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Tools to Model the Data Economy

@ The economy is changing. We need new tools.

» The largest firms are valued primarily for their data.
» Do the economics change? Or is data just new capital?

@ Challenges:

» Economic activity generates informative data.
Production is a form of active experimentation.

» How do we value information used for multiple periods?
Requires dynamic programming with information as a state
variable.

» Data depreciation depends on economic fluctuations.

» Data is a non-rival good, whose value declines when it is sold.
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Overview

@ Model: recursive framework, as tractable as std DSGE.
» A tool to value data and data-intensive firms.

@ Long run growth

» Diminishing returns

@ Short run tools
» Increasing returns

@ Efficiency and externalities

@ Imperfect Competition and Market Power

Maryam Farboodi Laura Veldkamp Data Macroeconomics

p.3



A Macro Model of Data

@ continuum of competitive firms /
@ each uses capital k;; to produce k% units of goods

e these goods have quality A; ;

@ Output / demand

Y, = / A kCdi
I b
P =PY,”
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Model: Quality Depends on Forecasts

@ firm has one optimal technique: 6; + &, ;
> 6 AR(1), innovation n; ~ N(u, 63)
6r=6-+p(6r1—6)+m
> €57t~ N(0,03) is unlearnable and i.i.d.

» quality depends on chosen production technique a; ;
and distance to optimum (6;+ ¢4 ¢):

Ait=49 ((3i,t — 60— 8a,/,t)2)

@ g(.): monotonically decreasing (accuracy is good)
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Model: Data is Information for Forecasting

@ at time t, firm obtains n; ; data points about 6; 1

_ a
> Nt = Z,‘kmL

» data is a byproduct of production with data-mining ability z;

@ each data point m € [1: n;;] reveals

Sitm=0tr1+&tm where &it.m~ N(O, 082)
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Data Feedback Loop

More
/ Data \

More Higher

Transactions Quality /
/ Customers Efficiency
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Model: Market for Data

@ 9;;: amount of data traded by firm 7 at time ¢

» §;; > 0: data purchases (< 0: data sales)
» firm can buy or sell, not both

@ data price m; clears the data market

@ multi-use data: firm can sell it and still use it

» 1: fraction of sold data that is lost
» We need 1 > 0 for a competitive equilibrium to exist.

» Many data contracts include prohibitions on seller use.
Or this captures imperfect competition.

@ Data adjustment cost: W(-): avoid 1-period convergence
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Perfect Competition Results

@ Valuing and depreciating data as an asset.
@ What happens in the long run?
» Diminishing returns: no long-run growth without innovation.

» Endogenous growth: If data is used for R&D

@ What happens in the short run?
» Increasing returns, data poverty traps

» data barter and book-to-market dynamics

@ Welfare and business stealing
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Solution: Depreciating Data with Bayes Law

@ Goalis to forecast 6;.1=p6;+€1, €41~ N(0,05).
@ Priors: E[6¢.7] and V[6¢.%] := Q; . Q; is “stock of knowledge.”
@ What are today’s beliefs about tomorrow’s state?

E[6:11]-71] = pE[6¢] 7]

V[Brs1|51] = p?Q; " + 02

@ Bayes law for normal variables says:
posterior precision = prior precision + signal precision o 2.

@ A law of motion for stock of knowledge (Kalman filter, Ricatti eqn):
et = (0?2 +08) " 4052
Discount more for low persistence p and volatile innovations og.
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Semi-rival data as a negative bid-ask spread

@ For data purchases (6;; > 0) data added to stock is n; ¢ + 6; ;.
@ For data sales (6;; < 0), net data additions are n; ¢ +16; ;.

@ An adjusted price of data: ;s = 7 /(10,,>n;, + 11 ay,<n;,)-

@ This price is higher for data sales than it is for data purchases.

We can use tools from finance for modeling economies with
bid-ask spreads.
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Valuing Data: A Recursive Solution

@ g, = E[6:+ € ¢|-#; 1] — Quality A;; ~ a fn of squared forecast error.
o state variable: stock of knowledge

Qi =E[(E[6:] .7 4] — Gt)zlf,-yt] - (posterior precision)

Lemma
The optimal sequence of capital / data choices {k, 6;+} solves:

V(Q;
V(Qi) = ES PE; [A; 1(2 1) K — W(AQj 141) — 8¢ — rkig + %

where n;; = z;k? and (Kalman filter)

1
Qi1 = [Pz(Qi,t +65°) T+ Gg] + (i + 815,50+ 115,0)) 0c 2

ll
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Understanding Growth. Data Inflows and Outflows

@ inflow: z;k%o, 2 (# of data points x precision)

@ outflow: data depreciation

Flow of Knowledge (A €2)

= Depreciation Outflows
= New Data Inflows
@ Steady State

Stock of Knowledge (£2)

@ Growth stops for two reasons: Can’t reduce errors below zero and
unlearnable risk.
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Endogenous Growth

@ So far, data added to current productivity.
Did not augment a stock of ideas.

@ Alternative model: Data — idea creation

Ai,t = A,‘7t,1 + max{O,AA,-J}, (1)

AA=A—(ai;— 6 —€air)>. (2)
@ Data increases step size in a quality ladder — growth

@ One should distinguish data used for research from data used for
process optimization. (Just like capital vs. R& D investment.)

Long run, data looks just like capital
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Short Run: Single firm enters a steady state

Proposition (Convex Data Flow)

There exist parameters a and P, and a threshold Q such that when
knowledge is scarce Qj < €2, net data flow dQ2j; increases over time.

-

[IData Purchases

= Outflows

—— Inflows

= =Data Production
@ Steady State

Flow of Knowledge (A )

Stock of Knowledge (£2)

Could explain firm size divergence, ... and eventually convergence?
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Data Barter.
Why Produce At a Loss?

@ Barter means: data is “exchanged” for the good

» at good price P;=0
@ Reality: lots of data is bartered for services (phone apps)

@ Result: Data barter arises early in a firm’s life (depends on pref.s)

» firms produce goods at a loss to generate data
dV;/dQ;+ >0

@ GDP is missing lots of digital economic activity because price
does not reflect value.
How to correct it?
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Welfare, Decentralization and Efficiency
@ Household problem: c; is quality units consumed
+oo v hl+v
max ot +mp— L
LF ( G-n" ™ @)
subject to piCi+ my =My + wihy, Vi
@ Numeraire good m production linear in labor h;, with wage w;

max ﬁmt — Wtht
nt

@ Retail good ¢ produced with data and capital, with E[A; ;] and data
law of motion, as before. Firm solves
y 1 (PEIA K — (AR, 141) N~ 1)
k’:}%ﬁ &+ tE[A; ]kt i t+1 it — IKit
@ Consumption and data markets clear: ¥, ciy = A,-tkﬁ‘
Numeraire used to pay capital rental at open economy r.

— Efficiency. No externalities.
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Modeling Data Exetrnalities

@ Lots of data used for advertising. Arguable business
stealing.

@ We can adjust quality so that data processing helps the firm
that uses it, but has no social value:
Morris-Shin (2002)

1
Ait=A—(ais— 61— 8a,i,t)2 + /jO (ajt—6j¢— ga,j,t>2dj

@ Unchanged: firm choices, firm dynamics, aggregate quality

o Changed: welfare
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Imperfect Competition (Eeckhout-Veldkamp, 2022)

@ Key features of the model:

» Data is information. Information resolves uncertainty (risk).
We model this as uncertain consumer demand for a variety of
products.

» Firms price risk.

» Firms choose an up-front investment and then choose how much to
produce (Cournot).

@ Data’s Competing Effects on Markups

@ In the paper: Markup Measurement
» Data creates composition effects: How one measures markups
matters.
» Procyclical product and counter-cyclical firm / industry markups
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Model (1/2): Firms

@ ng firms, indexed by i.

@ The product space has N attributes, indexed by j.
Goods, indexed by k, are combinations of attributes with weights

ajk-

@ Firm chooses: investment in lowering marginal cost ¢; at price
9(xc,€i), and a quantity to produce q; (vector) to maximize E[U}]
and U;:

U = Em|.7] - Y Var[z].7] - g(xe.€) )
mi = q;(p— Ac;) 4)
@ p;is firm /’s price of risk. From CAPM? From preferences?
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Model (2/2): Demand and Data

@ Demand: Customers’ willingness to pay decreases in the quantity
that all firms produce of attribute j + firm-specific shock b;:

*Z //“‘bi (5)

‘S~

attribute demand shock b; ~ N(0, /) is i.i.d. across firms (relax).
¢ is price elasticity of demand.

@ Customers’ value of a good is linear in attributes v, = ):j’\i1 a V.

@ Data is information about demand shocks: (exogenous)
ng; data points for firm i, independent across firms.
Each data pointis : §; , = b;+§&; ,, where €; , ~ N(0,X).
Information set: .7 := {{8; ;}7%,}7F,  (Allinfo public. Private info in
appdx)
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Equilibrium

@ FOC: Production depends on risk and price impact (denominator)
and expected profit (numerator) Kyle ‘89 or Back and Zender ‘93.
PE[p;|.Z]\
a,= (pNarlp ]+ =) (E )] - o)
1
@ Define sensitivity of production to a change in the expected price:
-1 _
H;:— (§/N+ p,-Var[b,-]ﬂ;]) and H=Y" H
Data lowers Var, raises H;.
H; governs the cov(q;,p;).
Data allows a firm to choose quantities that covary with
prices.

@ Optimal choice of cost (firm size):
JE[U] _19JE[p—C|'HEP-C] 9g(xc.Ci)

98, 2 9%, o5 0

marninal hanofit marninal rnet
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Product Markups

Product-level markup for k produced by firm i:
My = Elp;(K)]/ci(k)
1

(akp aA " (¢pl+H)" (ZH,/Ap c,/)>)
" ac

What makes product markups large?
@ Having lots of valuable attributes: big ax’s.

@ Low price elasticity of demand: Low ¢.

New:

@ Scarce data or high price of risk. High p Var[p|n,] makes H low.

Markup has a risk premium in there.
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Product Markups: Firm Size Effect

Proposition
Data-investment complementarity. Data lowers choice of c;.

Proposition

Higher investment raises product markups. Lower c; increases Mf,’(.

A. Expected sales weighted markup B. Expected prices C. Expected marginal costs
230
3.70
17
3.60 2.20
3.50
1.70 210
o 340
£ 2.00
=165 330
2
320 1.90
1.60 3.10
1.80
3.00
1.55 2.90
0 2 1 6 8 10 0 2 4 6 8 10 0 2 4 6 8 10
4 of signals # of signals # of signals

Single-good duopoly. g(xc, ¢i) = xc(C—G;)? /2 with xc =1and c=3;p=5,¢ =1, 0p =1,
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Markups: Risk Premium Channel

Proposition

For investment cost . or p sufficiently high, data reduces M,.’,’(.

A. Expected sales weighted markup

B. Expected prices

C. Expected marginal costs

3.90

3.80

110

100

3.05

3.00

2.90

280

Proposition

Net effect: Data in(de)creases product markups when risk price

or marginal cost of investment is sufficiently low (high).
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Dynamic Imperfect Competition

How to combine the recursive economy with the static imperfect
competition model?

Challenges: Every firm’s information matters for price.
All information sets are state variables.

Potential payoffs:

Understand new firm dynamics in a digital economy.

How to measure competition when many prices are zero?
How to value firms that have never made a profit?

What if we add firm entry?

Welfare? Should we tax data? How?
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Conclusions

@ Economists cannot continue to study industrial economies.
We live in a knowledge economy.
We need modern tools that reflect this reality.

@ Knowledge economies are not easy to work with.
Production generates data, depreciation not std, semi-rivalry, increasing
returns and decreasing returns, information state variables.

@ Lots of new directions to explore
» measurement
» firms dynamics

» data pricing and valuation theory
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