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Background



Firm inequality has risen

e Between-firm dispersion has widened on two margins:

o Productivity: frontier firms pulled ahead; digital capital concentrated in “superstar”
firms
o Markups & concentration: risen, driven by the top
. IT-driven in France

e Standard view: the productive firms are the powerful firms, both rise together

e Is there a source of markup dispersion distinct from productivity?
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Big data is concentrated among large firms and linked to performance

Big data adoption: use of technologies that
learning, robotic process automation, natural
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automate tasks and provide insights, e.g. machine
language processing, and neural networks.

Performance premium over non-adopters
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- Rébano, Riickert & Weiss (2025)
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Data in this paper

Data is digitised information that reduces uncertainty (Baley and Veldkamp 2025); it

e improves performance by aiding decision-making
e looses relevance over time (depreciation)

e requires specialised labour to be utilised

We model two distinct types of data:

Q Innovation data: firms learn how to produce efficiently

VU Marketing data: firms learn consumer preferences
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Example: One Firm, Two Data Uses

[ Firm invests in data ]

Y
Innovation data Marketing data
warehouse sensors browsing history
delivery routes purchase patterns
inventory signals product reviews
Productivity channel Demand / markup channel

The same firm can use data for two distinct purposes, with different implications for
productivity and market power.
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This Paper

Research question

Does data widen firm inequality through productivity, through market power, or both,
and does it matter which?

What we do

e Theoretical Model: economy with heterogenous firms that invest in two types of
data (innovation and marketing data)

e Evidence: French TIC enterprise survey linked to firm-level balance sheets
(FARE); firms report data use for production vs. consumer profiling; we estimate
markups and TFPR
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Key Findings

Model

e Markups vs. productivity: the most productive firms are not automatically the
high-markup firms

e Substitution: better innovation technology — fewer innovation workers

e Classic patterns hold: productive firms price lower, produce and earn more

Data (French firms, correlations)

e Production data <+ higher TFPR; consumer data <+ higher markups
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Related Literature



Related Literature

Data and firms
. data is a single information technology, so data-rich (large) firms become both more
productive and more powerful (via price discrimination, risk).

We model two distinct data inputs, with market power from a genuinely lower demand
elasticity (real differentiation, not price discrimination). Data thus drives markup dispersion
distinct from productivity.

e Advertising and innovation
: R&D vs. advertising (persuasion, brand capital), consumer capital
uncorrelated to productivity. Data as input in both types of learning; intra-firm allocation

e Firm heterogeneity and market power
. from product specialisation or non-linear pricing, information absent. We
show data can be a source markup dispersion.
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Model




Model Intuition

e Firms compete in a monopolistic market for differentiated goods

Every firm i allocates workers across three activities:

o Production /;: make the good today
o Innovation n;: learn how to produce more efficiently — higher productivity A;

o Marketing m;: learn what consumers want — lower demand elasticity — higher
markup p;

Firms differ in their ability to learn on each margin (z/*, zM)

i 4

— persistent heterogeneity in productivity and markups

Three labour markets clear in general equilibrium — firm-level data decisions

aggregate into wages and labour composition
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Model Environment

Intermediary firms

Innovation learning Marketing learning
Monopolistic  ~ ni mi
competition
P II Q; v;
1
1
1
1
" Inputs y;
\
\
\ ( ~N
\‘A Final producer
(CRESH aggregator)
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Final Producer

e Each firm i faces a downward-sloping demand from the final producer:

pi Yo\
= (P 4
Y (P %'—1)

[ = demand index, taken as given by the firm.

e Demand elasticity 7; is firm-specific and endogenous, not a common constant

Vi

e More marketing data W; — lower 7; — higher markup u; = = 1
Vi —
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Information Accumulation [, Signals )

Firms learn by doing: specialist workers generate noisy signals that accumulate into
data stocks. Signal precision 75 is common, learning ability z; is firm-specific, and

existing data depreciates at rate (.
¢ Innovation data, from innovation workers n;:
A_A
Qi =(1-Ca)Q+78 2 n"
more Q; = less uncertainty about productivity = A; 1

e Marketing data, from marketing workers m;:

V= (1= Cu) Vi +7M M mim

more V; = less uncertainty about demand = 7; = markup 1
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Firm Problem

Choose production ¢;, innovation n;, marketing m; to maximise profit today plus
discounted future value:

Vi(Q, Vi 28, z2M) = max {F\)i — wpli — Wpnj — wmmj + B Vi(Q, W Z,-A,Z,-M)}

I/ |
£i,ni,m; >0

st yi= Al Ri = pi yi
U= (1-Ca)Q+ 7820, W= (1= Cu) Vi + MM mim

i

Static optimum: the two channels meet in the price and thus in revenue:

Wy
Pi = 4 /_4— (productivity sets cost, markup is the wedge)
i
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What Drives Data Investment?

Innovation n; rises when:

e Revenue R; is large: more output to apply higher TFP to

e Data €, is scarce: each signal matters more

Marketing m; rises when:

e Data W; is scarce: each signal matters more

o Room to differentiate: the firm is small relative to the market

The asymmetry: scale drives innovation but erodes marketing, a big, productive firm
invests heavily in innovation yet little in marketing.
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Results




Productive Firms Are Not Automatically High-Markup Firms  @EEED

Firms differ in two data technologies: innovation z/* and marketing z.
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At a given productivity, markups are ordered by marketing technology z (colour); a

productive firm has a high markup only if it is also good at learning demand.
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Substitution: Better Innovation Technology, Lower Productivity
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Higher z* reaches the same knowledge with fewer workers, so firms hire less innovation labour

(left) and end up with lower productivity (right).
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Classic Patterns Hold: Price, Output, and Revenue
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More productive firms price lower, produce and earn more, whatever their technology (colour).
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Empirical Evidence




French Firm Data

e ICT Enterprise Survey (INSEE), firms >10 employees, 2015, 2017, 2019: Big
Data use by source

o Consumer data: social media
o Production data: sensors, smart devices, geolocation

e FARE balance sheets (INSEE), matched on SIREN: sales, employment, capital,
costs

e ~20,000 firms, survey-weighted
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Each Data Type Is Used for Its Own Purpose

Logit marginal effects: probability a firm uses data for each purpose (2015 Big Data adopters)

Consumer data — marketing, not process; production data — process, not marketing. Both

Data used for

Marketing ~ Process  Product
Consumer data 0.294*** —0.037  0.236™*"
(0.05) (0.04) (0.05)
Production data 0.060 0.252***  0.250"**
(0.05) (0.05) (0.04)
Observations 994 994 994
Sector FE, capital, age, other tech. Yes Yes Yes

feed product development.
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Data Types, Productivity and Markups

Vist = ast + o Data Type,, + Bikise + B2 ages, + 7' Oist + €ist

y: TFPR (Ackerberg, Caves, and Frazer 2015) or markup (Loecker and Warzynski 2012); separate regressions

by data type; sector-year FE; within-sector correlations, not causal

Coefficient

Consumer data Production data Consumer data Production data

TFPR Markup
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Conclusion




Summary

e Data can widen firm inequality through productivity and market power, and these
are different margins

e Model: two data uses, innovation and marketing

o the most productive firms are not automatically the high-markup firms
o better innovation technology can lower productivity (substitution)
o classic firm-size patterns still hold

e Data: each data type is used for its own purpose; production data correlates more
with TFPR, consumer data more with markups

e Policy: data diffusion and governance should depend on whether data creates

efficiency gains or market-power gains
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Next Steps

Calibration: discipline (z*, z") with French firm data

Aggregate uncertainty shock: when uncertainty rises, do firms shift specialists

between innovation and marketing?

Sharper empirics:
o test the gaps between coefficients jointly
o markup robustness following

Counterfactual, GDPR: restricting consumer data shifts the z" distribution

down.
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Thank youl!

Julia M. Schmidt

julia.schmidt@dauphine.psl.eu
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Appendix




CRESH — Demand Index @D
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Sector Heterogeneity in Use of Marketing and Production Data @

Sector Consumer Data (% of firms)  Production Data (% of firms)
IT & Telecom 145 16.1
R&D and Adv 13.6 15.6
Tourism 7.1 4.1
Business Services 7.1 13.7
Consulting 6.3 12.9
Utilities 5.9 21.8
Food 5.5 6.0
Trade 5.2 7.4
Chemicals 4.9 8.2
Household Services 4.7 9.6
Electronics 4.7 12.5
Textiles 3.4 10.3
Construction 3.3 12.4
Transport 3.1 27.4
Materials 2.7 7.2
Machinery 2.6 9.2
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Steady State (I) GZ

Productivity: A; = A())
Demand elasticity: 7; = G(V;), Ai=1-—

Production: y; = A; {;

)\. }—/ Ai—1 1 _ }—/ Ai
Inverse demand: p; = P?' (\;) , r :/o Y (\;) di

- )\,' N /T _/'
Revenue: R =p;yi=P T y1l-X (A; gi)/\

. . . i _ A_A v
Information law (innovation): (a4 Q; = 77z n}”

P =1 (numeraire). Gaussian learning: A(2;) = Ao — [Qi_l + (TEA)’I}, G(Vi) =+ [\Ui_l + (TEM)’I].
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Steady State (I1) @Z»

M

. . 3 . M v
Information law (marketing): (yV; = 7."z" m™

v,

A_A —1
w, = B10z7vantT" Vo,

)
Production FOC (static): piNi Al = wy
Innovation FOC (dynamic):

)

Marketing FOC (dynamic): w,, = ﬁTSMz,-MyM m;”"’_l Vi i
OR; /0% OR;/OV;
Shadow values: Vg ;= ——F—F7—, Vyj=—+-"1
[ T Ry R T G ")
OR: = < A(Q OR; RiG'(V; Y
=Ri\i (£2:) _ _RgW) )[|0 (f)*ﬂi]

Marginal revenue of data: —, = g
A; ov; 2 Vi
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Learning Micro-foundation (I): Why Data Raises A and Lowers 7 @D
1. Performance depends on hitting a moving target.
Innovation: Aj; = Ay — (ajr — a;)? closer technique — A
Marketing: i = 70 + (gic — &7)? closer positioning — ~ | — markup 1
2. The target has a learnable and an unlearnable part.
S0 bl Oy = pabh i, (same for )
€ ~ N(0,(79)™1): drift that data can track; &~ A(0,(7-)""): noise that no data removes.

3. The firm aims at its best guess, a; = E[0;' | Z;]. The expected miss is posterior variance
plus noise:

Ai=Ao— [+ (7, A= [Wit ()
Q;, W; = precision of beliefs. More data helps at a falling rate, and the noise floor bounds A and 7.

How precision builds up: Signals.
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Learning Micro-foundation (I1): How Specialists Build Precision = @ZX3

Shown for innovation; marketing is identical with W, m and superscript M.

1. Specialists produce signals about next period's target:
Sft\ = QtAH + 77,-?, precision of n,-é = TA zA n, va€(0,1)
More innovation workers n or a better technology z* — a sharper signal; v4 < 1 — diminishing returns

to specialists.

2. Kalman updating: forget, then learn.
Forget (target drifts): € ;i 1)r = (pf\ Qi+ (7-9“)_1)7
Learn (signal arrives): Q111 = Qj ¢1)e + 7':‘ zf‘ A

3. Reduced form used in the model.

Q=1-Ca)U+7lz 0

The depreciation rate (4 stands in for the forgetting step. Steady state. 23/24



Production Labour

The firm equates the marginal revenue product of production labour to the wage:

pi\i Ai = wy

Equivalently, the price is a firm-specific markup over marginal cost:

N

pi = [j -

we 1
A0 MTN

e AT (higher productivity) = lower marginal cost, more labour demanded

e 11 is set by marketing data W;: more W; = lower 7; and \; = higher markup
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Innovation Labour aD

Innovation labour is a dynamic choice: it raises future production knowledge Q}, not
current output. The optimality condition is
W ,87' Z va I'I -1 I_?,' 5\; A/(Q,)
" B1-G) A;

The value of production knowledge is higher when:

R; 1: more revenue to gain from higher productivity
e )\ 1: demand is more elastic, so a productivity gain passes into revenue more
strongly. It is worth more where market power is weaker

Q; |: information is still scarce, so each unit of learning matters more

A; |: productivity is far below its ceiling

Gaussian learning: A'(Q;) = Q2.
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Marketing Labour > Back ]

Marketing labour is a dynamic choice: it raises future demand knowledge W/, which

lowers the demand elasticity and raises the markup. The optimality condition is
BrMMupy m R G(W)) Y

- : log( =) — i

1= B(1 = Cm) g Vi

Wm =

The value of demand knowledge is higher when:

e R;1: a lower elasticity applies to a larger revenue base
e V; |: demand knowledge is still scarce
e y; small relative to Y: more room to differentiate

Scale enters twice, with opposite signs: more revenue, less room. If log(Y/yi) < pi,

the firm hires no marketing workers.

Vi = Ail;, i = 1//_\,-. Gaussian learning: G'(V;) = f\llfz.
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Household

A representative household consumes C and splits one unit of time across production L,
innovation N and marketing M:

max log C — At ylte X0 ppve  Xm ppie
L,N,M 1+¢ 14+ 1+

st. L+N+M=1, PC = weL + woN 4+ wp M +T1

FOCs (1/Y on the budget, x on time; P=1, C=Y):

Wi

XJIJSD:ViH (.j:&nvm)
Wage wedges (eliminating x):
Wy — Wy
ML T N Vid
Y Xt X
Wg — Wn
T M 1P — ., M?
v X X

Occupations compete for one time endowment: more marketing labour bids up w,, and makes

production and innovation workers scarcer. Il = firm profits, rebated lump-sum. 23/24



Market Clearing & Equilibrium

Goods market: C =Y, P =1 (numeraire).

Labour markets (aggregating over firm types):

L:/ﬂ,- dG(z*,zM), N:/n,- dG(z*, zM), /\/I:/m,- dG(z*, zM)

Profits: M= [m dG(z",zM), 7 = R — wil; — wan; — wym;

CRESH index: [ = fol A ()—,i/y)/'\,- di

Steady-state equilibrium: allocations {¢;, n;, m;}, wages (wy, w,, w,,) and output Y:

1. the household maximises utility

2. the final producer minimises cost subject to the CRESH aggregator
3.
4

. wages clear the three labour markets

every firm type maximises the value of profits, with (€;, V;) at their steady-state levels
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Cross-sectional diagnostics in GE
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Mechanism: Two Ways of Being Large @

The marginal value of demand precision is a product of three terms:
R; _
5 % [loa(Y/w) —u]

o \IJ,-_2 X -
Vi
room to differentiate

M
Aj
satiation
revenue base
e Large in quantity (the productive firm): huge revenue base, but output sits close to Y =
no room to differentiate
e Large in markup: small in quantity, so room remains; the markup raises the revenue base

faster than it erodes that room
e What caps power is satiation, not position: each further unit of precision buys a smaller
24/24
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