ privacy concern 1.5 Discretionary
n Population growth rate 0.02 Standard
η Efficiency term in innovation possibility frontier 1 Standard

Figure 2. (Color online) Key Variables Along Transitional PathWhen σ � 1:5

Notes. These figures show the transitional dynamics of the social planner’s problem when σ � 1:5, with and without the constraint of data provi-
sion. The economies undergo long but relatively steady states before finally reaching BGP at the end points.

Cong, Xie, and Zhang: Knowledge Accumulation, Privacy and Growth in a Data Economy
Management Science, 2021, vol. 67, no. 10, pp. 6480–6492, © 2021 INFORMS 6489

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

20
8.

10
5.

18
9.

22
7]

 o
n 

16
 J

an
ua

ry
 2

02
4,

 a
t 0

9:
18

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 



The transitional dynamics is also broadly consistent
with the empirical patterns in Abis and Veldkamp
(2021) that the labor income share in knowledge work
is decreasing. Formally, labor income share is decreas-
ing in lR(t) in our model:

Labor Income Share

� w t( )L t( )
pφ t( )φ t( )L t( )

� η 1− ξ( )N t( )ζφ t( )ξlR t( )1−ξV t( )L t( )
ηξN t( )ζφ t( )ξlR t( )1−ξV t( )L t( )

1

lR t( )
� 1− ξ

tξ

1

lR t( )
:

With similar extent of labor allocation in intermediate
and final goods in production sectors under the de-
centralized economy, our numerical simulations re-
veal this decreasing trend of labor income share as
lR(t) increases in transitional states.

4.3. Implications for Growth Trap and
Privacy Concerns

Comparing the cases with and without the constraint
of data provision, we find that constraint (3) binds for
an economy with low initial growth rate. The per capi-
ta data contribution is also much lower than the case
without the constraint. Importantly, for an economy
starting with a growth rate close to zero, it takes al-
most 200 additional time periods (years) for it to reach
BGP. Even after reaching BGP growth, the economy’s
output could be significantly lower due to the delay of
accelerated growth. The intuition is straightforward:
Initial low growth limits data generation, which nega-
tively feeds back to growth because data constitute an
input factor for innovations in intermediate good
variety.

An intervention to boost the initial growth rate is cru-
cial for escaping such a growth trap. Meanwhile, we
should notice that the social planner problem is at a na-
tional level. Thus, intervention to relax the data provi-
sion constraint (3) here is more at an international level,
for example, actions taken by the World Bank or IMF
or fellow countries in European Union to improve digi-
tal infrastructure and data collection/storage efficiency
or share expertise, which relax (3). Also, if the central
planner is originally too budget/cash constrained to
improve data infrastructure, foreign subsidies might
help relax the binding constraint temporarily.

Global waves of technological innovations such as
the Internet and AI take place when countries are hav-
ing different population growth and different envi-
ronments for technology transfer and spillover. This
can lead to vastly different transitional dynamics. The
tightness of data constraint s does not affect the BGP
growth rates, but affects transitional dynamics. For

example, the United States and Europe are in the
same stage of development when data economy
emerges, but the difference in privacy protection (dif-
ferent s) makes them tread different paths, reaching
BGP at different times.

First, as the economy just starts to grow, data can
significantly facilitate the transition to BGP, as illustrat-
ed in Figure 3: Economies 1 and 2 have the same pa-
rameters but start at different stages in their transitions
to BGP, with Economy 1 trapped in near zero growth
for a prolonged period of time. An intervention to en-
hance data facilities and digital infrastructure or to re-
lax privacy regulation (increasing s) can help escape
the growth trap earlier. However, even when such in-
terventions fully relax (3), that is, s→∞, they compen-
sate the lagging behind Economy 2 only partially.

In the long run, because the knowledge accumula-
tion parameter ζ is set to be smaller than one, it be-
comes less effective to provide more data for creating
new varieties of intermediate goods as the existing va-
rieties accumulate. Thus, the growth rate of data pro-
vision decreases after some periods of increase. As
data become less productive in the innovation pro-
cess, the economy substitutes the use of data with
more labor to focus on better exploitation of data. Fi-
nally, as the economy matures (transition to BGP), the
benefit of using data are diminishing but individual’s
privacy concerns remain, which reduce each consum-
er’s endogenous data contribution. In that regard, pri-
vacy issues in the long run may not be as severe as
current debates indicate. Instead, regulatory policies
could focus on the overuse of data in the R&D sector,
as discussed in Section 3.4.

5. Conclusion
We develop an endogenous growth model against the
backdrop of the rise of big data and digital economy.
Although a decentralized economy on the balanced
growth path grows at the same rate as in the socially
optimal allocations, data are inefficiently overused and
R&D is understaffed. Consumers suffer because they
are inadequately compensated for potential informa-
tion leakage and privacy violation. When consumers
own data, data privacy concerns become allayed in the
long run because the use of data eventually declines.
However, less developed economies with low growth
at the dawn of the data economy may face a new form
of poverty trap that potentially warrants interventions.

For the first time, we treat data as an input factor be-
sides labor in the process of creating new varieties of
intermediate goods, which subsequently fuel the pro-
duction of final good and long-run growth. We high-
light data’s endogenous generation as by-products of
economic activities, nonrivalry in a dynamic environ-
ment, and flexible ownership. For tractability and
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focus, we necessarily leave out certain aspects of the
data economy such as final goods differentiation.
Therefore, our findings should be taken as first-order
benchmark results rather than foregone conclusions.
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Endnotes
1 Data have become a key input to many technology and financial
firms (e.g., Arrieta-Ibarra et al. 2018, Cong et al. 2019, Veldkamp
and Chung 2019); Manyika et al. (2011) estimate that big data re-
search is believed to save over 100 billion Euros for Europe, and re-
duce medical care cost of the United States by 8% or 300 billion dol-
lars annually.
2 Cambridge Analytica and Facebook’s data scandal presents a sa-
lient example (Confessore 2018). The United States has the highest
ratio of data records stolen relative to population (over 6 billion sto-
len records, exceeding the population by 19 times, Sobers 2020).
Data from China Judgements Online and China Academy of Information

and Communications Technology also reveal that civil and criminal
cases of data leakage have been increasing in lock-steps with the
growth of China’s digital economy.
3 Unlike the growth literature focusing on firms’ property rights,
we allow consumers to own and sell data.
4 “Selling” can be broadly interpreted: For example, not having to
pay for the use of Gmail can be viewed as compensation to consum-
ers for allowing Google to use their data in ways delineated in the
usual terms and conditions. In Section 3.6, we allow firms to own
data as in Jones and Tonetti (2020) and derive additional insights in
addition to showing robustness of the main results.
5 In some sense, data acquired by firms are their intangible capital,
akin to customer capital discussed in recent studies (e.g., Dou et al.
2021).
6 We follow the convention in the literature to maintain constant re-
turn to scale of inputs; ζ > 0 corresponds to the positive external re-
turns due to the cumulative nature of innovation (e.g., Chang 1995,
Cong and Howell 2021), whereas ζ < 1 follows the innovation of
Jones (1995) over Romer (1990) to reflect that it becomes harder to
come up with new varieties of intermediate goods as the variety
expands.
7 Like Jones (1995), our model does not suffer from the scale effect
in, for example, Romer (1990), whose endogenous growth rates de-
pend on population level.
8 Similar phenomenon can also be found in Stokey (1998): Higher
growth rates are needed in equilibrium when there is greater pollu-
tion because people dislike the harm caused by pollution and re-
quire compensation.
9 Both the GDPR and the CCPA give individuals certain rights over
the collection and usage of their personal information, but they

Figure 3. (Color online) Different pre-BGP Paths Given Different Starting Points and Different Privacy Policies

Notes. These panels show the transitional dynamics of two economies with the same parameters but different starting points. The full line and
the dash line show the paths of the two economies with s � 0, the dotted line shows the path of Economy 1when its privacy policy becomes loose
(s � 0:078), and the dash dotted line shows the path of Economy 1 when privacy regulation is completely relaxed (s→∞).
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differ in multiple aspects (e.g. Hospelhorn 2020). For example, Cali-
fornia’s being a much larger economy implies more severe penalties
than that of the GDPR, which maps to a tighter constraint (3).
10 In Online Appendix 3.1.2, we show that this subsidy rate should
be a constant. Because only the changing rate of variables may in-
fluence growth rates (as seen in Online Appendix 1.2), applying a
fixed subsidy rate does not introduce further distortions into the
model.
11 A nonconstant tax rate would not work either because it alters
the BGP growth rate in the decentralized economy, which is origi-
nally the same as that in the social planner’s solution.
12 We start from the steady state and run the system backward ac-
cording to the three differential equations. We first find the values
of the three state-like variables that minimize the distance between
their growth rates and zero, because they all converge to nonzero
constants in the steady state. For other parameters, we choose the
standard values in the existing literature or plausible values if they
are not discussed in extant studies (ξ, σ, and ζ). We set ξ � 0:5 to in-
dicate that data and labor contribute equally in creating new varie-
ties; we discuss various choices of σ in Online Appendix 2.4; we set
ζ to be a value less than one following Jones (1995).
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