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Data is valuable to firms because it reduces uncertainty, but exploiting it requires talent that
could instead generate new ideas. I study this tradeoff in a model of occupational choice between
science, data engineering, and routine production. Scientists create ideas and, as a byproduct of
innovation, data. As data accumulates, it raises the relative return to data engineering and draws
talent away from science. Successful innovation can therefore reduce future scientific effort,
resulting in an inefficiently small share of scientists and lower welfare. The model explains why
extensive data sharing can induce misallocation despite data’s non-rivalry, and why data-driven
automation can harm innovation. Using career histories for 35 million US workers over the last
two decades, I document three facts consistent with the theory: past scientific activity predicts
subsequent data employment and data-processing infrastructure; data work has expanded
most in historically innovative labor markets and is accompanied by rising returns to data

occupations; and data has become an increasingly important destination for scientific workers.
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1. Introduction

In the last twenty years, data jobs - from database administration to machine learning and
artificial intelligence - have become increasingly important in the United States economy. Panel
A of Figure 1 attests to this fact: the employment share of data-related occupations constitutes
today 3% of the workforce and has almost doubled since 2002. Panel B of Figure 1 shows that far
from drying up, the supply of data workers is on the rise.

These trends may appear unambiguously beneficial. Data helps firms forecast demand,
manage inventories, target customers, and make other operational decisions. There is, indeed,
mounting evidence that firms using data more intensively are more productive (see, for example,
Brynjolfsson and McElheran 2016; David, Hopenhayn, and Venkateswaran 2016; Brynjolfsson,
Jin, and McElheran 2021; Babina et al. 2025; Asriyan and Kohlhas 2026). Yet the growth of data-
intensive production may create a less obvious tradeoff. The workers needed to process and
exploit data may be drawn from the same pool of talent that produces new ideas: scientists, the
now canonical engine of innovation since Romer (1990) contribution.

Panels C and D of Figure 1 indicate that such a competition for talent might be in place:
since 1993, the share of PhD graduates in STEM fields such as computer science, mathematics,
and statistics employed in academia has sharply declined, while the share going to industry
has experienced a steep rise. These movements do not by themselves establish that scientific
talent is moving specifically into data work: industry also employs scientists in research and
development and other innovative activities. They do, however, point to a broader change in
the outside opportunities facing scientific talent. If the expansion of data-intensive production
makes data careers increasingly attractive to the same workers who can produce ideas, then the
rise of the data economy can affect not only how firms use information, but also who chooses to
innovate.

To bring these opposing views together, I develop a simple model of talent allocation in an
economy with data accumulation. The theory explains how data-intensive production shapes
the allocation of talent between innovation and data activities, what this allocation implies for
economic output, and how it relates to the social optimum. I find that successful innovation
generates data that pulls individuals away from science toward data engineering, causing science
to cannibalize itself. The resulting decentralized equilibrium exhibits an inefficiently small
share of scientists and lower welfare. Using career histories for more than 30 million workers, I
document several descriptive patterns that are consistent with the model’s predictions.

I begin by conceptualizing the firm as an organization that wants to maximize its value. To
do so, it must solve three main questions: “what can we make?” (production), “what should we
make?” (innovation), and “how do we convert production into profit”? (prediction). To answer
these questions, the firm hires from three different occupations: routine workers who follow
defined processes or procedures to produce a good, scientists to innovate, and data engineers

to make predictions. The firm’s hiring decisions generate wages for each occupation based on



its marginal product. Agents observe these wages and choose the occupation delivering the
largest utility, trading off wage premia against idiosyncratic occupational preferences, in the
self-selection tradition of Roy (1951). Hence, a firm’s marginal products guide occupational
choices.

These marginal products depend on the accumulation of two stocks on which scientists
and data engineers rely to fulfill their jobs. As in canonical growth models, scientists build on a
stock of ideas to, in turn, generate new ideas and innovate, raising product quality. The novelty
of my model resides in the introduction of data engineers. They use a data stock to help the
firm make operational decisions. Thus, data engineers reduce uncertainty: they allow the firm
to sell output profitably by answering questions such as “which suppliers to use?”, “how much
inventory to hold?”, “which customers to target?”. These decisions can be modeled as choosing
an action as close as possible to an optimal production technique that maximizes profit given
an output level. By processing the aggregate data stock, data engineers can extract signals about
this optimal technique, raising the profitability of the firm.

The central link between ideas and data is that innovation itself generates data. Higher-
quality products create new interactions, transactions, and uses from which firms can collect
information.! Improvements in smartphones, for example, enabled activities ranging from
digital payments to navigation and health monitoring, each generating data that earlier products
could not produce. In the model, scientists therefore generate two dynamic stocks: ideas, which
future scientists use, and data, which future data engineers use. Scientists therefore drive data
accumulation without direct intention, and generate a stock that they do not themselves exploit.

This differential accumulation between ideas and data drives the paper’s core result: the
endogenous growth of the data stock reallocates talent away from science, raising the market
equilibrium share of data engineers relative to scientists. The intuition is a simple form of path
dependence: strong early innovation cannibalizes future scientific effort, as talent is drawn to
processing the data it helped create. The novelty of the mechanism is that the competing occu-
pation is not rent-seeking in any form, unlike in most models of occupational choice involving
canonical examples such as finance or law. Instead, data engineering is highly productive, and
its attractiveness grows endogenously with the data generated by prior innovation. Therefore,
there is a form of static complementarity between science and data occupations, but that very
same complementarity leads to dynamic substitution and hence future reallocation away from
science.

How strong this reallocation is naturally depends on how scarce data is. The model endoge-
nously generates a partition of the state space that identifies an information scarcity region. In
this region, additional data substantially improves predictions, making data engineers’ marginal
product very large and accelerating talent flows away from science. In the deep scarcity region, in

particular, this reallocation is the strongest. As data continues to accumulate, the economy may

'In the industry, this mechanism is commonly known as the flywheel effect. See, for example, Amazon’s and
Nvidia’'s description of this “self-improving loop”.
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eventually reach information saturation, where the marginal value of additional data engineers
declines and the reallocation toward data processing peaks and partially reverses.

A natural question to ask is whether the market allocation is efficient. To consider this ques-
tion, I study the allocation chosen by a constrained planner that may reassign workers but must
leave each worker at her market utility. This exercise shows that the answer is “no”. The intuition
runs as follows. Scientists generate benefits that accrue in future periods through innovation and
data accumulation. The market compensates them only for their current contribution to output,
while the planner recognizes their full intertemporal value. Data engineers, by contrast, affect
only current-period efficiency through uncertainty reduction: they have no dynamic spillovers,
but when data is still scarce, their marginal product is very high. Therefore, the market science
level and share are locally inefficiently low, and a compensated marginal reallocation by the
constrained planner toward science raises welfare in every nonterminal period.

The model’s implications can also be used to re-evaluate other open issues, such as the
importance of data sharing in the economy, or the consequences of data-driven automation.
Contrary to the intuition that the non-rival nature of data is always beneficial, I find that high
levels of data sharing can have the opposite effect on welfare. While data sharing improves static
efficiency by reducing operational uncertainty, it exacerbates dynamic misallocation by making
data careers relatively more attractive. Therefore, a regulator limited only to a data-sharing policy
may optimally restrict data sharing to preserve scientific talent, accepting higher operational
uncertainty to maintain innovation capacity.

Similarly, the model provides a new channel through which data-driven automation can
deepen talent misallocation. The standard displacement channel remains intact: automation
reduces the marginal product of routine workers, pushing them out of the routine occupation.
The novelty comes from an information channel: in information scarcity, data accumulation
also raises the marginal product of data engineers, exacerbating the flow toward data rather
than science occupations.

I bring the model to the data using individual-level career histories from Revelio Labs
covering 35.1 million US workers between 2000 and 2022, complemented with the Ameri-
can Community Survey (ACS) and firm-level data on software use from Enlyft, a commercial
business-to-business account-intelligence firm. I collect the empirical results in three facts. Fact
1 is that past scientific activity predicts subsequent data activity. Within firms (both public and
private) and local labor markets, increases in science employment are followed by increases
in data employment. Among public firms, science employment in 2005-2009 is an excellent
predictor of the size of the firm’s software stack in 2022, an observable measure of its capacity to
process and use data. Firms with larger software stacks, in turn, employ a larger share of data
workers.

Fact 2 indicates that the expansion of data work occurs primarily within existing labor

markets and disproportionately in historically innovative ones. In Revelio, high-innovation



markets account for 80% of the national increase in the data share; in the ACS, they make the
largest contribution at 48%. At the same time, the private return to data work rises substantially.
Among mathematics and statistics graduates, the share entering data occupations in the first
year after graduation increases from 3.3% for the 2000 cohort to 8.1% for the 2022 cohort, while
the corresponding data wage premium rises from approximately zero to 49 log points.

Fact 3 highlights that data has become increasingly connected to the existing scientific
talent pool. Among high-skill occupation switchers, the representation of scientists entering
data rises from about 0.45 of its eligible-population benchmark in 2005 to approximately one
by 2022. This increase is specific to data: science’s representation among entrants into other
major high-skill occupations (such as engineering or finance) is flat or declining. The underlying
flows also become quantitatively larger. Annual science-to-data transitions rise from 0.29%
of science employment in 2005-2010 to 0.96% in 2017-2022. Together, these three facts are
consistent with the model’s central mechanism: scientific activity precedes the expansion of
data-intensive capacity, data work becomes increasingly attractive, and data becomes a more
important destination for scientific talent.

The main contribution of this paper is to study how the data economy impacts talent
allocation. It is hard to dispute that data has become a fundamental input in a firm’s production
process. This development has not left economists indifferent and has spurred important work
on how firms in a data economy grow (Begenau, Farboodi, and Veldkamp 2018; Farboodi et al.
2019), compete (Prat and Valletti 2022; Eeckhout and Veldkamp 2025), deal with privacy concerns
(Acemoglu et al. 2022b; Bergemann, Bonatti, and Gan 2022; Bergemann and Bonatti 2024), or
contribute more generally to aggregate output (Benzell and Brynjolfsson 2019; Jones and Tonetti
2020; Farboodi and Veldkamp 2025; Asriyan and Kohlhas 2026). Yet, to the best of my knowledge,
there is no contribution exploring the interaction between substantial data accumulation and
occupational choices. This perspective also delivers a different source of inefficiency: while
much of the literature emphasizes distortions in consumer markets (e.g. Kehoe, Larsen, and
Pastorino 2018; Acemoglu et al. 2022b; Farboodi, Haghpanah, and Shourideh 2025; Asriyan and
Kohlhas 2026; Farboodi, Kondor, and Kurlat 2026), this paper shows how inefficiencies arise
in the market for talent. The paper thus provides a framework to think about the allocation of
talent in an economy where ideas and data are two essential stocks for production.

I complement this vantage point with novel empirical evidence on the reallocation from
science to data activities. The empirical analysis relates to recent work documenting the move-
ment of scientific talent from universities toward industry, particularly in computer science
and artificial intelligence (Gofman and Jin 2024; Akcigit et al. 2026). I enrich this evidence by
taking a broader view of the economy and of the science-data margin. Using worker career
histories, I study occupational transitions across firms, industries, and local labor markets and
document the growing connection between scientific activity, data-processing capacity, and

data occupations.



Related Literature. This paper is mainly related to three strands of the literature. First and
foremorst, this paper pertains to a growing literature examining the increasing use of data in
contemporary markets and its implications (see Farboodi and Veldkamp 2023; Veldkamp and
Chung 2024, for a review). More precisely, it connects strongly to contributions putting at the
center of the reasoning a data feedback loop: more data raises output, which in turn generates
more data (see Farboodi and Veldkamp 2025, and references therein). The novelty of this paper is
to add an occupational-choice margin to this feedback loop. As the data stock grows, it changes
the relative return to the workers who process it, so data accumulation affects not only firms’
production decisions but also the composition of the labor force.

Second, this paper belongs to a tradition exploring how talent is attracted to occupations with
high private returns but lower social returns. A consequence of this mismatch is the misallocation
of talent: a planner would raise welfare by reallocating some agents to different occupations.
Most of this literature has focused on law and financial services (Baumol 1990; Murphy, Shleifer,
and Vishny 1991; Philippon 2010; Axelson and Bond 2015; Kurlat 2019; Glode and Ordofiez 2025).
It is no coincidence that this paper has a similar flavor to those contributions. For instance,
the parallel between data scientists and financiers has become a common representation,
exemplified by Patil and Davenport (2012) when they say that “data scientists today are akin to
Wall Street ‘quants’ of the 1980s and 1990s”. What differentiates my model from this past work
is that the misallocation of talent does not stem from rent-seeking or rent extraction behavior.
Instead, it arises because markets do not price the ideas and data created by scientific work.
Further, in contrast to models with positive feedback loops between talent and technological
progress (e.g. Murphy, Shleifer, and Vishny 1991), my model shows that the opposite can occur:
a highly productive pool of scientists today announces a diminished science sector tomorrow,
as talent is drawn to exploit the newly produced data stock.

Third, this paper speaks to the endogenous growth literature by examining under which
conditions the accumulation of data is beneficial or detrimental to welfare. As in Jones and
Tonetti (2020), Cong, Xie, and Zhang (2021), Cong et al. (2022), and Farboodi and Veldkamp
(2025), data is a valuable input to economic activity. Notwithstanding, by highlighting the
competing accumulation of innovation and data in the economy, I put forward a tension between
innovative and predictive activities. Data accumulation attracts talent toward a productive
occupation while leaving the dynamic contribution of science unpriced. This ultimately leads to

persistent misallocation of talent and lower welfare.

Outline. Section 2 introduces the model. Section 3 characterizes the decentralized market
equilibrium. Section 4 analyzes the constrained planner allocation, compares it to the market
equilibrium, and discusses implications on the allocation of talent and economic output. Section
5 revisits two open issues, data sharing and automation, through the lens of the model. Section 6

presents some empirical evidence. Section 7 concludes. All proofs are in the Appendix Section A.



2. The Model

There are three periods ¢ = {0,1,2}. Each period, a generation of mass L agents is born, chooses
an occupation, works for one period, and then retires. There are N identical firms operating in
the economy, and agents work in one of these firms. Figure 2 presents the main elements of the

model, which I describe in detail in this section.

2.1. The Firm’s Problem

I begin by describing the problem faced by firm j. The firm’s objective each period is to max-
imize its value v; ;. To do so, it must answer three questions each period, which correspond
to three fundamental functions: “what can we make?” (production), “what should we make?”
(innovation), and “how do we convert production into profit”? (prediction). These functions
map to three occupations. Routine workers (R) provide capacity. Scientists (S) improve quality
through innovation. Data engineers (D) reduce operational uncertainty through prediction.

Since there are N identical firms in the economy and workers are mobile across firms, in
a symmetric equilibrium, each firm hires an equal share of the workforce. Let S;, Dy, and Ry
denote the economy-wide totals of scientists, data engineers, and routine workers, respectively,
where S¢+ D+ Ry = L. Then firm j employs S = St/ N scientists, D it = Dy/N data engineers,
and Rj ;= R/ N routine workers. The firm chooses how many workers of each occupation to
hire, trading off their marginal products against wages. I now develop the formal expression of
the firm’s value by introducing each occupation’s role sequentially: first, routine workers; then
scientists; and finally, data engineers. This corresponds to the “demand side” component of
Figure 2.

Production. Routine workers, R;; determine production capacity. They generate the firm’s
output Y;, by following a set of defined rules or procedures.” Thus, they set the scale of the
firm. For example, in a phone factory, routine workers are those who assemble the phones
on the production line; in a hospital, those who follow clinical protocols; in agriculture, those
who operate harvesting equipment. I denote by { € (0, 1) the returns to scale in routine work

capacity.

Innovation. Scientists enhance the quality, Q;, of output through innovation. In this model,
innovation drives up quality because it leads to more efficient production methods, a form of
process innovation. Scientists’ production depends on an ideas stock, Iz, that is common to all

firms, and evolves as
Iri1=(1-07) I + XSt

2To fix ideas, one can think of routine workers as in the frameworks of Autor, Levy, and Murnane (2003) and Autor
and Dorn (2013).



with &7 € (0,1) a depreciation parameter and x > 0 representing how many units of codified
basic knowledge one scientist adds to the public stock in one period. In line with Romer (1990),
scientists’ innovations build on existing ideas, which can depreciate and can be transmitted
with varying degrees of efficiency. These ideas are non-rival, and thus can potentially increase
the productivity of all scientists. Let 3 € (0,1) denote the returns to scale parameter for scientists
and (€ (0,1) measure the spillover elasticity of current research productivity with respect to the
existing innovation stock. Therefore, output is simply
Y= QL sj,t)R}‘,’t - sﬁtlfR}%t.

I assume that 3 + ¢ < 1. This ensures diminishing returns in quality and prevents explosive
“strong scale effects” when new ideas feed back into future research. Similarly, I assume that
3 +1 < 1. This generates decreasing returns to scale in the rival inputs used in production.

At this point, the firm faces a standard production-innovation trade-off: hire more scientists
to raise quality, or hire more routine workers to raise scale. The next block introduces a new

margin.

Prediction. Higher output is valuable only if the firm can sell it profitably. To do so, the firm
relies on forecasts to make operational decisions.? For example: “which suppliers to use?”, “how
much inventory to hold?”, “which customers to target?”. These decisions can be modeled as
choosing an action a;; when there is an unknown optimal action 0 ;; that maximizes profit

given an output level. If the firm chooses a; ; when the optimal is 8 ; ;, it gets gross profit
G 2
1) Ty = ii(1=T(aj;=0j)°).

This expression tells us that profitable output is lost according to a quadratic loss (a =6 jyt)z.
A perfect decision, thatis a;; =0 ;, implies that ﬁft =Y. Yet, wrong decisions mean that the
firm loses output proportionally to how far off that decision is from the optimal one. T governs
how costly these mistakes are. Appendix Section C.2 presents a possible microfoundation for
the loss function.

How does the firm choose its action? The firm doesn’t know 8 ; but it is Bayesian. It can
therefore form a belief on how 0 ;; is distributed. I assume that it has a prior belief that 8, ~

N(uo, 0(2)). The best the firm can do is set a ; = po. This represents its best guess. The variance

30n top of the recent evidence indicating that the use of data in the service of forecasting improves firms’
productivity (see, for example Brynjolfsson and McElheran 2016, as well as other references cited in the introduction),
note that this is a very old intuition in economics. For example, Bastiat writes “commerce, I say, is led by its own
interests to study the seasons, to give daily statements of the state of the crops, to receive information from every
part of the globe, to foresee wants, to take precautions beforehand” (Bastiat 1850). Similarly, Fisher states that
“The sagacious business man represents the other extreme; he is constantly forecasting. Many great corporations,
banks, and investment trusts today maintain statistical departments largely for the purpose of gauging the future
developments of business” (Fisher 1930).



O'% represents the firm’s uncertainty. Thus, the firm’s expected gross profit is
G- ..E 2 2
E[n;, ] =7, =Y [1-TE[(a,—0;:)7]] = Y} [1-Tog].

This expression shows explicitly how high variance GS reduces profits.  assume 0 < TO‘% <1.The
upper bound says that baseline uncertainty is not so costly that it wipes out the firm’s expected
profit entirely; the lower bound (T > 0) says that forecast errors are genuinely costly, so that
prediction has strictly positive value.

The role of data engineers in the firm is fo make predictions to mitigate the costs associated
with uncertainty. They do so by processing the aggregate data stock () ; and extracting signals
about 0 j ;. The intuition runs as follows. The aggregate data stock (); contains raw information,
such as transaction records or customer interactions from across the economy. Because firms
face states 0 ; ; that share common components, such as industry demand, technology trends,
or input market conditions, data generated by other firms remains informative about firm j’s
optimal decisions. Data engineers extract n; useful signals, s, ;, from this data with ke {1,--, ns}.
Let o€ (0,1) be the returns to scale parameter for data engineers, then the number of signals

extracted* depends on both the data engineers and data stock, such that
ox 1-a
ny = D], Z'Qt .

Higher data stocks enable data engineers to make better predictions by building, for example,
more sophisticated algorithms and models. I assume constant returns to scale in n; in line with
Abis and Veldkamp (2024). This can be justified by analogy to the growth literature with idea
production, where ideas display constant or even diminishing returns to scale.

Let me now expand on how data engineers reduce uncertainty by linking their actions to
the firm’s expected gross profit. Each signal they observe is noisy. Thus, si ;=0 ;+ €y ,, where
assume that € , ~ N(0, O'% ). The n; independent signals can be combined into a single sufficient

statistic, their average

_ 1 1
St = n— Z Sk,t=ejyt+; Z ek,t'
k=1 L k=1

. 1 n . 0_2 . - (72 )
The noise term n 2L €k, has variance 7 SoLcan write 5~ N (6 it Tf) By Bayes’ rule, and

using the fact that for normal distributions, the posterior precision (inverse variance) equals the

sum of prior precision and data precision, the posterior variance, (szost, is then
2.2 2 2
2 - I 050 030°¢
post™ 1 | ny T 2 27 2 ax Ol-a-2°
o + o O¢c+n0; Oc+ Dj’tQt o

*1; does not need to be an integer and should be interpreted as an effective sample-size or precision index, rather
than as the literal cardinality of a finite collection of signals.



Therefore, with data engineers reducing variance from O'% to G%O“, expected gross profit becomes

E 2
= Yj.t[l _To-post(Dj,t’Qt)]-
The term [1 - T(ﬁgost] directly shows that if D; ; = 0, then we are back to baseline uncertainty:
[1- TO‘%]. Conversely, as Dj ; - oo, the expected gross profit approaches perfect information.
Therefore, without data engineers, the firm operates at baseline efficiency, leaving money on
the table. Data engineers thus convert raw output into realized profit by reducing operational

mistakes.

Data Accumulation. Where does the aggregate data stock () ; come from? A central element of
the model lies in the way the aggregate data stock is generated in the economy. There are two key
features I aim to capture: the fact that data is a byproduct of economic activity (an externality)
and that it is, to some extent, non-rival (Jones and Tonetti 2020; Farboodi and Veldkamp 2025).

First, data accumulates as a byproduct of the firm’s economic activity. In my setting, the
driver of data accumulation is quality, for two reasons. First, it separates the technical margin
that raises quality (scientists) from the capacity margin (routine workers) so that staffing for
production does not mechanically generate more data. This sharpens the analysis by making the
race between scientists and data engineers explicit, so that comparative statics and dynamics
are not confounded by changes in routine labor. Second, it emphasizes the intuition that higher-
quality products create new dimensions of data that were previously uncollectable. For example,
as smartphones improved through R&D, because of faster chips, better cameras, more reliable
sensors, or smoother apps, users expanded what they could do on the device, such as taking
photos, navigating the city, making payments, or health logging. Each new use case produces
distinct, higher-quality signals, so rising product quality endogenously widens and deepens the
data the firm can observe: a flywheel effect.’ Therefore, at the firm level, the firm accumulates a

data stock at each period, w j ; according to
Wij1=(1-8w)Wj+YQj

with 8, € (0,1) a depreciation parameter and with 'y > 0 representing the rate at which quality
generates new data. For instance, y might govern how much data the firm can mine from its

customers. For robustness, Appendix Section D.1 considers an extension where the driver of

°A real-world example of the flywheel effect is Recursion Pharmaceuticals, a biotech company specializing in drug
discovery. Its 10-K filings describe automated laboratories that run more than two million experiments per week,
and the data they produce is a byproduct of that search. The firm’s proprietary dataset grew from half a petabyte in
2017 to roughly sixty-five in 2024. The firm calls this process a “flywheel effect, where data generation and learning
accelerate side-by-side”. According to its chief executive: “Today, our wet labs primarily generate the data needed to
train Al models.” Interestingly, Recursion reports its workforce in three categories - life sciences, technology, and
strategic operations - which can be directly mapped to the three occupations in this model. Between 2020 and 2025,
the technology share rose from thirty-five to forty-three percent of employees while the life-science share fell from
forty to thirty-five.



data accumulation is output instead of quality.6

Second, data is nonrival, to some degree. Thus, I assume that the data stocks of all other
firms can also be used by firm j simultaneously without reducing the total amount of available
data, subject to a data sharing parameter. A simple motivation for this assumption is that 6 ; ;
might reflect industry-wide demand conditions, shared technological opportunities, or common
input price shocks that affect all firms simultaneously. When many firms face similar underlying
states, observing aggregated patterns from the broader market improves each firm’s inference

about its own position. Therefore, the aggregate data stock can be expressed as

Q[:wjyt+d) Zwk,t:wt(ler)(N—l)),
k+j

where the second equality comes from the fact that, in the symmetric equilibrium, all firms
have the same data stock, wy. ; = w; for all k. ¢ € [0, 1] governs the degree of data sharing in the
economy. I will assume in the simple model that ¢ is exogenous. Formally, I interpret Q) as the
effective stock of signals about the firm’s own state: the common components of 0 ; ; across firms
make outside data informative about firm j’s state, and ¢ measures the fraction of other firms’
data that translates into usable own-state signals, so that the extracted signals can be treated
as independent and unbiased in the updating formula above. Throughout the paper, I write
O=1+¢dp(N-1),sothat Q;=Dw;.

The Firm’s Value. Bringing the three blocks together, the firm’s value depends on its workforce,
the accumulated ideas, I, and the aggregate data stock, (). On the cost side, the firm pays wage
w;’-,t to each occupation o€ { R, S, D} at time t. Therefore, the firm’s problem is to maximize its
value v, or expected net profit, by choosing the optimal number of routine workers, scientists,
and data engineers period-by-period without capitalizing on the effects of current employment
on future ideas or data stocks. This corresponds to

)

2 2

- B _ 0p0e ) _Rp. S o ,
g A vip= o Sl I T g2 Ry wj Ry, =10}~ wj D
L0 gt € j,t t 0
science block production block
data block
_E
_T[j,[

Throughout the paper, I assume that «c+ 3 +1 < 1. Mathematically, this assumption delivers

global concavity of mif in (S,D,R) (see Lemma A4 in the Appendix), so the firm’s first-order

6Specifying Wj1 = (1-dw)wj;+7vYj, trades realism for transparency. It is arguably the more empirically
plausible law of motion, since routine production also generates data. It also yields stronger predictions concerning
the direction of misallocation, as now both scientists and routine workers generate dynamic spillovers. However,
once routine workers move the data stock, the channel through which innovation cannibalizes itself is harder to
isolate. The quality-based specification helps to keep that channel in view.
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conditions characterize its global optimum and the competitive-equilibrium concept below
is fully grounded. Economically, some decreasing returns in science and routine production
are necessary to support an active, competitively priced data occupation. Appendix Section C.1
develops this point and shows that the stronger restriction above guarantees positive firm value

at an interior optimum.

Firm Ownership. To close the firm’s side of the model, I now specify its ownership. Firm value
is strictly positive at any interior candidate. I assign it to a long-lived owner who holds the

representative firm, consumes the residual, and has preferences

®) Uk = S piek,
t=0

with p € (0, 1], c{( her consumption at time ¢, and UK her discounted utility. Therefore, the
owner is a passive residual claimant: she receives the firm’s realized profits in every period but
does not choose its employment policy. The reduced-form separation between ownership and
control may capture short managerial horizons or incomplete contracting over the long-run
consequences of current employment decisions, including their effects on future ideas, data,
and firm value.

The owner also receives an exogenous endowment ef > 0 of the numeraire, so that her
budget reads Cf < ef +rk - wa[ — wPD; — wERy. In the market equilibrium, she consumes

4) c{(:ef+ﬂf—wat—w?Dt—wfR;:e{<+vt>0.

Therefore, being a firm owner is not an occupational choice per se: workers choose occupations,
earn wages, and an outside owner receives the residual. The endowment plays no economic
role. It only guarantees positive owner consumption in a neighborhood of the market allocation.
Since it is common across allocations, it cancels from every local welfare comparison. Because
all quantities are in per-firm units, cg( is per-firm owner consumption. With N identical firms,

aggregate owner consumption is ch . This rescaling leaves every result unchanged.’

2.2. Occupational Choice

Having described the firm’'s demand for three occupations of workers, I now model the supply
side: how agents choose among routine work, science, and data engineering. This occupational

choice mechanism will determine how talent reallocates in response to data accumulation. This

"The residual must accrue to an agent outside the occupational-choice problem. Anticipating a bit on what
follows, if profits were rebated lump sum to workers, consumption in occupation o would be w° + T. Agents would
then compare In(w® + T) +1°, so wage premia alone would no longer summarize occupational choice. Linearity in
equation (3) also makes the value of one unit of date-¢ resources equal to p’. With concave owner utility, marginal
utilities would weight the stock values. The local welfare argument in Section 4 holds when those weights are positive.
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corresponds to the “supply side” component of Figure 2.

I model occupational choice as a discrete choice with correlated idiosyncratic preference
draws, rather than the simpler multinomial logit, for one chief reason: logit imposes indepen-
dence of irrelevant alternatives, so the occupations that lose workers when the data premium
rises would be pinned down by the initial shares alone. Using correlated preference draws
prevents this outcome. Science and data engineering plausibly appeal to the same people: both
reward quantitative reasoning, analytical thinking, and comfort with abstraction, so an agent
drawn to science is more likely to be drawn to data engineering than to routine work. The
intensity of this substitution depends on how correlated the draws are, which the joint normal

specification below captures through a single parameter.

Setup. At the start of each period, agents choose between becoming routine workers (R),
scientists (S), or data engineers (D). Let o€ { R, S, D} index the three occupations. In what follows,
I omit time subscripts except where necessary for clarity.

Agents choose occupations on two criteria: what the occupation pays, and their specific
idiosyncratic preferences for a given occupation. Consider pay first. Let w® denote the wage
in occupation o. Agents live one period and do not save, so an agent working in occupation o
consumes her wage, c= w°. Wages are her entire income: the residual value of the firm accrues
to the firm owner, who takes no part in the occupational-choice problem.

Second, agents differ in idiosyncratic occupational preferences across non-routine occupa-
tions. Let nf and n? capture agent i’s idiosyncratic taste for science and data engineering relative
to routine work (for example, interest in research or applied work, tolerance for uncertainty,
desire for meaning). These draws admit two readings that I leave unmodeled because neither
affects a worker’s marginal product: a non-pecuniary preference over occupations, or a fixed
cost of acquiring occupation-specific skills. Under either reading, what matters is that the draws
are correlated across the two quantitative occupations. Agent i has a comparative advantage in
science over data engineering when nf —T]lD is large, a comparison in net terms rather than in
productivity: all workers assigned to an occupation are equally productive in it. An agent of type

1; who works in occupation o and consumes c therefore obtains

(5) u(m;o,c) = Inc+ny?, nfzo,

which, evaluated at her wage, is Inw’ +n?.
Because only utility differences matter, I measure utilities relative to routine work, the
outside option. Subtracting In w%, a constant common to all three options, and defining the

wage premium of o relative to routine work,

W° = 1n(%§), =0,
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delivers the equivalent representation

ulf=o, v’=a’+n?, UP=aP+nP.
The agent chooses the occupation with the highest utility. The two representations rank the three
options identically, so occupation shares and equilibrium wages may be computed from either.
The premium representation is useful to think about the decentralized market equilibrium in
Section 3: it reflects the market return to each occupation, determined in equilibrium by the
firm’s marginal products, a signal for workers to choose the occupation delivering the highest
utility. The consumption representation is rather helpful to think about the constrained planner

allocation in Section 4: it states the compensation required to preserve a worker’s market utility.

Ability Distribution. 1assume that the idiosyncratic characteristics (1 f,n? )/ are jointly normal

n‘? N 0 cr% YOsOp
n? 0 ’ YOs0p 0% '

[ assume that v e (-1,1), with og,0p > 0, so that the distribution is nondegenerate. The key
economic parameter is v: the correlation between the science and data engineering preference
draws. It governs the intensity of talent reallocation between S and D as wages change. To fix
ideas, consider a marginal increase in the data premium /", holding " fixed. The new data
engineers are drawn from two adjacent margins: workers previously indifferent between science
and data, and workers previously indifferent between routine work and data. Both margins carry
strictly positive mass for any v € (-1, 1), including v = 0, so a rising data premium always draws
some talent out of science. Thus, paying close attention to v in the decentralized equilibrium is

central to understanding where the flows to data engineering come from.

Occupation Shares. The share of agents choosing each occupation is determined by the proba-
bility that it delivers the highest utility. It follows that

S _s . 8 _S . S -~ D
&> =Pr(w”+n;7>0and W’ +n; > wD+nl- )
D - D ~ D_~S S
& :Pr(wD+nl- >0and wD+nl- > W +m7)
These shares do not have closed-form expressions due to the bivariate normal structure, but

they can be computed through numerical integration over the appropriate regions of (n?,niD )

space. The occupation shares translate directly into labor supply quantities

Se=&)L,  D=&PL,  R=ERL
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Equilibrium Determination. Equilibrium wages and occupation shares are determined jointly.
The firm’s first-order conditions yield wage schedules {w;g , th ) wf } as functions of occupation
quantities and state variables (I, Q). These wages generate log premiums {fuf, 11/? }, which
determine occupation shares {Ef , é? , Ef } through the occupational-choice block. Occupation
shares then determine quantities {St, Dy, Rt}, which feed back into wages. A rational expectations

equilibrium is a fixed point of this mapping.

Normalization. Since the N firms are identical and the equilibrium is symmetric, I express all
labor quantities in per-firm units from here on: I relabel (S;/N, D;/N, R;/N) as (S, D¢, R) and
the per-firm labor mass L/N as L, so that the labor constraint reads S; + Dy + R; = Lin per-firm
units and the occupation shares &7 are unchanged (they are population shares, common to the
economy and to each firm by symmetry). Ideas are produced by the economy-wide scientist
pool, so under this relabeling, the law of motion I, = (1 —87)I; +xS; holds with x absorbing
the factor N. Since x is a free parameter, no result depends on this constant. The firm-level data
law of motion is already in per-firm units. With this convention, every first-order condition,
wage, and posterior variance below is a statement about the representative firm, and the only

remaining role of N is in the aggregation map Q;=®w; with ® =1+ p(N-1).

2.3. Timeline and Sequence of Play

This section specifies the timeline governing how today’s occupational choices affect tomorrow’s
opportunities through the accumulation of ideas and data stocks. The model unfolds over three
periods, ={0,1,2}, each consisting of two stages.
» Stage 1: Generation t is born, observes ideas Iy and data (), forms expectations of wages,
and chooses occupations;
e Stage 2: The firm chooses its mix of routine workers, scientists, and data engineers to
produce. This generates ideas I+ and data Q1.
Stage 1 choices are equilibrium supplies: agents choose occupations given correctly anticipated
wages. Stage 2 describes the firm’'s demand side: taking wages as given, the firm’s first-order
conditions determine its demanded mix. In a rational expectations equilibrium, the two coincide.
The “choice” in Stage 2 is the demand consistent with the occupational supplies formed in Stage
1.

To initialize the model, I assume the economy begins with a positive quantity of ideas but
no data. Thus, Iy > 0, wg = 0,Q¢ = 0. With I > 0, scientists are immediately productive, so the
economy can begin innovating. But with () = 0, data engineers cannot extract any signals,
making them worthless in period 0. This creates a natural starting point: the economy begins
in a pure science-and-production equilibrium, with data engineering emerging endogenously
only after innovation has generated a data stock. The assumption Iy > 0 can be interpreted as

inherited ideas from previous generations or as a reduced-form representation of an earlier
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phase where innovation accumulated exogenously. The main point is that innovation comes
first, then data.

Solution concept. For each period, I solve the within-period fixed point for a given state, update
the state using the laws of motion, and iterate forward. I explicitly solve in the main text periods
0 and 1 in Sections 3.1 and 3.2, respectively. Period 2 is solved analogously to period 1, with the
existence and uniqueness of the equilibrium formalized in Appendix Proposition Al. Rather
than re-deriving the intra-period equilibrium, Section 3.3 focuses on comparative dynamics: it

characterizes how the equilibrium allocation responds to changes in the data stock.

3. Market Equilibrium

This section studies the market equilibrium dynamics. It describes the economy’s endogenous
path when decisions are made by agents and firms. The main lesson is that the economy follows
a pattern of endogenous structural change, where the economy evolves from an innovation
economy to a data-intensive economy. This trajectory rests on a perhaps counterintuitive form
of path dependence. An initially large scientist pool leads to a larger data stock in the future.
Thus, high innovation in the beginning cannibalizes innovation later, because agents are lured

to the data sector that scientists helped to produce.

3.1. Period 0: Initial Innovation

Period 0 is characterized by being a pure innovation phase. With no data stock yet accumulated
(Q)g =0), data engineers are unproductive, so the economy operates as a standard two-sector

model with scientists and routine workers.

3.1.1. Stage 2: Firm’s Production Decision

To produce, the firm takes as given the ideas and data stock, as well as the agents’ occupational
choices. Since Q) = 0, data engineers are unproductive and the firm’s problem in equation
(2) reduces to choosing scientists and routine workers only. Taking the first order conditions

(FOC) with respect to routine workers and scientists, and rearranging yields the scientist wage

premium
S
Wio B Rjo
wiy b Sjo

The premium is decreasing in the scientist-to-routine-worker ratio: more scientists lower the
marginal product of an additional scientist due to diminishing returns (3 < 1). This creates a
downward-sloping demand curve for scientists, which will intersect with the upward-sloping

occupational supply curve to determine equilibrium.
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3.1.2. Stage 1: Occupation Choice Equilibrium

Agents in generation 0 must form expectations about equilibrium wages and choose occupations
accordingly. Since data engineers are unproductive, the choice reduces to becoming a scientist
or a routine worker. Let E,g denote the share choosing science. Then in a symmetric equilibrium,
So=&3Land Ry = (1-&3)L.

Occupational choice generates an occupation supply curve. Given wages {wg, wg }, the log

premium is it = In(wy/wg), and the share choosing science is

ﬁ/S
ag:Pr(wg+n§>o)=Y(—°),
0s
where Y'(+) is the standard normal CDE This supply curve is increasing in the wage premium:
higher relative wages for scientists attract more workers into science.
At the equilibrium, the scientist share demanded by firms (via their FOCs) equals the share
supplied by agents (via occupational choice). The following proposition establishes that such an

equilibrium exists and is unique.

PROPOSITION 1 (Period 0 Equilibrium). Given initial conditions with a positive ideas stock,
Iy > 0, and a non-existent aggregate data stock, Qg = 0, there exists a unique equilibrium with

occupation shares for scientists, (£3)* € (0,1), data engineers, (£5)* = 0, and routine workers,

(0)" =1~ (&))"

The equilibrium in Proposition 1 represents a “pure innovation phase”. All talent allocation
occurs between scientists and routine workers. Yet, this period generates two stocks that will
reshape future opportunities. Scientific employment produces ideas, raising the productivity of
future scientists. More subtly, scientists also generate data. Quality produces firm data, which
is then aggregated across firms. The model’s core tension emerges from this second channel.
A large scientist pool in period 0 - the outcome that perhaps naively looks desirable from an
innovation standpoint - creates a large data stock in period 1. This data stock makes data
engineers productive, raising their wage premium and pulling talent away from science. The

following period’s analysis develops this idea.

3.2. Period 1: Emergence of Data Processing

Period 1 marks the transition from a pure innovation economy to a mixed economy where
prediction competes with innovation for talent. This period elaborates the model’s central
mechanism: how data accumulation drives endogenous structural change in the composition

of the workforce.
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3.2.1. Stage 2: Firm’s Production Decision

With Q)1 >0, data engineers become productive. The firm’s problem in equation (2) now features
all three occupations. This has two immediate effects. First, hiring data engineers reduces Giost
below the baseline O'%, raising expected profit. The firm has a positive marginal product for
data engineers and will demand D; > 0 at any finite wage. Second, the firm can now improve
profitability through three channels: hire scientists to raise quality Q (the innovation margin),
hire routine workers to raise scale Y (the capacity margin), or hire data engineers to reduce
operational uncertainty O'Zpost (the prediction margin). These three margins compete for the
same labor supply L.

The FOCs for scientists and routine workers parallel period 0, but with higher productivity
[1- TO‘%O“] replacing the baseline [1-103]. Better prediction raises the marginal product of

routine workers and scientists. The new margin is data engineers, with FOC

4 2 roa-lal-o
S@ ICRl.b . GOO‘QOCD]'J QO3

1717551 2 x )1-o~5272
[c7€+Dj,1Q1 og]

D
= w?) =MPP.

This expression highlights two important properties of the marginal product of data engineers,

MPP. First, the marginal product of data engineers is proportional to SﬁllfR}ly’l,

or scale raises the value of reducing operational uncertainty. Better predictions are more valuable

so higher quality

when there’s more profit at stake. Second, « < 1 ensures oMPP /oD 1 <0. As the firm hires more
data engineers, each additional one contributes less to variance reduction. This last point means
the data engineer demand curve slopes down, just like the scientist demand curve. But the
level of this curve depends on the current aggregate data stock, which was determined by past

innovation. This is how innovation creates its own competition.

3.2.2. Stage 1: Occupation Choice Equilibrium

Generation 1 agents now face a three-way choice: routine work, science, or data engineering.
Occupational choice generates occupation shares (&S, gD, (ilf) as functions of the wage premi-
ums {fuf, iwP}. As before, at the equilibrium, the occupation shares demanded by firms equal
the shares supplied by agents. The following proposition establishes that such an equilibrium

exists and is unique.

PROPOSITION 2 (Period 1 Equilibrium). Given ideas stock, I > 0, and aggregate data stock,
Q1 >0, there exists a unique equilibrium with occupation shares (£3,EP, £R)* e relint(A?) where
A2 ={(E5,EP, ER) eR3 1 £S+ P+ ER =1},

What distinguishes this equilibrium from period 0’s is the data stock inherited from it. It
demonstrates how talent allocation responds endogenously to accumulated data. A positive ()
gives data engineers a positive marginal product and hence a positive wage. The occupational-

choice block turns that premium into a positive share &113 . The reallocation feeds back into the
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stocks: a lower S; slows ideas accumulation into I, while period-1 quality Q; determines Q5.
The accumulated data stock is therefore a state variable that coordinates labor market decisions.

It makes data engineering attractive precisely when and where innovation has been successful.

3.3. Period 2: Mature Data Economy

Period 2 addresses a critical question left open by period 1: does the reallocation toward data
engineering continue indefinitely, or does it eventually plateau? To answer this question, this
section introduces the information scarcity region 8, which partitions the state space (D, Q) into
two regimes with qualitatively different dynamics. In scarcity, more data makes data engineers
more productive; in the deep-scarcity subregion, this force is strong enough to raise the data
premium, sustaining talent reallocation away from science in equilibrium. In saturation, the
marginal value of data engineers declines, and the flow of talent reverses. The information
scarcity region therefore outlines conditions to understand the strength of the reallocation

toward data.

Equilibrium. Asin period 1, the equilibrium exists and is unique with all three occupations
active. Proposition Al in the Appendix provides a formal statement. The interesting question,
nonetheless, is not existence but dynamics: conditional on continued data accumulation, how

do occupation shares evolve from period 1 to period 2 as data continues to accumulate?®

Information Scarcity and Saturation. To understand the behavior of the data sector in period 2,

recall that the signal scale is n; = D;‘tQ%’“, so the posterior variance is

2 000
(o D; t QI = 5 5 .
post( b ) O'% + 0_% ny
It is convenient to express the signal scale in units of the prior precision. Define the learning

scale

1-o 2 2
X(Dj,t)Qt) D%Z’Qt (XGO = nt 0y,

so that Géost = G% 02/(02 + X) and every statement below can be written in terms of this single

index. Two polar cases clarify the economics. First, suppose that the data precision n;/ O'%: is
much smaller than the prior precision 1/ 0'%. Signals are scarce and highly valuable. The posterior

variance 0%, cr% is close to the prior, meaning the firm has learned little. In this regime, an ad-

2

post
ditional unit of signal scale n; generates a large reduction in uncertainty. Whether an additional
data engineer commands a high marginal product then depends on how much signal scale
that engineer adds. Formally, this corresponds to the derivative 0n;/0D it = ocD‘]’f;lQ%’“, which

tells us that the marginal product of data engineers naturally also depends on the accumulated

®Data necessarily rises from period 0 to period 1 because wg = 0, but continued growth requires yQ; > 8 wj.
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data stock to work with. Now, imagine that the data precision far exceeds the prior precision.

Signals are abundant and the posterior variance 02, ~ O‘%/ n; is close to zero. The firm has

post
learned nearly everything there is to learn; operational uncertainty has been largely eliminated.
Additional data engineers yield only marginal improvements, so their marginal product is low.

The transition between these regimes occurs at the saturation threshold, where data preci-

sion equals prior precision, that is, where X = cr%. This defines the information scarcity region

/o
$={(D,Q):X(D,Q)< Gi} ={(D,Q):D< Ds5t(Q)}, Dgat(Q) = (z_(z%) / Q(“—l)/cx,
where Dsqq traces the boundary {X = 62} in (D, Q) space. This threshold has intuitive properties.
Since cce (0,1) implies (x—1) /o < 0, that boundary is decreasing in Q: as more data accumulates,
fewer data engineers are needed to cross it. Noisier signals push it outward; a more uncertain
prior pulls it inward. The threshold is not the onset of diminishing returns to information, which
set in at every n; > 0. Holding occupation counts fixed, it is where the marginal product of a data
engineer stops rising and starts falling in (). Further, by “saturation” I do not mean complete

learning: at the threshold Gzpost = (Yg /2, so half of the prior uncertainty remains.

States (Dj,;, (1) € 8 are in scarcity; states with Dj ; > Dsat () are in saturation. This parti-
tion organizes the analysis of data employment dynamics: I first characterize how the marginal
product of data engineers behaves in each regime at fixed occupation counts in the next propo-
sition. I then convert this value statement into an exact characterization of equilibrium employ-

ment in Proposition 4 below.

PROPOSITION 3 (Information Scarcity and Marginal Product of Data Engineers). Fix the returns
to scale to data engineers « € (0,1), firm prior variance cr% >0, and signal variance 0‘% >0. Holding
occupation counts (S, Ry, Dt) constant, with Sy, Ry, Dy > 0, the marginal product of data engineers
is single-peaked in Q. strictly increasing in scarcity, maximal at the saturation threshold, and

strictly decreasing in saturation. The elasticity is

2 X 1-o¢ 2

€ (1-x) Ge_Dj'tQt i
D = - )
MPZ.Q 02+D;?‘IQ}‘°‘G(2)

which is positive in scarcity, zero at the threshold, and negative in saturation.

When signals are scarce, additional data allows each data engineer to extract more informa-
tion, raising the marginal value of hiring another data engineer. This suggests a positive feedback
loop: data accumulation generates a higher marginal product for data engineers, higher wages
for data engineers, and more workers choosing data engineering. Proposition 3 alone, however,
does not establish this loop by itself: it holds occupation counts fixed, while the equilibrium
inflow into data engineering is governed by the relative premium wP, anda larger data stock also
raises the wages of scientists and routine workers through the shared efficiency term [ 1 —To‘%ost].
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Once the firm has enough signal scale, n;, to reduce uncertainty close to its lower bound, addi-
tional data has limited value. The firm has already hired enough data engineers to extract the
signal; more data does not justify hiring even more data engineers. The feedback loop weakens
O reverses.

Formalizing this reasoning in equilibrium requires keeping track of which force dominates.
In terms of the learning scale X, the direct informational gain to data engineers dominates the
shared productivity gain to routine workers exactly when X < Gg(l - Taigost(D, Q)) Lemma
Al in the Appendix shows that this implicit condition has a closed form, which defines the

deep-scarcity region

gdeep — {(D,Q) : X(D,Q) <o§\/1—wg} c8.

The inclusion is strict since /1 - TG(Z) < 1, by the maintained assumption T(Yg > 0. The deep-
scarcity boundary lies strictly inside the scarcity boundary and approaches it as TO‘% — 0. The
following proposition provides an exact sign characterization of the equilibrium reallocation

and shows that the deep-scarcity region is crossed exactly once.

PROPOSITION 4 (Cannibalization and Recovery). Fix t € {1,2} and I; > 0, and let £*(Q) =
(£5*,£P* B (Q) denote the unique equilibrium of Propositions 2 and Al at aggregate data
stock Q > 0. Write X*(Q) = X(LED* (Q),Q) for the equilibrium learning scale. Then & (-) is
continuously differentiable on (0,0), does not depend on I, and:

(i) (Exact sign characterization.) For every Q) >0,

de”” dEY __ ign B
BT

= sign(o‘é(l —TG(Z)) -X* (Q)Z).

In particular, whenever the equilibrium lies in the deep-scarcity region 84D the data share
strictly rises with the data stock while both the science share and the routine share strictly
fall, and d( gD / £5* ) /dQ > 0; outside the closure of 84eep a1l these movements are strictly
reversed.

(i) (Unique threshold, single peak, single trough.) There exists a uniquefl € (0,00) such that the
equilibrium lies in S%€P ifand only if Q < Q. Consequently, £P* (Q) is strictly increasing on
(0,Q] and strictly decreasing on [Q, 00), withlimgq P (Q) =limg_, o £P*(Q) = 0; and
£5%(Q) is strictly decreasing on (0, Q] and strictly increasing on [Q, 00). The threshold () is
the same in periods 1 and 2, and the peak of the data share occurs strictly inside the scarcity

region S of Proposition 3.

Proposition 4 formalizes the feedback loop reasoning when taking into consideration the
equilibrium effects. In deep scarcity, more data raises the marginal product of data engineers
faster than it benefits routine workers, so the data wage premium rises and workers flow into

data from both other occupations. Past the threshold Q, the direct benefit to data engineers is
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dominated by the shared efficiency gains, so the premium falls and the flows reverse: the data
share declines and scientific employment partially recovers. The reallocation path is globally
single-peaked with a unique, endogenous threshold”. Further, equilibrium employment peaks
at X* = cr%\ /1- TO‘(Z), strictly before the marginal product of data engineers peaks at the scarcity
boundary X = 0'(2_:, by Proposition 3. Thus, between the two boundaries, additional data still raises
the value of prediction, but the shared productivity gain to routine work already dominates,
and the data share falls. Figure 3 collects both propositions. Panel A partitions the state space
(Q, D) and traces the equilibrium path through it: the path crosses the inner boundary exactly
once at its own maximum, as established by Proposition 4. Panel B plots the same equilibrium
against the data stock and separates the two turning points, so that the band between them is
the range over which additional data still raises the marginal product of data engineers while

their equilibrium employment is already contracting.

Where the Inflow Comes From. Arise in the data premium draws workers from both adjacent
margins. By Lemma A2 in the Appendix, it pulls mgp div® workers out of science and mpg div”
out of routine work, where mgp and mpy are the densities of agents at the science-data and
routine-data margins. Both are strictly positive for every v € (-1,1), which is why the sign of the
science decline in Proposition 4 needs no restriction on the taste correlation. The composition of
the inflow is a different matter. Science need not supply the majority of new data engineers, and
plausibly does not: routine work is the far larger occupation, so it can cede the same headcount
at much less internal strain. The comparison that survives this size effect is the proportional

one: science contracts faster than routine work in percentage terms exactly when
(6) &fmgsp > E5mpy,

a condition made easier by science being the smaller occupation. Appendix Section C.3 derives
both sourcing shares, gives the exact majority condition, and shows that v signs neither on its
own. Both are equilibrium objects that could instead be disciplined by the observed asymmetry
of science-to-data versus routine-to-data transitions in Section 6.

The next corollary formalizes the idea that while information remains deeply scarce, in-
novation reduces its future talent base through the data it creates. This is the sense in which

innovation cannibalizes itself.

COROLLARY 1 (Innovation Cannibalizes Its Own Talent Base). Consider generation 1, and recall
that Q) = CDyS([)SIg" with®=1+$(N-1). Then

o0&} _ de™ B-1,C
a_50: a0 (Q1) VYRS Iy,

9No auxiliary monotonicity hypotheses along the path are needed
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which is strictly negative whenever Q < Q, that is, whenever the period-1 equilibrium lies
in the deep-scarcity region; symmetrically, aa? [0Sy > 0 and 6&?/ 9Sy < 0 there. For Qq > Q
all signs reverse. Moreover, because the equilibrium shares are independent of the ideas stock,
the reallocation operates entirely through the data byproduct of innovation: the ideas channel

XxSo + L1 leaves period-1 occupation shares unchanged.

Structural Change. With Proposition 4 and Corollary 1 we come full circle. The economy
transitions from a pure science phase in period 0 (Dg = 0) to a mixed economy in period 1, and
potentially to a data-intensive economy in period 2. Whether that last transition occurs, and
whether it persists, depends on the threshold Q of Proposition 4. The non-monotonicity also
warns against a hasty conclusion suggesting the unbounded growth of data engineers. In turn,
Corollary 1 clarifies how, by generating data, innovation erodes the very talent base it depends
on. These dynamics offer a parsimonious theory of the rise of the employment share of data

occupations and its competition for talent with scientific activities documented in Figure 1.

4. Constrained Planner’s Allocation

A question that arises is whether the increasing attractiveness of the data sector can be harmful
to the economy. This section studies what a planner would do differently with respect to the
competitive equilibrium to answer this question. I study a planner that is constrained to leave
every worker at least as well off as in the market: she cannot pay below the relevant market wage
and must compensate workers for assignments they value less because of their occupational
preferences. I solve this problem locally, at the market allocation, with no global ranking of
allocation paths. The main lesson is that the market equilibrium systematically underprices
science. Scientists generate positive externalities that propagate across time through ideas and
data accumulation. However, the market only compensates them for their current contribution
to output. This dynamic contribution is left unpriced in every non-terminal period. Thus, a

reallocation towards science raises welfare.

Market utilities and compensation. Objects carrying a superscript “m” are evaluated along the
market path of Propositions 1-Al, initialized at I > 0 and wg = 0. At date ¢, a worker of type

obtains market utility

7 i = 1 M4 n°
) i (n) OEF&gR}{nwt +n°}

and the market assignment satisfies a}" (1) € argmax,{In w?"+n°}. At date 0, use the extended-
real convention In ufOD " = _co. Thus, data engineering drops out of the market choice while the

compensation requirement below remains finite.
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The least consumption that leaves type 1 at her market utility when assigned to occupation

ois

8) C?(n) = exp{its(n)-n°},

Since #;(n) >Inw?™ +n°,

9) cl(m) > w?’m for everyn and every o,

with equality exactly when o is market optimal for type 1. Hence, the market assignment costs

exactly the market wage bill. Lemma A3 records both facts.

Compensated perturbations. Fix a date t. A market-boundary perturbation is a differentiable
family of assignments a;(¢) obtained by smoothly displacing the indifference boundaries of a}",
with a;(0) = a}"’. All assignments at dates s+ ¢ remain at their market values. The stocks evolve
from the perturbed date-¢ allocation. This is a fixed-shares continuation.

Every worker is held at her market utility: a date-r worker assigned by a;(¢) consumes
Cft(s)(n) (1), while workers at other dates keep their market assignments and wages. Dropping

the constant endowment, define the resulting discounted residual from date ¢ onward as

2
(10) Wi(e) = %[ (2(e)i Io(e), Qs(e)) - LE[ ¢V ) ]].
s=t

Here, as(¢) = a" for s+ t. Earlier dates are unaffected and omitted. At ¢ = 0, equation (10) equals
the market residual from date ¢ onward. A positive change is a Pareto improvement: workers
retain their market utilities and the long-lived owner is strictly better off. Appendix Section C.4

presents the full statement of the constrained planner problem.

The dynamic wedge. Within a period, the market is efficient under this compensation criterion.
The market assignment uniquely maximizes current output net of the consumption required to
hold workers at their market utilities, by Lemma A5. The omitted contribution is intertemporal.

Only scientists move the two stocks:

L1 =(1-8D)1+XSt w1 = (1-8e)w;+ySPIC,
Define the dynamic wedge on a date-t scientist as
(11 K¢ = X/\{er[:’,S?_lItC/\;U,

where /\{ and A are the fixed-shares marginal values of next period’s stocks. Lemma A6 gives

their recursions. The two terms in (11) are the future value of ideas and data created by one
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additional scientist.

PROPOSITION 5 (Local Underprovision of Science). Evaluate all objects along the market path.
Then:
(i) Atevery date, the market assignment uniquely maximizes current output net of the consump-
tion required to hold every worker at her market utility.
(i) Every occupation is paid its current marginal product. A scientist additionally raises dis-

counted future output by the dynamic wedge, K¢, where
Ko >0, K1 >0, K2 =0.

The dynamic wedges on data engineers and routine workers are zero.

(iii) For every market-boundary perturbation,
dw de?
t(s)‘ - o'k, 5t(5)’ .
de le=0 de le=0

(iv) Forte{0,1}, there exists a science-increasing market-boundary perturbation and & > 0 such
that W¢(e) > W;(0) for every ¢ € (0, €). Every worker remains at her market utility, and the
owner is strictly better off. Thus, the market science level and share are locally inefficiently low.

At t =2, every market-boundary perturbation has zero first-order welfare effect.

Proposition 5 compares private and social returns at the market allocation. Without solving
for a global efficient path, it provides a robust local lesson: in every period with a future, a
compensated marginal increase in science raises welfare. The economics behind Proposition 5
is a fundamental timing problem in the data economy. Scientists generate benefits that accrue
in future periods through ideas and data accumulation. The market compensates them only for
their current contribution to output, while the planner recognizes their full intertemporal value.
Data engineers and routine workers, by contrast, affect only current-period efficiency through
variance reduction and production: they have no dynamic spillovers. The two components of the
wedge k; formalize this intuition by separating a familiar idea’s externality from the novel paper’s
data channel. The term X/\{ is present without data accumulation. The term yBS?_IIf/\?" is
specific to data: scientists create a stock that raises the future productivity of data engineers. The

market prices neither contribution.

5. Revisiting Open Issues

Sections 3 and 4 developed the model’s core insights: (i) data accumulation drives endogenous
structural change from science to data engineering; (ii) the market leaves the dynamic contribu-
tion of scientific labor unpriced, and employs too few scientists relative to a constrained planner.
This section applies these insights to two policy-relevant debates through the lens of the model:

data sharing and automation.

24



5.1. The Role of Data Sharing

Should data be shared more widely? The non-rival nature of data suggests that sharing always
improves output by allowing multiple firms to use the same information simultaneously. But
once we account for occupational choice, data sharing has an ambiguous effect: it improves static
efficiency by reducing operational uncertainty while potentially worsening dynamic efficiency
by making data careers relatively more attractive. This section characterizes this trade-off and
shows that a regulator limited only to a data-sharing instrument may optimally restrict sharing
to preserve scientific talent.

To compare different policies, I need to define a common welfare anchor. Fix the reservation

utilities generated by full sharing, ¢ = 1, such that

- A , 1 _ -
(12) () = max {mw?™(1)+n°},  c?'(m) = exp{iy(n) -n°}.
0¢{S,D,R}
Holding these requirements fixed compares policies in common consumption units. For any

assignment path g, let

2
1
(13) WA d) = Y o' [ (a(ar)i (@), @ (d)wi(a)) - LE[ "V (m)]].
=0
The stocks generated by a fixed path a do not depend on ¢. The constrained planner can choose
a and ¢. A second-best regulator chooses only ¢ and leaves assignments to the market. The

following proposition explains how data sharing is chosen under these two mechanisms.

PROPOSITION 6 (Data Sharing and Talent Reallocation). Assume there is more than one firm in

the economy, N > 1, and evaluate welfare at the full-sharing anchor in equation (12). Then:

(i) Suppose the date-t market allocation is in the deep scarcity region, gdeep. Holding wy; fixed, the
market data share is strictly increasing in $. Under a permanent policy, there is no inherited-
stock feedback at t = 1, because w1 is predetermined. At date 2, the inherited firm-level stock
responds to the policy, but the aggregate data stock Q is strictly increasing in ¢. Consequently,
the date-2 market data share strictly increases with ¢ if the date-2 equilibrium lies in $9€€P,
strictly decreases outside its closure, and has zero derivative on its boundary.

(ii) For every fixed assignment path, WA(a, &) is nondecreasing in &. Hence full sharing is optimal
under the constrained planner allocation.
(iii) Let occupations be determined by the market. A maximizer $SBe [0,1] of anchored compen-
sated surplus exists. If the date-1 full-sharing allocation is in the deep scarcity region, gdeep,
then dS[*/d$ <0 and

awsB 2, onf dast
14 = e 2
(14) i ‘¢:1— Xe' T e gy

Direct Effect  Dynamic Terms
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Consequently, every maximizer satisfies $SB<1 if

ast|  onf  ,ond
+

ap | Pop TP 2g

(15) pK1

where each partial derivative holds occupations and the inherited firm-level data stock fixed.
Thus, S8 <1 when returning workers to science outweighs the direct informational gains of

data sharing

In deep scarcity, Proposition 6 indicates that in the market equilibrium, greater data sharing
shifts talent toward data engineering at any given inherited data stock, and unambiguously so at
date 1. Thus, while data sharing raises current-period output through better variance reduction,
it also draws talent away from science, which depresses welfare through slower ideas and data
accumulation. The net effect on welfare is not signed in general, since more effective data also
reduces future uncertainty.

When the constrained planner chooses assignments directly, data sharing is unambiguously
beneficial. Fix any assignment path. The stocks it generates are independent of ¢, because data
accrues as a byproduct of quality, which contains no aggregate data stock Q. Raising ¢ raises
Q; = Owy and lowers posterior variance at every date, while the anchored requirements C?’l do
not move at all. Every assignment path is therefore worth weakly more at higher ¢, and taking
the maximum preserves the ranking. Her optimal assignment does respond to ¢ - a larger data
stock raises the marginal product of data engineers, and she reallocates accordingly - but by
revealed preference that response can only add to the gain.

This benchmark indicates that data sharing per se is not problematic. The issue is the
interaction between data sharing and market-determined occupational choice. When workers
respond to wages, higher ¢ raises data engineer wages and pulls talent from science, which
harms welfare.

Since the inefficiency is a positive dynamic externality from scientific labor, the natural
decentralized response is a direct subsidy to science that pays scientists their full marginal con-
tribution, leaving data sharing at ¢ = 1. The required marginal correction is k; per Proposition 5.
The analysis of ¢ below is therefore relevant for environments in which such targeted subsidies
are unavailable. For instance, because science subsidies are hard to target when scientists and
data engineers are drawn from the same talent pool and perform overlapping tasks, or because
¢, a data-governance rule, is the only lever within the regulator’s mandate. Under this constraint,
® becomes an interesting second-best instrument.

Consider now that scenario: a second-best regulator can mandate data sharing by choosing
¢ but cannot directly control occupation choices, which are determined by the market. Con-
dition (15) formalizes the resulting tradeoff. Its left-hand side is the dynamic loss, the science
employment that sharing draws away valued at the unpriced wedge «7; its right-hand side is

the discounted static gain from lower operational uncertainty. When the former dominates, the
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regulator optimally restricts data sharing below the full-sharing level ¢ = 1.1°

Recent empirical evidence from Demirer et al. (2026) is informative about the static side of
this tradeoff. Studying the European Union’s General Data Protection Regulation (GDPR) - a
policy that effectively restricts data collection and sharing - they estimate that the regulation
raised the variable cost of data for firms by 22.4% on average, causing EU firms to reduce data
storage by 26% and compute by 15% relative to comparable US firms. Despite these sizable
input responses, the implied increase in total variable production costs is modest: on the order
of 0.1-0.6% depending on the industry. Through the lens of Proposition 6, this suggests that the

static cost of restricting ¢ may be modest.

5.2. Data Accumulation and Routine Work Automation

In many industries, the automation of routine work increasingly relies on a firm’s accumulated
data stock (Brynjolfsson, Rock, and Syverson 2017; Zolas et al. 2021; Acemoglu et al. 2022a;
Farboodi, Koh, and Xia 2026). To the extent that data-driven automation substitutes for routine
workers while simultaneously raising the value of data, it generates an additional force through
which talent is drawn away from science toward data processing.

As a first pass to study this channel, I present a simple extension of the baseline model
allowing routine workers to use machines, M, to produce. The number of machines available
to all firms is an increasing function of the aggregate data stock: M; = M(Q;), with M’(Q) >0
and M(0) = 0. This captures the idea that accumulated data enables automation technologies,

constituting perfect substitutes for routine labor. The firm’s value is now

2 2
000¢ U
- R',t-i-M(Q[)
G%+D%t§l} %03 [ J ]

_ B 4 R p. S q. )
ijt_Sj,tI[ 1-7 _w]'thyt—LUj,tS]yt—uf]?tD]’t.

The following proposition compares the local wedge under the two technologies.

PROPOSITION 7 (Data-Driven Automation Widens the Unpriced Contribution of Science). Fixte
{0,1} and an interior allocation path. Compare the baseline economy, M = 0, with an automated

economy, M(Q) >0 for Q >0, at the same states and occupation shares. Then

KPUIO K?ase > 0.

Scientists now create data that both improves prediction and enables automation. The extra
channel raises future output and therefore widens k;. The market still pays scientists only for
current output. Nonetheless, because automation also changes current wage premia, displaced
routine workers flow into both science and data. The market science share therefore need not
fall.

0The regulator does not implement the compensating payments. The criterion asks whether the alternative regime
generates enough resources to restore full-sharing utilities. It is a Hicksian, or potential-Pareto, comparison.
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The next corollary examines how automation and data accumulation interact in the deep-

scarcity region by reallocating labor from routine work to data engineering.

COROLLARY 2 (Automation in Deep Scarcity Reinforces the Flow to Data). Consider the au-
tomated economy at date t, and suppose the equilibrium is interior with (LEP, Q) € $4€€P_ A
marginal increase in Q) :
(i) raises both the science and the data premium relative to routine work through the automation
channel, and additionally raises the data premium through the information channel;
(ii) in equilibrium, strictly raises the data share and strictly lowers the routine share; the science

share nets an automation-driven inflow against an information-driven outflow.

Corollary 2 captures the combined effect of two forces, both of which are statements about
relative wages. First, automation makes routine work relatively less attractive: effective routine
capacity R;+M(Q ) expands with data, which raises the premia of both non-routine occupations
at fixed shares. Second, in deep scarcity, the information channel raises the data premium on top
of this. In equilibrium, routine employment shrinks while data employment expands, amplifying
the reallocation toward data processing. By Proposition 7, the same data accumulation widens
the unpriced value of science, at a common state and allocation path. Hence, data-driven

automation in deep scarcity widens the wedge on science.

6. Empirical evidence

The model predicts that, while data remains deeply scarce, its accumulation raises the relative
attractiveness of data occupations and reallocates talent toward them. This section examines
whether the empirical patterns implied by this mechanism are visible in the US economy
between 2000 and 2022. I first consider evidence on whether the economy operates in the
deep-scarcity region described by the model. I then document three facts. First, past scientific
activity predicts subsequent data activity and the development of data-processing infrastructure.
Second, the expansion of data work occurs disproportionately within historically innovative
labor markets and is accompanied by rising returns to data occupations. Third, data has become
increasingly connected to the scientific talent pool through occupational transitions. Taken
together, these three facts provide a broad empirical characterization of the growth of data-
intensive work and its relationship with scientific activity and scientific talent across firms, local

labor markets, cohorts, and individual career histories.

6.1. Data

My main data source is Revelio Labs’ individual-level data on professional profiles. These files
contain user-level information from LinkedIn resumes on current and historical positions,
educational history, name, and demographics. The dataset can trace back an individual’s work
history since 1950 up to 2025 all over the world. I use two files. The file “positions”, which
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allows me to observe information on an individual’s employment positions, including predicted
salary'!, occupation, start and end dates, the employing firm, the country, the Metropolitan
Statistical Area (MSA), and the city. The file “education”, which gives information on the field of
study, university, degree level, and the start and end dates.

I focus on individuals completing their first degree in 2000 or later and holding US posi-
tions. This period coincides with reliable Revelio coverage and the emergence of modern data
infrastructure. The final sample consists of 35.1 million unique individuals across 5.3 million
firms, 309 industries, and 414 MSAs, followed over the period 2000-2022. Appendix Section B.2
provides additional details on sample construction.

Building on the model, I classify workers into three occupations using Revelio Labs’ stan-
dardized occupation codes: data engineers, scientists, and routine workers (all other roles).
Appendix Section B.2 provides detailed definitions. I then compute the share of each occupation
and its wage premium relative to routine workers at different levels of aggregation: the firm level;
the public firm level, where I merge Revelio with Compustat; the local labor market, defined
as the NAICS 2-MSA pair; and the cohort level, defined as the year of graduation from the first
degree obtained by an individual in any field.

To validate the local labor market results obtained with Revelio, I use the American Commu-
nity Survey (ACS). In the ACS analysis, I define local labor market as NAICS 2-commuting zones
pairs. Commuting zones are mapped from PUMAs using the crosswalks developed by Autor and
Dorn (2013). Appendix Section B.3 details the sample construction for the ACS.

To measure firms’ capacity to use data more directly, I complement Revelio with data from
Enlyft, a commercial business-to-business account-intelligence firm. Enlyft provides technology
vendors and their sales, marketing, and partner organizations with data-enrichment, account-
scoring, and prospecting tools. These products draw on firmographics, buying-intent signals,
and, most importantly for this paper, technographics: information on the technologies that Enlyft
detects in firms’ installed technology stacks. Whereas conventional firm surveys typically record
the use of broad classes of technology, Enlyft maps individual firms to specific software products.
This offers an unusually granular view of firms’ data-processing infrastructure. Enlyft belongs
to a broader class of commercial technographic datasets that record firms’ use of particular
information technologies. Earlier work has mostly used the Computer Intelligence Database
(CiTDB), originally produced by Harte Hanks, subsequently maintained by Aberdeen, and now
part of SWZD, to measure establishment-level IT investment and the adoption of particular
software and hardware products (Forman 2005; Bloom et al. 2014; Charoenwong et al. 2024;
Acharya, Shao, and Xu 2026). The novelty in using Enlyft is to exploit the composition of firms’
software portfolios across a broad set of functional categories to construct a measure of their

capacity to process and exploit data, and link this measure to both Compustat and workers’

Upredicted salary in Revelio is an imputed measure that combines base salary and variable pay such as bonuses
but excludes stock options. It is not observed directly. As the name indicates, the salary is predicted by Revelio using
a model that takes as inputs features of the job such as role, seniority, and firm.
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historical employment records in Revelio.

The extract used in this paper is a custom delivery produced for this research project. I use
the February 2023 delivery, which contains 1,644,305 firm-software-product records covering
11,622 distinct products and 216 product categories for 9,802 public and private firms. The
analysis below restricts the sample to the 4,295 public firms matched to Compustat. Each
record indicates that Enlyft detected a firm using a particular software product and includes
a proprietary confidence category for that detection. The delivery also classifies products into
seven project-specific, potentially overlapping functional categories - infrastructure, customer,
coordination, production, security, employee, and quality - and identifies products related to
big data. I aggregate these product-level records to construct firm-level measures of software
adoption and data-processing capacity. Appendix Section B.4 provides a detailed description of

the data used in the paper.

6.2. Results

The model describes a sequence in which scientific activity generates data, the accumulated
data raises the return to data-processing capacity, and talent subsequently reallocates toward
data work. I organize the evidence around three empirical facts corresponding to this sequence.
First, firms and local labor markets with greater past science intensity subsequently develop
both more data employment and, among public firms, greater capacity to process and use data.
Second, the expansion of data work occurs disproportionately within historically innovative
local labor markets and is accompanied by rising private returns to data occupations. Third,
data work has become increasingly connected to the scientific talent pool through occupational

transitions.

Empirical relevance of the deep-scarcity region. Before turning to the three main empirical facts,
I assess whether the deep scarcity region is empirically plausible in US and international data.
Recall that the direction of the reallocation from science to data occupations in Propositions 3
and 4 depends on whether the economy lies in the deep-scarcity region $4eer This region is
defined in terms of the prior and signal variances, cr% and (Y%, which have no direct empirical
counterparts. I therefore do not attempt to identify the location of the aggregate economy in the
model’s state space. Instead, Appendix Section E motivates the plausibility of deep scarcity using
frontier large-language-model (LLM) training data. This is a revealed-preference argument: as
recently as 2022, frontier models were trained far below the compute-optimal data frontier.
Demirer et al. (2026) provide complementary evidence for the LLM argument. They esti-
mate a production function with data and compute using high-frequency cloud-computing
records for roughly 37,000 firms in the United States and the European Union. Their estimated
elasticities of substitution between data and compute range from 0.32 to 0.44 across software,

services, and manufacturing, indicating strong complementarity between the two inputs. This
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finding is consistent with data remaining a valuable input at the margin rather than with firms
having reached information saturation. It does not, however, identify the model’s scarcity ratio
or distinguish the scarcity region from the deep-scarcity region. I therefore treat these two
arguments only as evidence that the maintained region condition is plausible and turn next to

implications that can be assessed more directly in the data.

Fact 1: Past science predicts future data activity. The model’s core mechanism - that successful
science creates data which then attracts talent away from science - generates a testable im-
plication: past science intensity should predict future data intensity within economic units.
Table 1 evaluates this prediction using within-unit variation at three levels of aggregation: firms,
public firms, and local labor markets. For each unit-year pair, I compute the log employment of
data, science, and routine worker occupations. I then regress the contemporaneous log data
employment on log science employment lagged one to five years. The model predicts that higher
past science employment should predict higher current data employment. I control for the log
total employment of the unit to hold its size constant. I include unit and year fixed effects to
ensure identification from within-unit changes over time, ruling out confounds from stable
differences across units or common time trends.

Table 1 lends broad support to the theory. To interpret magnitudes, consider column (5),
which analyzes local labor markets. The cumulative effect of 0.177 implies that an increase of 10
percent in the science employment (sustained over five years) predicts a 1.77 percent increase
in data employment. The joint test strongly rejects the null that all five lags are jointly zero.
Columns (6), (7), and (8) subsequently saturate the specification with industry-by-year fixed
effects and MSA-by-year fixed effects, controlling for national changes in industry performance
and MSA cross-industry yearly shocks. While the estimated cumulative effect shrinks slightly
in magnitude, it remains statistically significant, and the joint test strongly rejects the null
that all five lags are jointly zero. Column (3), focusing on public firms, shows an even larger
cumulative effect of 2 percent. Column (1), which includes all firms, paints a very similar picture:
a cumulative effect of 1.8 percent. Both the results in columns (1) and (2) are robust to the
inclusion of industry-by-year fixed effects. Across all eight specifications, the distributed lag
structure indicates that the effect builds gradually. Table A1 shows that the results are robust
to not weighting the regressions. Table A2 shows that the results are robust to using NAICS 4
instead of NAICS 2 industries to define local labor markets.

While Table 1 establishes a robust temporal relationship between scientific activity and
subsequent data employment, it does not observe the intermediate object emphasized by the
model: the data stock. To get closer to this mechanism, I now exploit Enlyft data. I measure a
firm’s data infrastructure using the number of distinct software products detected by Enlyft in

its technology stack.'? This measure should not be interpreted as the firm’s stock of data itself.

2The results are robust to using a variety of other proxies such as IT spending, products per employee, and specific
Enlyft scores on IT footprint, Software-as-a-Service adoption, and cloud usage.
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TABLE 1. Regressions across firms, public firms, and local labor markets of contemporaneous log
data employment on past log science employment.

Level of Analysis All firms Public firms Local labor markets

@ )] 3) @ (5) 6) Y] 8)

Log (Science employment) t-1 ~ 0.068***  0.069***  0.062*** 0.072*** 0.079*** 0.044*** 0.062*** 0.024***
(0.015)  (0.015)  (0.024)  (0.023) (0.016)  (0.0096) (0.014)  (0.0088)
Log (Science employment) t-2  0.026***  0.024*** 0.014 0.024*  0.022***  0.010*  0.020***  0.0070
(0.0089) (0.0082)  (0.015)  (0.014)  (0.0075) (0.0060) (0.0073) (0.0058)
Log (Science employment) t-3  0.023***  0.020*** 0.020 0.015 0.022***  0.0071  0.023***  0.0079
(0.0083) (0.0069) (0.015)  (0.015)  (0.0066) (0.0052) (0.0066) (0.0053)
Log (Science employment) t-4  0.020***  0.013** 0.029 0.022 0.022***  0.012**  0.020***  0.0089
(0.0074)  (0.0064)  (0.019)  (0.015)  (0.0061) (0.0056) (0.0064) (0.0057)
Log (Science employment) t-5  0.044***  0.034*** 0.071*** 0.055*** 0.032*** 0.024*** 0.025***  0.012*
(0.014) ~ (0.010)  (0.021)  (0.019)  (0.0085) (0.0070) (0.0087) (0.0067)

Total employment controls ' v 's ' ' v v 's
Firm FE v v — — — — — —
GVKEY FE — — v s — — — —
NAICS 2-MSA FE — — — — v v v s
Year FE ' — v — v — — —
NAICS 2-Year FE - v —_ v - v —_ v
MSA-year FE — — — — — — v v
Cumulative effect (5 lags) 0.180***  0.159***  0.197** 0.188*** 0.177*** 0.097*** 0.150*** 0.060***
(0.037) (0.031) (0.056) (0.056) (0.030) (0.019) (0.028) (0.017)
Standardized coefficient 0.377 0.332 0.380 0.363 0.391 0.214 0.333 0.132
Mean of dependent variable 3.850 3.851 4.712 4.715 4.824 4.824 4.829 4.829
Joint test p-value 0.000 0.000 0.000 0.002 0.000 0.000 0.000 0.002
Adjusted R-squared 0.97 0.98 0.98 0.98 0.99 0.99 0.99 0.99
Observations 123,532 123,381 11,822 11,822 61,671 61,671 61,671 61,671

Notes. Standard errors, in parentheses, are clustered at the firm level in columns (1) and (2), the GVKEY level in
columns (3) and (4), and the NAICS 2-MSA level in columns (5), (6), (7), and (8). , ,and  correspond to rejection
of the null that the coefficient is zero, at the 1%, 5%, and 10% levels, respectively. The dependent variable is a unit
(firm, public firm, or local labor market) log data employment in year ¢. The independent variables are lags at
t—1,t-2,t-3, t—4, and t-5 of the log science employment. In all regressions, I control for the log of the total
employment of the unit at ¢, -1, -2, t—3, t—4, and t—5. The benchmark specification, in columns (1), (3), and (5) is
log (data employment); , = Z§:1 bs log (science employment); ,_ + Z?:o ¢s log (total employment), ,_ + g+ di + ;-
g; are unit fixed effects, d; are year fixed effects. In columns (2), (4), and (6), I include industry-year fixed effects. In
columns (7) and (8) I include MSA-year fixed effects, and both industry-year fixed effects and MSA-year fixed effects,
respectively. Units must have at least 10 workers to be included in columns (1), (2), (5), (6), (7), and (8). Because the
dependent variable and the science-employment lags are specified in logs, the estimation sample is further restricted
to unit-years with strictly positive data employment in year ¢ and strictly positive science employment in each of the
preceding five years ¢ — 1 through 7 - 5. All regressions are weighted by their employment level in the first year they
appear in the panel (entry weight). The sample period is 2000-2022. Go back to main text.

Ideally, we would have access to the measure of data effectively stored and managed by the firm.
Nonetheless, the measure built with Enlyft captures the software infrastructure through which
firms store, process, and use data. It therefore provides a good measure of a firm’s capacity to
use its data.

Figure 4 presents two complementary relationships. Panel A asks whether past scientific
activity predicts subsequent data infrastructure. I regress the log number of software prod-
ucts observed in 2022 on average log science employment over 2005-2009 period, controlling
for average log assets and the average data-employment share over the same pre-period, as
well as two-digit industry fixed effects. The coefficient on past science employment is 0.125
(0.019). Thus, a 10 percent increase in science employment during 2005-2009 is associated with
approximately 1.25 percent more software products in 2022.

Panel B asks whether this infrastructure is in turn associated with the employment of data
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workers. I regress the firm’s 2022 data-employment share on the log number of software products
detected by Enlyft, controlling for contemporaneous log assets and two-digit industry fixed
effects. The coefficient is 0.0052 (0.0010): doubling the size of the observed software stack is
associated with an approximately 0.36 percentage point increase in the data-employment share.
A fractional-response specification delivers a virtually identical marginal effect.

Taken together, Table 1 and Figure 4 provide a more concrete picture of the first step in the
model’s mechanism. Firms with greater past scientific activity subsequently employ more data
workers, and the Enlyft evidence shows that they also operate larger software infrastructures for
processing data. In the cross-section, firms with larger infrastructures in turn employ relatively
more data workers. These relationships are, of course, descriptive, and Enlyft provides only a
2022-2023 snapshot of software use. Nevertheless, the results reveal an observable measurable

data object linking past science to the later expansion of data-intensive work.

Fact 2: Data expansion is concentrated in innovative markets and accompanied by rising returns.
The previous result establishes that past science predicts future data intensity, but it does not
indicate where this reallocation occurs. Is it driven by workers moving between firms and labor
markets (between-unit reallocation), or by compositional shifts within existing units (within-
unit reallocation)? The model predicts that high-innovation units, those with large past science
shares, should exhibit stronger within-unit reallocation toward data roles, as accumulated data
raises the marginal product of data engineers by more in those units.

To evaluate this prediction, I decompose the change in the national data share as follows.
Let EEI denote the data share in unit i (say a local labor market, defined as a NAICS 2-digit
industry-MSA pair) in year ¢, and let p; ,=¢;;/ > jej ¢ denote unit i's employment weight in the
national economy. The national mean data share is £P = ¥°; pi,tift. The change in the national

mean from ¢—1 to t can be decomposed as

(16)
D D D D D D D zD D
ALy = Z Pi—1A&;+ Z(E*i,t—l —&L1)Ap;+ ZAEi,tAPi,ﬁ Z Pii(&Eir— &)+ Z Pii—1 (&1 = &i-1))
i€C i€C ieC ieé ieX
Within Between Cross Entry Exit

where € denotes continuing units (active in both -1 and £), € denotes entering units (active
in t but not t— 1), and X denotes exiting units (active in #— 1 but not #). The within component
captures reallocation toward data roles within continuing units, holding their employment
weights fixed. The between component captures shifts in employment toward units with initially
high data shares. The cross component captures the covariance between changes in data shares
and changes in employment weights. Entry and exit capture the contribution of units appearing
or disappearing from the sample.

The model’s main implication concerns the within component: it should be mostly driven

by high-innovation units. To look at this, I classify each unit based on its science share in the
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baseline period (the first year of available data), creating time-invariant innovation intensity
groups. I then decompose the within component by summing separately over units in each

tercile

3
17) Within; = Z Z Pi,t—lA‘i?ﬂ
g:lieeg

Within¥

where Cg denotes continuing units in innovation group g € {Low, Medium, High}. I use Revelio
data for the period 2000-2022 with units defined as NAICS 2-digit industry-MSA pairs, and
validate the results with the ACS for the period 2005-2022 with units defined as NAICS 2-digit
industry-commuting zone pairs.

Figure 5 presents the results. Panel A shows the ACS results and Panel B shows the Revelio
results. Despite differences in data sources (household surveys and online resumes), time
periods (2005-2022 and 2000-2022), and geographic-industry aggregation (commuting zone by
NAICS2 and MSA by NAICS 2), two patterns emerge. First, the within component (sum of all
three innovation terciles) accounts for the majority of the increase in the national data share. In
Revelio, within-unit reallocation represents essentially the entirety of the rise over 2000-2022
(101% of the total change), with between-unit and cross-term reallocation together contributing
anet of roughly zero, as their individually modest effects (-5% and 3%, respectively) largely offset
one another. In the ACS, within-unit reallocation represents 80% of the rise over 2005-2022, with
between (13%) and cross (7%) playing a smaller but non-negligible secondary role.

Second, high-innovation units drive the within component. In Revelio, the contribution
rises monotonically with initial science intensity: low-, medium-, and high-innovation markets
account for 8%, 13%, and 80% of the total increase, respectively. The ACS exhibits a less mono-
tonic pattern, but high-innovation markets again make the largest contribution, accounting for
48% of the total increase compared with 33% for low-innovation markets and essentially zero
for the middle tercile. The gradient found in the Revelio data is what we should have expected
to observe when taking the model to the letter. Together, these patterns support the model’s
core mechanism that reallocation within high-innovation markets is a central driver of the shift
toward data occupations.

I now zoom in further to examine individual career paths. I focus on workers whose skills
make them particularly likely to face the science-data margin: graduates in mathematics and
statistics. These fields provide quantitative and computational training valued in both occupa-
tions, making their career choices especially informative about changes in the relative attractive-
ness of data work.

The model makes distinctive predictions about how these careers should evolve as data
accumulates. Because the marginal product of data engineers rises with the data stock, more

recent cohorts should enter data roles at higher rates directly out of school. Further, the data
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wage premium at entry should rise across cohorts, reflecting the same force on the demand side
and consistent with the role of the wage premium as a signal guiding workers’ choices.

Figure 6 documents both patterns. Panel A of Figure 6 plots the share of workers in data roles
in their first year after graduation by cohort. The data share more than doubles over time: the
2000 cohort starts at approximately 3.3% in data roles, while the 2022 cohort starts at 8.1%. Panel
B of Figure 6 plots the corresponding first-year data wage premium. In line with the model’s
prediction, the premium rises from near zero for the 2000 cohort to approximately 49 log points
for the 2022 cohort. The shift from science to data roles across cohorts at entry thus coincides
with rising economic incentives.

The two series therefore move together: the period in which data occupations become
increasingly attractive at career entry is also the period in which their relative compensation
rises. This provides suggestive evidence that the expansion of data work operates through the
occupational-choice margin emphasized by the model.

Appendix Figure A4 shows that these patterns extend beyond career entry: within mathe-
matics and statistics cohorts, the share of workers in data occupations generally rises with years

since graduation, and the data wage premium also tends to increase over the career.

Fact 3: Data has become increasingly connected to the scientific talent pool. The cohort evidence
above shows that newer quantitative graduates increasingly choose data occupations at career
entry. I now turn to the career-reallocation margin emphasized by the model: whether data has
also become a more important destination for workers who are already employed in scientific
and other high-skill occupations.

To isolate occupational reallocation from persistence, I focus on workers who change occu-
pation between consecutive positions and exclude moves in which the origin and destination
occupation are the same. I restrict attention to a set of high-skill occupation families - science,
data, technological/software occupations, engineering, and finance - whose workers constitute
plausible alternatives at this margin. Appendix Section B.2 provides the detailed occupation
mappings.

A simple count of scientists entering data is difficult to interpret because science may
itself become larger or more mobile over time. I therefore construct a representation ratio. For
destination occupation d, define

s Pr(origin = S| destination = d, switch)
(18) Ry =

Pr(origin = S| origin # d, switch)

The numerator is the share of entrants into occupation d coming from science. The denominator
is the share of scientists among high-skill occupation switchers who could have entered d: work-
ers already originating in d are excluded because they cannot switch into their own occupation.
A value of one therefore means that science supplies occupation d exactly in proportion to

its representation among workers eligible to enter that occupation. Values below one indicate
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underrepresentation and values above one overrepresentation. The statistic therefore measures
occupational affinity.

Panel A of Figure 7 plots this ratio for data occupations. The science-data representation ratio
rises from approximately 0.45 in 2005 to 0.98 in 2022.'3 Thus, in the mid-2000s, science supplied
workers to data at less than half the rate implied by its representation among eligible high-skill
switchers. By the end of the sample, that gap had essentially disappeared. The dashed series
constructs the benchmark within the MSA of the destination data job rather than nationally. The
two series are nearly indistinguishable, indicating that the rising science-data connection is not
explained by data jobs becoming concentrated in labor markets with unusually large scientific
workforces.

Panel B asks whether this pattern is specific to data. To compare destinations using a com-
mon benchmark, I divide the share of scientists among entrants into each occupation by the
share of scientists among all high-skill occupation switchers. Unlike Panel A, the denominator is
held fixed across destinations. The contrast is sharp. Science’s representation among workers
entering data rises substantially throughout the sample, while its representation among entrants
into the other high-skill destinations is flat or declining. Data therefore becomes increasingly
distinctive within the set of occupations available to scientific workers, rather than simply
benefiting from a general rise in scientists’ occupational mobility.

The representation ratios establish that the occupational connection between science and
data has strengthened substantially, but they do not indicate the magnitude of the underlying
worker flows. Table 2 therefore reports science-to-data transitions over three non-overlapping
six-year periods.

The reallocation grows markedly over time. Between 2005-2010, data accounts for 2.15% of
observed occupation changes out of science. This share rises to 2.98% in 2011-2016 and to 5.12%
in 2017-2022. Including scientists who leave the Revelio panel in the denominator produces a
nearly identical pattern: the share of all science separations going to data rises from 1.99% to
2.67% and then to 4.54%.

Relative to the stock of scientific employment, the increase is similarly pronounced. Annual
science-to-data transitions amount to 0.3% of science employment in 2005-2010, 0.57% in
2011-2016, and 0.96% in 2017-2022. Thus, the annual flow of scientific workers into data more
than triples over the sample period.

These magnitudes reinforce the representation evidence in Figure 7. The growing science-
data connection is not only a change in the composition of occupation switchers: the underlying
flow of scientific talent into data occupations also becomes substantially larger over time.

The evidence so far is economy-wide and pools scientists employed across different types of

B3The transition analysis covers only the 2005 to 2022 period. Constructing occupation changes requires observing
both an origin and a destination position, and coverage of such transitions is substantially thinner in the earliest
Revelio years. For example, in 2000, 92% of workers first observed entering data occupations have no prior position
in the sample.
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TABLE 2. Magnitude of science-to-data reallocation.

2005-2010 2011-2016 2017-2022 2005-2022

Share of science occupation changes going to data (%) 2.15 2.98 5.12 3.91
Share of all science separations going to data (%) 1.99 2.67 4.54 3.50
Annual flow as % of science employment 0.30 0.57 0.96 0.71

Notes. This table reports science-to-data occupation transitions observed in Revelio. Columns (1) to (3) correspond to
the non-overlapping periods 2005-2010, 2011-2016, and 2017-2022. Column (4) pools the full 2005-2022 sample. The
first row reports the number of science-to-data transitions as a percentage of all observed occupation changes out of
science. The second row adds exits from the Revelio panel to the denominator and reports science-to-data transitions
as a percentage of all science separations. The third row reports the average annual number of science-to-data
transitions divided by average science employment over the corresponding period. The sample period is 2005-2022.
Go back to main text.

organizations. A natural question is whether the same pattern is visible among workers more
closely associated with research and idea production. I therefore examine, in the Appendix, sci-
entists leaving universities, defined as workers in science occupations employed in Educational
Services (NAICS 61). This margin is closely related to the brain-drain patterns documented by
Gofman and Jin (2024) and Akcigit et al. (2026) for computer science and AL'* This analysis
extends that evidence to a broader set of scientific occupations and destination industries.
Appendix Figure A6 indicates that outflows from university science to Manufacturing (NAICS
31-33), Professional Services (NAICS 54), Information (NAICS 51), and Finance (NAICS 52)
rise over the sample period.'®> Conditional on leaving university science for these industries,
Appendix Figure A7 shows that the share entering data occupations rises substantially: between
2005 and 2022, the data-occupation index increases by a factor of two to five across the four
destinations, while the corresponding indices for other major quantitative occupations are
comparatively flat.'® Therefore, the economy-wide pattern is also present among a narrower

but key group closely tied to public knowledge and ideas production.

7. Conclusion

This paper studies how data accumulation shapes talent allocation. While economists have
studied how data affects firm growth, competition, and economic output, the implications
for occupational choice have remained unexplored. What drives the increasing importance
of data jobs in the economy? And what does this mean for economic output? In a first step to
answer these questions, I propose a model where occupational choice between science and

data activities is driven by firms’ demand to exploit an endogenously growing data stock.

14566 also some anecdotal evidence in Ramsey and MacMillan (2015); Hernandez and King (2016); Bhaimiya
(2025).

15Appendix Figure A5 plots the total outflows to any industry as a reference.

16Appendix Figure A8 reports levels as reference.
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The model’s main insight stems from a simple observation: unlike knowledge or physical
capital, data accumulates as a byproduct of economic activity. Successful innovation can there-
fore create its own competition. Strong early innovation generates data that pulls talent toward
data processing. While data remains deeply scarce, the data share rises at the expense of science.
A comparison between the social planner (who may reassign workers but must leave each of
them at her market utility) and the decentralized equilibrium shows that the market leaves the
dynamic contribution of scientists unpriced in every period with a future. The intuition for this
result is simple. Scientists generate benefits that accrue in future periods through ideas and
data accumulation. The market compensates them only for their current contribution to output,
while the planner recognizes their full intertemporal value. Data engineers, by contrast, affect
only current-period efficiency through uncertainty reduction. In the decentralized equilibrium,

talent is misallocated, and welfare is lower.
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FIGURE 1. Talent allocation and data jobs in the US between 1993 and 2024

Panel A plots the employment shares of data (blue line) and scientist (orange line) occupations in the US between 2002
and 2022. Data occupations correspond to fourteen occupations based on the National Career Clusters Framework.
I specifically use two lists curated by O*NET: Data Science & Artificial Intelligence and Web & Cloud. Science
occupations correspond to twenty-three occupations. The full lists are provided in Appendix Section B.1. Panel B
plots the share of data-related Bachelor’s and Master’s degrees awarded in the US between 1993 and 2024. Data-
related degrees are also identified using O*NET lists Data Science & Artificial Intelligence and Web & Cloud. Panel C
plots the share of PhD graduates in computer and information sciences (blue line), and mathematics and statistics
(orange line) employed in academia between 1993 and 2023. Panel D plots the share of PhD graduates in computer
and information sciences (blue line), and mathematics and statistics (orange line) employed in business or industry
between 1993 and 2023. Series in Panel A is created using the Occupational Employment and Wage Statistics (OEWS)
program produced by the Bureau of Labor Statistics (BLS). Series in Panel B are created using the National Center for
Education Statistics (NCES) Integrated Postsecondary Education Data System (IPEDS) survey. Series in Panels C and
D are created using the National Science Foundation (NSF) Survey of Earned Doctorates (SED). Appendix Section B.1
provides full details on data construction for all series. Go back to main text.
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FIGURE 2. Schematic diagram of the model

Supply side: Agents observe wages and choose occupations based on wage premiums and idiosyncratic occupational
preferences. Demand side: Firms hire workers to maximize value. Scientists use the ideas stock to generate quality,
which produces data as a byproduct. Data engineers use the aggregate data stock to reduce operational uncertainty.
Routine workers provide scale. Go back to main text.
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FIGURE 3. The scarcity region and the path of talent reallocation

This figure illustrates illustrate Propositions 3 and 4. Panel A partitions the state space (Q, D) by the learning scale
X= D‘X_Ql_‘xo%. The two boundaries are Ddeep(_Q), where X = 0'2€ \/1- TO'%, and Dsar(Q), where X = 0'%; both are
decreasing in Q and Dy, p < Dsar. Statements about the marginal product MPP hold occupation counts fixed and are
those of Proposition 3. Statements about the relative premium w" and the equilibrium shares £°* are equilibrium
objects and are those of Proposition 4. The equilibrium path traces (Q, LEP* (Q)) as the data stock accumulates. It
attains its maximum exactly where it crosses Dyeep, at the threshold Q, and therefore strictly inside the scarcity region
8. Panel B plots the same equilibrium for the data, science, and routine shares against Q). The marginal product of
data engineers does not peak until Q4r > Q, so over the shaded intermediate band additional data still raises the

value of prediction while data employment is already contracting. Axes carry no numerical scale. Go back to main
text.
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FIGURE 4. Science employment, data infrastructure, and data employment

Panel A plots the relationship between average log science employment in 2005-2009 and the log number of software
products detected by Enlyft in 2022. Both variables are residualized with respect to average log assets in 2005-2009,
the average data-employment share in 2005-2009, and two-digit NAICS fixed effects. Panel B plots the relationship
between the log number of software products detected by Enlyft and the data-employment share in 2022, residualizing
both variables with respect to contemporaneous log assets and two-digit NAICS fixed effects. Dots are means within
100 equally sized bins of the residualized horizontal-axis variable. Lines are fitted using the underlying firm-level
observations. Both panels use the same sample of 939 public firms. Heteroskedasticity-robust standard errors are
reported in parentheses. Go back to main text.
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FIGURE 5. Decomposition of the change in the national mean of the data share

This figure decomposes the change in the national data share into three components following equation (16):
(i) Within (split by innovation intensity); (ii) Between; (iii) Cross, Entry, and Exit. Panel A uses American Com-
munity Survey (ACS) data comparing the 2005-2009 and 2018-2022 5-year samples, with units defined as NAICS
2-digit industry-commuting zone pairs. Panel B uses Revelio data for 2000-2022, with units defined as NAICS
2-digit industry-MSA pairs. In both panels, units are classified into Low, Medium, or High innovation terciles
based on their science share in the baseline year (2005 for ACS, 2000 for Revelio), where the science share
count of science positions;
count of science positions; ,+count of data positions; , +count of routine positions;,
period. The within component is decomposed by summing separately over units in each innovation group:
Within, = Z‘;’:l Zieeg pi,tflAEf » where Cg denotes continuing units in innovation group g € {Low, Medium, High}.
—_——
Within®
Units must have at least 10 workers in both periods to be included. Go back to main text.

is science share;o = for unit i in the baseline
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FIGURE 6. Share of data occupation and compensation the first year since graduation

This figure documents cohort-level patterns in data occupation choice. A cohort is defined based on the year an

individual obtains their first degree. In this figure, I focus on the fields of mathematics and statistics. The data share is
count of data positions, ,
count of data positions, ,+count of science positions, ,+count of routine positions, ,

defined as data share; x = for cohort graduating

in year ¢ and observed x years after graduation. Panel A plots the share of workers in data occupations in their first
year after graduation, by cohort year. Panel B plots the data wage premium in the first year after graduation, by cohort
year. The data premium is defined as the mean log total compensation of data workers minus the mean log total
compensation of routine workers: In( wfo) —In( wfo) for cohort ¢ at year 0 since graduation. Panels A and B cover
cohorts graduating between 2000 and 2022. The sample period is 2000-2022. Go back to main text.
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FIGURE 7. The rising occupational affinity between science and data

This figure uses occupation changes observed in Revelio between 2005 and 2022. An occupation change occurs
when two consecutive positions held by the same worker belong to different occupation families. The high-skill pool
includes science, data, tech/software, engineering, and finance occupations. Panel A plots the share of scientists
among workers switching into data divided by the share of scientists among high-skill occupation switchers eligible
to enter data; workers originating in data are excluded from the denominator, as defined in equation (18). The
solid line uses the national pool of eligible switchers and the dashed line uses eligible switchers in the MSA of the
destination data job. Panel B plots, for each destination occupation, the share of scientists among entrants divided by
the share of scientists among all high-skill occupation switchers. The same denominator is used across destinations.
A value of one indicates proportional representation under the corresponding benchmark. The sample period is
2005-2022. Go back to main text.
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Appendix A. Proofs for the Main Body of the Paper

A.1. Proof of Proposition 1

PROOF. In Period 0, the aggregate data stock is (g = 0. Thus, the marginal product of data
engineers is zero. Hence, in a competitive equilibrium, wages must satisfy w(l)) =0, and the
equilibrium share of data engineers is (EOD )* =0. Formally, at wOD =0 the data premium is the
limiting value ﬂfoD =In( wOD / wg) = —o0, so the occupational supply of data engineers is zero; and
since D does not affect production at Qg = 0, the firm is indifferent over D at zero wage, so Dy =0
belongs to its demand correspondence and the data market clears.

The equilibrium is defined by the value of & that equates the wage premium implied by labor
demand with the wage premium required by labor supply.

From the firm’s first-order conditions, competitive firms equate marginal products to wages.
The relative wage premium demanded by the firm is determined by the ratio of marginal
products

wi BSy R, PR _B(O-EL B1-E
3 R A TR T A

Taking logs, the demand-side wage premium is

S

7 = o ) - E +In(1-¢&¢)-1In
wdem<a>:1n(;%)-ln(¢) In(1-£) - In(&).

Note that lim; _, ¢+ Wgem (&) = +00 and limg _, ;- Wgem (&) = —oco. Furthermore, the function is

strictly decreasing
_, 1 1
w, &)=———---<0
dem( ) 1-& &

From occupational choice, the supply of scientists is determined by the probability that the
scientist wage premium exceeds the idiosyncratic tastes. With only two active occupations, the
choice probability is given by the standard normal CDF Y'(+)

w

5=T( ) —  up(E) =057 (E).

Os
Note that limg_, g+ iWsup(&) = —oc0 and limg _, - sup (&) = +oo. Since the inverse CDF Y1is
strictly increasing, the supply curve is strictly increasing. Using the inverse function theorem, I

get
- 1
wsup(a) = O-SU(—T_l(E)) >0,

where v(+) is the standard normal PDE which is strictly positive everywhere.
An equilibrium exists if there is a £* € (0,1) such that the demand premium equals the
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supply premium. Define the excess wage premium function I'(§) as

(&) = Waem(&) - ﬂ/sup(a)-

Substituting the expressions derived above, I have

N(&) = [m(g) +In(1-£) —1n(a)] ~[osY1(&)].

The function I'(§) is continuous on the interval (0, 1). Examining the limits gives
i. As&— 0", Wgem — +00 and Wsyp - —00, 50 I'(&) = +oo.
ii. As&—17, lWgem — —o0 and Wsyp — +00, s0 ['(&) = —co.
By the Intermediate Value Theorem, there exists at least one root &* € (0,1) such that I'(§*) =0.
To show uniqueness, consider the derivative with respect to ¢,

FI(E,) = wéem(‘(v) - ’:Ugup(‘i)'

Since iy, (&) <0and fuéup(é) > 0, it follows that ' (&) < 0 for all & € (0,1). The function I'(£)
is strictly decreasing, which implies that the root &* is unique.

Thus, there exists a unique equilibrium with occupation shares (Eg ), (Eg)* €(0,1) and
(£8)*=0. D

A.2. Proof of Proposition 2

PROOF. The proofrelies on a potential function approach to invoke convex optimization argu-
ments that establish equilibrium existence and uniqueness. I proceed in eight steps. First, (i) I
express the supply side, that is occupational choice, as gradients of a convex function. Second,
(i) I characterize the log wage premia using the firm’s FOCs. Third, (iii) I construct the potential
function of the firm. Fourth, (iv) I show that this potential function is strictly convex. Fifth, (v) I
define the equilibrium as an optimization problem of some function. Sixth, (vi) I verify that the
solution is interior. Seventh, (vii) I show that the solution is unique. Finally, (viii) I verify that the
implied input vector globally maximizes firm profit at the equilibrium wages, so the fixed point
is a competitive equilibrium.

Part (i): Occupational choice as gradients of a convex function.

In competitive labor markets with identical firms, wages are common across firms. Fix I; >0
and Q; >0.Let A% = {(£3,EP) e R2 : £5+ 8P <1} and R = 1-£5- &P, Recall that, under the
per-firm normalization of Section 3, Lis the per-firm mass of workers, such that (S}, D1, Ry ) =
(LES, LEP, LER) are the representative firm's inputs; in particular, the data term (LEP)*Q1~*
below is the firm-level signal scale of Section 2.1.

Let (ns,nD ) be bivariate normal with covariance matrix X and full support, and define the
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expected surplus
G(fus, ﬂfD) = [E[max{o, W’ +n3, wD+nD}].

By the Williams-Daly-Zachary theorem, G is convex and differentiable, with gradient equal to

choice probabilities
vG(@®, wP) = (Ps(@°, @), Pp(@®, wP)) eint(A?).

Let G* be the convex conjugate of G. Let G* be the convex conjugate of G. Parts (i)-(ii) of Lemma
A2, proved directly from the Gaussian choice probabilities below, establish that VG is a bijection
from R? onto int(A?) and that G* is twice continuously differentiable there. In particular, the
inverse satisfies the duality relation

vG (& ED) = (@ a") — (£%EP)=vG(ad aP).
Thus the occupational-choice equilibrium condition (&5, &P) = (Pg(iv), Pp(iv)) is equivalent to
(@°,w”) =vG*(E5,EP).
s e . . S E wR _ E
Part (ii): Firm-side log wage premia. Wages satisfy wy = 371{'/S1, wy' =17{’/R; and

4.2 pHx-1nl-«
0p0eoDT Qg

(02 + DXQ1-62)?

wP = SPICRY .

2 2
with 7 = SIBIlelp [1—TG§90st(D1rQ1)] and Géost(D,_O.) = @JS—M. Because 1_70-3905t(D1r-O-1) >
0 and T > 0, all wages are strictly positive; positivity of T is what makes w? >0 and the constant
Intin Cp below well defined.
Therefore, for & € int(A?),
S R
- S w ) &
(&) =In— =In—+In—,

and, after cancelling common factors,

aP(e) -0 L

?{ - cD+1naR+(a—1)1naD—21n(a§+(LaD)“Q%*%%)—1n(1—m§908t(LaD,Q1)),
1

where Cp collects constants depending on L, (1, and model parameters. I have Cp = «xIn L+
(1-x)InQ; +Inx+Int+4Ilnog+2lnoe —In.
Part (iii): Construct a firm-side potential. Define U : int(A?) - R by

UES,ePY = 5meS + &RlnaR—ln(%)£S+ (1-«)&PIneP
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D

&
+ /0 [Zln(c(z_: +(Lu)*Q1 %og) +In(1 —Tai,ost(Lu,Ql))] du+c&P,

where ¢ = oc— Cp is chosen so that -0 U/d&P matches P (&).
A direct differentiation using oeR /0 £S=&R / oeP =1 yields

—2—;@) )
and SU
508~ wP ().

Hence, the firm-side implied premia satisfy

(@°(8), @°(8)) =~V U(E).

Part (iv): Strict convexity of U. Now, I show that U is strictly convex on int(Az) by verifying
positive definiteness of its Hessian.

The full potential U can be written as

U(E) = Ug(&) + h(EP),

where

Up(£) = &8s+ Ef el + (1- a)&DlnéD—ln(E)iercéD

D

h(&P) = fo : F(u)du= fo ‘ [21n(02 + (Lu)*Q]™*03) +In(1 - 0755 (L1, 1)) |

The Hessian of Up(§) is
1 1 1

©STER R
Hy, =
1 l-a 1
R
1
This matrix is positive definite on int(A?). To see this, notice that the trace is positive: 5 + R +
1-«x Furth he d . . . _l—oc 1 1-«x
D > 0. Further, the determinant is positive too: £5eD + £SER + £DER
For the integral term h(&P), Thave i’ (£P) = f'(£P). Since both arguments of the logarithms

are strictly increasing in u, I have f'(u) > 0, so his strictly convex in D,

>0, since oce (0,1).

Combining, U = Uy + h s strictly convex on int(A?).

Part (v): Equilibrium as an optimization problem. Define the objective function on int(Az)
J(€)=U(&)+G*(&).

Since U is strictly convex, by Part (iv), and G* is convex, J is strictly convex on int(A?).
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Part (vi): Existence and interiorness. Consider the convex program
minJ(&) = U(&) + G*(&).
min /(&) = U(&) + G*(&)

Extend U to A2 by the convention xInx = 0 at x = 0. Further, because I assume 1 - TG(Z) >0, the
integral term is well-defined at = 0. It follows that U is finite and continuous on A2, The convex
conjugate G* is proper and lower semicontinuous. Hence J is lower semicontinuous on the
compact set A?, so J attains a minimizer &* € A2,

Now, I show that & € int( AZ) by ruling out boundary minimizers using directional deriva-
tives. Let £ = VG(0,0) = (Pg(0,0),Pp(0,0)). By full support of (n%,nP), I have e int(A?).
Moreover, G* (&) < oo by the Fenchel-Young inequality. Since & € dG(0,0), Fenchel-Young holds
with equality

G*(§)=£-(0,0)-G(0,0)=-G(0,0) R,

Suppose, toward a contradiction, that &* € E)Az, and consider the feasible direction d = & —
&*, which points strictly into the simplex. If G*(£*) = +o0, then &* cannot minimize J, since
J(&) = U(E) + G*(&) < 00; so assume G*(£*) < co. Convexity of G* then bounds the one-sided
directional derivative from above by the chord slope,

G*'(&"d) < G*(£)-G"(§") < +oo,

even though G*'(£*; d) itself may equal —oo at the boundary; an upper bound is all the argument
requires. Consider the following three cases.

i. If £5* = 0 and £”* > 0, then along any sequence & — &* with £5 > 0, Part (ii) gives
wS(&) =In(B /) +In(ER/ES) - +00, hence dU/IES(&) = —i’ (&) - —co. Because d° =
ES-£5* =550, the one-sided directional derivative satisfies U’(&*;d) = —oo.

ii. If £P* =0 and £8* > 0, then Part (ii) implies qu(E,) - +o00 as £P - 0. Recall that (oc—
1)In&P - 400 for oce (0,1). Hence, dU/IEP (&) = —iwP (&) - —oo. Because dP = EP > 0,1
again have U’ (&*;d) = —o0.

iii. IfER* =0 (ie. £5* + EP* = 1), then d increases £F since &8 > 0. As £ — 0", the term
£R1n &R makes the marginal effect of increasing &R equal to 1 +In &8 - —co, so moving
in direction dyields U’ (&*;d) = —o0.

In all cases, U’(&*;d) = —oo while G*,(E,*; d) is bounded above by the chord slope, hence

J(£%5d) = U'(£%;d) + G (£%;d) = —00 <0,

contradicting that &* minimizes J over A2. Therefore &* € int(A?).
Part (vii): Uniqueness and characterization of equilibrium. Since &~ ¢ int(A2 ), by Part (vi),

and J is strictly convex on int(AZ), by Part (v), the minimizer is unique. At this unique interior
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minimizer, VJ(&£*) =0,
VUE)+VG (£ )=0 <= -VU(E")=VG*(&").
By Parts (i) and (iii), this is equivalent to
(@3(E7),@P(8))=VG (&) < (£%,&7)=va(@’ (&) w(£")),

which corresponds to the occupational market-clearing condition given firm-implied wages.

Setting ERe —q_gS% gD yields the unique equilibrium (53*, gDx ER*) € int(Az).

Part (viii): Global firm optimality. At the equilibrium wages (wy, w?, wf) implied by Part
(i), the input vector (LES* ,LED* LE,R*) satisfies the firm'’s first-order conditions by construction.
Because  + 3 +1 < 1, Lemma A4 shows that z— 7 (z) — w- zis concave on R3, so this stationary
point is a global maximizer of profit. The fixed point is therefore a competitive equilibrium
in the full sense: the firm optimizes globally, workers optimize, and the labor market clears.
Moreover, equilibrium firm value is strictly positive, v= (1-p —)f —wPD> anf - wPD>0,
by the computation in Section 2.1. O

A.3. Proposition Al

PROPOSITION Al (Period 2 equilibrium). Given ideas stock, I, > 0, and aggregate data stock,
Q2>0, and € (0,1), there exists a unique equilibrium with occupation shares (E,g, £2D, Eg)* €
relint(A?), where A? = {(£5,EP, eR) e R3 : £S5+ P+ gR =1},

PROOF. Every step of the proof of Proposition 2 applies as before by simply replacing the
subscript 1 by 2: the construction uses only I» >0, O, > 0, and the date enters the potential J
only through the positive constants (L, () ). In particular, existence, interiority, and uniqueness

(Parts (i)-(vii)) and global firm optimality (Part (viii), via Lemma A4) carry over unchanged. O

A.4. Proof of Proposition 3

PROOF. The proof proceeds in two steps: (i) I show that the marginal product of data engineers
is single peaked; (ii) I derive the elasticity formula. I omit the firm subscripts j for simplicity.
Part (i): For fixed occupation counts (Sy, Ry, Dr), the marginal product of data engineers is

given by
1-
Q.
(02+DXQ}*g3)2’

MpPP =

where C= S? IfR;bToch 02D¥1 >0 collects terms independent of Q. Let X = D¥Q} %03, I can
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now substitute Q1% = % into the expression for MP? to obtain
t >0

mpP-_ & X
t = Ty 97 9  ~o°
D?‘G% (02 +X)2

Since D“_%Z is a positive constant with respect to ()4, the sign of aMP? /0Q); depends only on
t -0

the derivative of f(X)= ﬁ. Differentiating with respect to X yields

1-(02+X)?-X-2(02 +X) _ 02 -X
(og +X)* (08 +X)3

f(x)=

Since 9X/dQ); > 0, the sign of the derivative with respect to Q; is determined by o2 — X. I have
three cases:
i IfX< 0% (scarcity), the derivative is strictly positive;

ii. If X = 02 (saturation threshold), the derivative is zero;

ii. IfX> G% (saturation), the derivative is strictly negative.
Thus, the function is single-peaked with a global maximum exactly at X = cr%, which corresponds
to D¢ = Dgat (Q¢).

Part (ii): Taking logs of the marginal product expression

InMPP =InC+ (1- o) InQ; - 2In(02 + D¥Q}~%03).
Differentiating with respect to In Q¢

1-x 2
DFQ;%0p
02+ DXL~ %g2
2X
=(1-o)|1- ]
( )[ 02+ X
G%—X

o2+ X

(1-«)

=(1-)

Substituting X = D‘;‘Q%_“G% yields the expression in the proposition. O

A.5. Proof of Proposition 4

I first establish two lemmas. Lemma A1, which provides a closed form for the deep-scarcity
region. Lemma A2 which delivers the sign of every entry of the equilibrium Hessian without
auxiliary assumptions. These two lemmas are the key building blocks to the proof of Proposition
4.
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LEMMA Al (Closed Form of the Deep-Scarcity Region). Forevery (D,Q) with Q >0,

X(D,Q) < Gi(l—Taiost(D,Q)) — X(D,Q) < 02\/1- 10}

Accordingly, $9¢°P = {(D,Q) : X(D, Q) < 02 /1 - t03} ¢ 8, with strict inclusion since /1 -103 <

1.
PROOF. Substituting 0'%,0“ = 0502 /(0% + X) and multiplying through by 6% + X > 0,
103502
02+ X

X< O%(l - ) — X(O‘% +X) < Gf:(cg +X) —Tagd‘é — X°< O'é(l —TG%),

and the right-hand side is positive by the maintained assumption 1 - TG(?; > 0. Taking square

roots (both sides nonnegative) gives the claim. The same computation shows the identity
O'e(l TGO) X?

2 2
(A1) 0z (1-T0%h0s) — X = ,
pos 02+ X

which is used repeatedly below. O

LEMMA A2 (Substitution Structure of Occupational Supply). Let (nS,nD ) be bivariate normal
with o5,0p >0 and v € (-1,1), with density f >0 onR?, and let G be the occupational-choice
surplus function of Appendix Section A.2, that is the proof of Proposition 2. Define, for i =
(w°, W) € R?, the boundary masses

mgo (W) = [ v) dv, mm(ﬁ/)E[:} f(u,—ll}D)du,

mSD(ﬁ})Ele fu u+ W’ -w )du

These are the densities of agents indifferent between science and routine work, between data
engineering and routine work, and between science and data engineering, respectively. Then,

(i) G is twice continuously differentiable with

- - mgp + mMsp —mgp
M(w) = V?G(w) = :
—msp mpo + mMgp

all three masses are strictly positive, and det M = mgympg + mSD(mSO + mDo) >0, so M(w) is
symmetric positive definite at every .

(ii) G* is twice continuously differentiable on int(A*) with v*G* (&) = M( 11/(&))_1, where
w(&)=VvG* (&), in particular

* msp * * mpo
(VZG )SD:m>O’ (VZG )SS_<V2G )SD=W>O.
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(iii) Consequently, at every &, e int(AZ) and every state, the Hessian H = V% eJ of the equilibrium
potential of Appendix Section A.2 satisfies

1 mpo

H>0, HSD:—"F(VZG*) §+m>0

SD > 0, HSS_HSD =

PROOF. Part (i): By the Williams-Daly-Zachary theorem (Appendix Section A.2, Part (i), VG() =
(Ps(w), Pp(iw)) with

Ps(w):/_;osf_:rws_w])f(u, v)dvdu, PD(L”U):[_;OD[:wD_wsf(u, v)dudv.

Since f is Gaussian, differentiation under the integral sign is justified by dominated convergence

(the integrands and their partial derivatives are dominated by integrable Gaussian envelopes).

By the Leibniz rule,
S—f ‘ f( w U)dU+/ f(u u+w w )du—m +m
aws ’ s g SO SD»

where the first term is the mass released at the science-routine boundary {u=— WS, v< - }

and the second the mass at the science-data boundary {v=u+ WS- wP, u>- fUS}; and

% :—[;f(u,u+ WS- ﬁ/D)du:—mSD.
The change of variable u = v+ " - i’ in the analogous computation for Pp gives 0Pp/9 WS =
—mgp (confirming the symmetry of V2 G directly) and dPp/div® = mpg + mgp. Continuity of
the masses in i follows from continuity of f and dominated convergence, so G € C?. Each
mass is strictly positive because f >0 everywhere (nondegenerate bivariate normal, v € (-1,1))
and each integral runs over a nondegenerate half-line. The determinant computation is direct:
(mgo+mgsp)(mpo+mgp) — m%D = mgompo + msp(mgy + mpp) >0, and the diagonal entries are
positive, so M > 0.

Part (ii): Write p = ( ps, pp) for the log wage-premium vector. By Part (i), G e €%(R?) and
M(p)= v?2 G(p) >0, so Gis strictly convex. Full support implies that all three choice probabilities
are strictly positive at every finite p, hence VG(p) €int(A?).

Fix any & = (s,d) € int(A?) and set 7 = 1 — s— d > 0. Consider F:(p) = G(p) - sps—dpp.
Gaussian integrability makes G finite; the maximum is Lipschitz in p, so Fg is continuous. Under

the maintained mean-zero taste specification, Jensen’s inequality gives

Fz(p) 2 q:(p) =max{0, ps, pp} —sps—dpp.

The expression subtracted from the maximum is the weighted average of 0, ps, pp with strictly

positive weights 7, s, d. It equals the maximum only when all three numbers coincide, that is,
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when p = 0. Thus gz (p) > 0 for p # 0. Since g is continuous and positively homogeneous,

compactness of the unit circle yields

ag = Hgﬁif:ﬂ e (p) >0, Fe(p)zag|pl2
Consequently F; is coercive and attains a minimum. Strict convexity makes its minimizer p(&)
unique, and its first-order condition is VG( p(£))) = &. Every interior share vector therefore has a
unique preimage. Together with the range inclusion above, this proves that VG: R? — int(A?) is
a bijection.

The inverse function theorem applies at every p, since M( p) is nonsingular. The local
inverses agree by uniqueness, so p(&) is ! throughout the interior simplex, with Dp(£) =
M( p(&))~L. By the definition of the convex conjugate and the minimizing property just estab-
lished,

G*(&) = Suugz{é- p-G(p)} =& p(&) - G(p(E)).
pe

Differentiating this identity, the terms involving Dp(&) cancel because VG( p(§)) = &. Hence

VG (E)=p(E),  VEG*(&)=M(p(&)~".

In particular G* € C?(int(A?)).

Inverting the 2 x 2 matrix,

-1_ 1 [Mmpo+msp msp
detM

’

msp mgsy + mgsp

s0 (V2G*)sp=mgp/detM >0 and (V2G*) g5 - (V>G*)gp = mpo/ det M > 0.

Part (iii): From the explicit Hessian of U in Appendix Section A.2, Part (iv), U / 6&56 D=
1/&R the integral term h(&P, Q) contributes only to the DD entry, and V2U > 0 on int(A?).
Hence H = V2 U + V?G"* is the sum of two positive definite matrices, so H > 0 and Hgp = l/aR +
(V2G*)sp>0,

_ 1 1 2 % 1 2 % _ 1 mDO
HSS_HSD—(E"'?"'(V G )SS)_(§+(V G )SD)_§+M/I>O.
O

With the two lemmas in hand, I now prove Proposition 4. The proof proceeds in two parts,

mirroring the statement.

PROOF. Preliminaries. The equilibrium is the unique interior minimizer of the potential J(&,Q) =
U(&,Q)+ G* (&) (Propositions 2 and Al). Neither @5 (&) nor P (&, Q) depends on I the com-
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mon productivity factor SP 1% cancels from every wage ratio, as is visible from the construction of
U in Appendix Section A.2, which contains no I. Hence §* depends on the state only through Q.
Since H = V‘§£]> 0 everywhere (Lemma A2(iii)) and V] is Clin (£,Q)on int(Az) x (0,00), the
implicit function theorem applies to F(£*,Q) = VJ(£*,Q) = 0 at every Q > 0, and uniqueness

of the equilibrium makes &*(-) a single-valued G function with

98
Q"

E_ (H(Er,0)]

(a2) dQ

Part (i): In the decomposition of the period-1 equilibrium proof, Part (iv), the term c&”
belongs to Uy, but c=¢(Q) = x— Cp(Q) and Cp(Q) contains (1 - o) In Q. To isolate all data-

stock dependence, write instead

Tp(£) = 5IES + ERINER+ (1- )P InEL —In(B/W)ES,
h(d,Q)=h(d,Q)+c(Q)d,  U(EQ)=Tp(&)+h(EP,Q),

where h is the original integral term. Now Uy is independent of O, and all Q-dependence is in h,
which depends on the allocation only through &P. The added linear term has no effect on the
Hessian with respect to &, but its mixed derivative ¢/ (Q) = —(1 - «)/Q must be included. Since
0;pU=- iwP, the gradient shock is unchanged.

Consequently, the shock vector has a zero in the first component,

OF ( 0 ) ( 0 )
20 | 2u |7\ o)
00 RI22KYe) 20

where the premium derivative is taken at fixed . Substituting into (A2) and using the explicit
inverse of the 2 x 2 matrix H,

des*  Hgp owP diP* Hgs o dé®*  Hgs—Hgsp dwP

dQ  detH 0Q dQ detH 9Q’ dQ detH 0Q°

where the third equality uses &* = 1-£5* —£P*. By Lemma A2(iii), Hgg > 0, Hgpy > 0, Hgs—Hgp > 0,
and det H > 0, so the three equilibrium responses carry the signs stated, all governed by d " /0Q).
It remains to sign the premium derivative at fixed shares. Because wP =InwP -Inwk and

both wages depend on Q,
dwP dlnwh

= _ v
dlnQ  MPPQT JnQ0

where the first term is the elasticity of Proposition 3. For the second, w® = SPI¢RV~! [I—Tcrzpost],

so only the efficiency term depends on Q. Writing X = X(D, Q) and using Giost =0502/(0%+X),
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a direct calculation gives
alan _ TGZpost ) (1 — O()X

dlnQ 1—'r02post o2+X

Combining the two terms and applying identity (A1),

QP B (1—oc)[0§(1—’tcr%,03,)—X] ~ (l—oc)[a‘é(l—TG%)—Xz]
dlnQ (02 +X)(1-10%05) B (gg+x)2(1_¢02post)

(A3)

evaluated at X = X*(Q). The denominator is positive, so the sign of 9" /dQ is the sign of
04 (1-703) - X*(Q)?, which by Lemma Al is positive exactly on 8P, The ratio statement
follows because on $4€P the numerator £ strictly rises and the denominator £5* strictly falls
(both positive at interior equilibria).

Part (ii): Define @ (Q) = G‘é(l —T(T%) —-X*(Q)?, a ! function on (0, 00 ) by the preliminaries.

Step 1: ¢ > 0 near zero. Since £2* <1, X*(Q) < L*Q17%63 > 0as Q 0,50 p(Q) - 02 (1-
T03) > 0.

Step 2: every zero of ¢ is a strict downcrossing. Let @ (Qg) =0, 50 X*(Qq) = 02,/1 - T05>0
and, by Part (i), d&P*/dQ = 0 at Q. Differentiating X* (Q) = (LE,D* (Q))aﬂl_“cg at Qy,

dx”

dE’D*
aQ |Q0

(7)ot L

+(1- o) (LEP*)* Q%03 > 0,

=0 at Qg

hence @' (Qq) = -2X*(Qy) (dX*/dQ)‘QO <0.

Step 3: a zero exists. Suppose not. Then, by Steps 1 and 2, ¢ > 0 on all of (0,0), so by
Part (i) £P% is strictly increasing and, being bounded, satisfies &b Q) > gD (Q4) >0 for all
Q > Qg and any fixed Q4 > 0. Then X*(Q) > (L&D*(Qa))“Ql’o‘G% — 00,80 @(Q) > -o0,a
contradiction.

Step 4: the zero is unique. Suppose that Q] < ), are two zeros. By Step 2, choose a ¢
(Q1,Q») sufficiently close to Q; that @ (a) <0.Theset Z={Q € [a,Q2]: (Q) =0} isnonempty
and compact, so it has a smallest element b > a. By continuity and the definition of b, @ (Q) <0

forall Qe [a, D). For every sufficiently small > 0,

o(b)-9(b-h)
h

Since ¢ is differentiable at b, letting & |, 0 gives ¢’ (b) > 0, contradicting Step 2. Thus there is at
most one zero. Step 3 gives existence.

Hence there is a unique zero Q, with ¢ >0 on (O,f)_) and ¢ <0 on (Q, o). By Lemma Al,
the equilibrium lies in $4¢€P exactly for Q < Q).

Step 5: shape and limits. By Part (i), d&D*/dO. >0 on (O,Q), =0atQ, and <0on (O_, ),
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which gives strict monotonicity on (0,Q] and [Q, o). The science share displays the mirror-
image single trough. The limit limq_, o, £P* (Q) = 0 follows by contradiction: if £P* (Qj) > £ >0
along ;. — oo, then, using the explicit form of the data premium from the proof of Proposition
2, Part (ii),

WP(£,0)=Cp(Q) +In&R+ (a- 1)1n£D—21n(cr§ +X) —ln(l—fccrzpost),

with Cp(Q) containing (1 - «)InQ and otherwise constant, I bound each term from above:
In&éR<0; (x-1)In&P < (1-a)In(1/e); -In(1 —T(szost) < -In(1-703); and —2In(0% + X) <
—2InX = -2«In(LEP) - 2(1 - &) InQ - 2In 03 < const - 2(1 - «) InQ. Adding the (1 -«)InQ
term of Cp, the total is bounded above by const— (1 - o) InQ — —o0, so " - —oo along the
sequence. But then gD - PD(ﬂ)S*, fUD*) < Pr(nD > —L”UD*) — 0, contradicting £D* > ¢ The
limit limg o £P*(Q) = 0 follows by the same contradiction argument: with £° > ¢, X - 0, so
~2In( 0% + X) stays bounded while Cp(Q) — —oo through its (1 - «)InQ term, again forcing
P — —oo. That Q) is common to periods 1 and 2 follows because the period problem, and hence
&* () and @, depend on the date only through Q. Finally, the peak lies strictly inside 8 since
X*(Q)=02\/1-103 < 0%. O

A.6. Proof of Corollary 1

PROOF. Since wy = 0, the data law of motion gives w; = yQy = ySgIg and Q; = Qdw;q, so
00,/0S) = (DyBS(f)3 _115 > 0. The chain rule with Proposition 4 delivers the displayed expression
and all signs.'” O

A.7. Proofs for Section 4

This section presents four very useful lemmas repeatedly used in the proofs of Section 4. I record

them here to save space in the main text.

LEMMA A3 (No Undercutting). Fix . If (a, ¢) satisfiesInc(n) +n%M > () almost everywhere,
then

almost everywhere. The first inequality binds exactly when participation binds. The second binds

exactly when a(n) is market optimal. Consequently,

(A5) LE[c¢(n)] > w!"-z(a),

17Independence of the shares from I; is the first step of that proposition’s proof.
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with equality if and only if participation binds almost everywhere and a= a}* almost everywhere.

Moreover, E[ C?(n)] < oo for every occupation o.

PROOEF. Let 0= a(n). Participation and equation (8) give c(n) > C7(n). Also,
(M) >nw?™+n° = Cc/(n)>w)™

The equality conditions follow from the two definitions. Taking expectations gives equation
(A5). Every tie set is a line, or is empty at date 0, and therefore has zero probability under the
nondegenerate normal distribution. Hence equality requires a = a}" almost everywhere. Finally,

if w"® = max, w)™, then
S o D o o
C,?(n)gwltm‘x(en Tt T e )

Each term has a finite expectation because it is the exponential of a normal variable. O

LEMMA A4 (Concavity of the Profit Function). Fix a state (I,Q)) with Q) >0, and suppose .+ 3 +
V< 1. Then
($,D,R) — mF = SPIRY[1-10%,5(D, Q)]

is concave on IRE. Consequently, for any wage vector w, the profit % (z) — w-z is concave, and the
first-order conditions used to construct the equilibria of Propositions 1-Al characterize a global

maximum: the market input vector maximizes profit at market wages.

PROOF. The case Q = 0. Since 1 - o> 0, D*Q!~* =0 for every D> 0, so Giost(D,O) =03 and
(S, D,R;1,0) = (1-703) I°SPRY,

which does not depend on D and is a Cobb-Douglas of degree 3 +1{ < 1in (S, R), hence concave
in (S, R) and therefore concave in (S, D, R) on R3. The stated consequence follows as in the
general case, so the market date-0 input vector is a global profit maximizer at the date-0 wage
vector. The remainder of the proof treats (2 > 0.

The case Q > 0. Write a= 02, c= Q1"%03 > 0, and w(D) = cD%, so that Giost =05 a/(a+w(D))

and

a(1-t03) +w(D)
a+w(D)

(-t +12u(D),  u(p)=—"P)_c[o1).

1-7102 D,Q)=
post( ) a+ W(D)

Hence
nf =151 —TG%)SBR‘p + [CTG% SPRYu(D).

The first term is a Cobb-Douglas of degree 3 +1 < 1, hence concave. For the second, set k= 3+,
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p=1/(1-k)>1,and v(D) = u(D)P, so that
SPRY u(D) = SP RY »(D)' K,

aweighted geometric mean of the nonnegative functions S, R, and v( D) with weights (3,1, 1-k)
summing to one. Weighted geometric means of concave nonnegative functions are concave, by
superadditivity of the geometric mean: for weights g; summing to one, [T;(x;+ y;)% > Hix?" +
[1; y?i, which applied to the defining inequality of concavity of each factor delivers concavity of

the product. It therefore remains to show that v is concave. Differentiating, with w'(D) = ocw/D,

acw _ paocPD*P! dinv/ (D) (ap-1)-(p+1)ou(D)

/ 1.7 -1
V(D)= puPu = puP = ,
(D)=p P D(a+w)? (a+cD%)P+ dD D

Since u>0and axp< 1 (this is exactly o < 1—- 3 —1), both terms in the numerator are nonpositive
and the second is strictly negative, so v/ is strictly decreasing: v is concave on (0, o), and by
continuity at D=0, on [0, c0). The sum of the two concave terms is concave, and adding the

linear term —w- z preserves concavity, so any stationary point of profit is a global maximizer. O

LEMMA A5 (Static Efficiency of the Market). Fix t and the market state. For every assignment a,
E a
nf (a(a)) - LE[ ¢/ ()| < o],

with equality if and only if a= a" almost everywhere.

PROOF. Lemma A3 and profit concavity give

nf (2(a)) - LE[CX™ (n)] < (2(a)) - )" 2(a)

<iE(ZM) - w2 = V",

The market assignment attains both inequalities. Conversely, equality in the first requires a = a}*
almost everywhere by Lemma A3. This also proves uniqueness. At date 0, every positive data
assignment makes the first inequality strict because wé) M=-0< C(? m). O

LEMMA A6 (Dynamic Value of a Scientist). Evaluate all objects along the market path and write

4 2 -
Rle(l_‘X) O-Oo—eD(sXO-sOC
s

ot = CSPIT R [1-102 5], damb=sPIC -
(02 +D¥Q}~%03)

post,s

with the convention that 0 QT[SE =0 when Dg=0. For s€ {1,2,3} define the fixed-shares marginal
values of the stocks,

AS

9
I8

N a(,Us u=s

<
1]
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where the derivatives are taken along fixed-shares continuations and 7\§ = f\é” =0. Then,

(i) The marginal values obey the backward recursions

M=omErp(-sn)AL, +pyesPIEAY,
A = Doy +p(1-8w)ASty.

(ii) Define AL=pAL | and AY = pAQL, forte{0,1,2}. Then
A=AL=0, Al=pomb>0, AL=pdagnt >0,
and
Ab=pomd +p(1=8) AL +pvCSPITIAL >0, AL =p®3af +p(1-80) AP > 0.

If >0, then Ay’ >0 and A’ > 0 along the market path.

(iii) The date-t dynamic wedge on scientists,
-1
ke = XAl yBSPTIEAY,

equals the marginal effect of one additional date-t scientist on discounted output from t+1
onward under fixed-shares continuations. It satisfies kg > 0, k1 >0, and ko = 0. The analogous

wedges for data engineers and routine workers are identically zero at every date.

PROOF. Part (i): Fix the shares { &, } > at their market values, so that (S, Dy, R;,) are constants,
and let the stocks evolve according to I ;41 = (1-07) I+ xSy and w41 = (1 -0y )wy +ySBI§.
Define Ws(I5, wg) = Z%F <P ”‘5715 along the induced path, with W3 =0, so that

Wi(Is, ws) = WE(Is» Ws) +p Wyt (Is+1 (Is), w1 (s U—’s))~

With shares fixed, the transition maps have partial derivatives

0l 0Wst] B,0-1
—:1—6’ —:YSI , —:1 6 y =0-
ol ! oI CSs s @

Since ¥ depends on w; only through Q= ®ws, we have 07t /dw; = ® 37, where 07l is
as displayed (a direct computation from cr%ost = 0302/ (0% + DXQL~*02)). Differentiating the
recursion for W and writing Xﬁ = 0W;/0I;, 7A\§“ = 0W,/0w; delivers the two displayed recursions.
Differentiability at every step is guaranteed because, along the market path, I > 0 for all sand
ws >0 for s> 1 (indeed w; = VS([)S Ig > 0 by Proposition 1), and the continuation dates have
positive data stocks and interior allocations by Propositions 2 and A1, so every composed map
is smooth in a neighborhood of the path.

Part (ii): The terminal values follow from AL = 7A\§U =0: AL = p7A\EI3 = 0 and likewise A’ = 0.
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Applying the recursion at s = 2 gives AL = 9 17'[5 and 7\5"’ =00 Qﬂg , hence the displayed /\{ and
A{’. Applying the recursion at s = 1 and multiplying by p yields the displayed /\(I) and A’
Relative to the one-period-ahead formulas, /\6 contains the two continuation terms p(1-90 1)/\{
and pyCSQ3 If_l/\‘l*’, which are the effect of I; on period-2 output through the ideas stock and
through period-1 data creation, respectively.

Let’s look at signs now. Along the market path, S¢>0, Rs> 0, ;> 0, and 1 - ch%mt' s
amf >0 for se {1,2}. Together with 47,54 € (0,1) and A% >0 (each term is nonnegative), this

>0, so

gives /\{ >0and AL >pd 171115 > 0. For the data multipliers, 0 an > 0 always. Moreover Q1 >0
(since wi > 0) and Q2 >0, so D; > 0 and D, > 0 by Propositions 2 and Al, and if T > 0 then
damE>0and dgnL >0, whence Ay, AL > 0.

Part (iii): A marginal increase in S;, holding all later shares fixed, moves next-period stocks
by 0I:11/0S;=x and 0w 41/0S; =y 0Q;/0S; = yBSE’_llf. It has no other effect on dates u> ¢+ 1.

Its effect on Ziztﬂ p ”‘tnﬁ is therefore x p?A\{Jrl +vP3 Sf_llf pf\‘tﬁl = K. Since neither Dy nor R;
enters the transition equations (Q; = S? I f does not depend on them), the corresponding wedges

are identically zero. Finally, k, = 0 because AL = AS” =0, while for £€ {0,1}, ks >xAL> 0. O

A.8. Proof of Proposition 5

PROOF. Part (i) is Lemma A5. Competitive firms pay current marginal products. Lemma A6 gives
the omitted dynamic contribution and its signs, which proves (ii).

For (iii), separate the date-¢ derivative of (10) into its current and continuation components.
The normal density is smooth and Lemma A3 gives an integrable envelope, so differentiation
across the moving boundaries is valid. Consider one boundary between occupations o and o’.

Its contribution to the current derivative is its signed probability flux times
0 0’
L[MP,,-MPy - (CP-CF)].

On that boundary, market indifference implies C{ = w;"™ and Cf, = wfl'm. Firm optimality
implies MP, ; = wy""™ and MPy ;= w?,’m. Thus, every boundary contributes zero. Summing over
boundaries, the current derivative vanishes. At later dates, assignments and compensation bills
are fixed. Only the states move. Part (iii) of Lemma A6 therefore gives

dw d&s
_t :pthLi

de 1e=0 de le=0"

For (iv), define

a;(n)earg max {lnw?™+n°+el{o=S}},
0¢{S,D,R}

using In w(l)) ' = —co at date 0. This smoothly shifts every boundary adjacent to science. Nonde-
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generacy of the normal distribution implies
d S
& (e) ’ >0.
de le=0

Forte {0, 1 }, part (iii) and ;> 0 make the welfare derivative strictly positive. Differentiability
then gives & > 0 such that W;(e) > W;(0) for every ¢ € (0, €). Workers consume their compen-
sation requirements and retain their market utilities. Owner consumption remains feasible
for small ¢ by continuity and its strict market slack; discounted owner consumption rises. The
perturbation is therefore a local Pareto improvement. At ¢ =2, k2 =0, so every boundary pertur-

bation has zero first-order effect. O

A.9. Proof of Proposition 6

PROOF. Part (i): Fix the inherited firm-level stock w; >0 and let N> 1. Then Q;=[1+d(N -
1)] wy is strictly increasing in ¢, and Proposition 4(i) gives d&”*/dQ > 0 in the deep-scarcity
region, so

d a]i)* d E’D*

¢ da
Under a permanent policy, this comparative static is exact at ¢ = 1: the date-0 problem does
not involve ¢ (since Qg = 0), so w; = YSEIOC is independent of ¢, dQ;/dd = (N-1) w; >0,
and d(ElD /d® >0 with no inherited-stock feedback to offset it, though still conditional on deep
scarcity to sign d&P* /dQ. At t =2, by contrast, the inherited stock itself responds to the policy:

= (1-8)or 1y Lot § - 3(0),50

(N—l)wt > 0.

A2 (N-1) s+ DB Pt asy’.
dé dd
where the first term is the direct sharing gain and the second is strictly negative in deep scarcity,
since dS}"*/d¢ < 0 by the calculation in Part (iii) below.

Nevertheless, the total derivative is strictly positive: the equilibrium response of science
bounds the inherited-stock feedback. To establish this, evaluate the equilibrium Hessian H =
V% ¢J atdate 1, and write s = £3%, d=EP*, and r= £R*. By the occupational-supply lemma and

the firm-side potential,

1 m 1
AEHss—HSDZ—-i- Do
S

detM s

’

-0 4 ngp
B=Hpp-Hsp=——+h"(d) + >0,
bb=HSD= g (D) Getm

1 msp
C=H¢p=—-+ >0,
D r detM

where M = V?G and I denotes the second derivative of the integral term in the firm-side
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potential, holding the data stock fixed. Hence

1
<—x1
sdetH SsA

A+C C

, detH=AB+C(A+B)>AC, 0<
C B+C

Let k=103 € (0,1) and x= X(Ld, Q1) /0% > 0. The direct premium response from the proof

of Proposition 4 is
dwP 1- k-2
= — =(1-«) .
0lnQ E=t; (1+x)(1+x-k)

by

If the date-1 equilibrium is in deep scarcity, 0 < b; < 1 — . The upper bound follows because
the denominator of the fraction minus its numerator equals (2 - k)x+2x% > 0. The equilibrium

derivative in Proposition 4 therefore implies

dln S} ~ C
dinQ; lsdetH'

el = O<ep<l-a<l.

Since I} and w; are independent of ¢, and QO; = ®w;, it follows that dIn Si"/dlnd) =—ey.
Define the share of the date-2 firm-level data stock generated by date-1 quality as

sy
B2 = BC
(1-0w)w1+YS I

€(0,1).

Differentiating Q, = ®wo gives

danZ
din®

=1-Bde>1-p(1-)>0.

If the date-1 equilibrium is on or beyond the deep-scarcity boundary, Proposition 4 instead gives
dsy*/dd >0, so the displayed expression for dQ,/d¢ is again strictly positive. Thus, dQ,/dd >0
at every policy value when N > 1.

Finally, equilibrium shares are independent of I, so

d&ZDrm ~ daD*
db  dQ

daQy
dp -

(Q2)

The date-2 data share therefore rises in deep scarcity, falls outside its closure, and has zero
derivative on its boundary. If only the date-1 region is specified, the date-2 employment response
remains unsigned because its own region is unspecified, not because dQ,/d¢ is ambiguous.
Part (ii): Fix a feasible assignment path {a;} and hold it fixed while ¢ varies. Two obser-
vations. First, the stocks the path generates do not depend on ¢: the transitions are ;41 =
(1-87)I;+xSrand w1 = (1-0w )W +yQr with Qy = SEIE, and Q; enters neither. Second, the
compensation bill L[E[C?t(n)’1 (n)] does not depend on ¢ either, by construction of the anchor:
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C?’l is built from the ¢ = 1 market wages, which are fixed data. Only the output component of

the date-¢ surplus G, = ¥ — LE[ C/" (n).1 ()] reacts, and it reacts through Q; = ®w; alone:

2
do post

0p

onk
b

Fix (S;, D¢, Rt) and (Iy, wy). If D; >0 and w; > 0, then

il = SPICRY [1- 102 01 (D Q). =-SPIRV

2 2
050%

0%+ DX} %03’

2
0-post(Dt'—O-lf) =

and )
acpost _ 0-30%(1 - “)D?Q;oc

= <0
JON (02 +DXQl"*02)2

Since 0Q;/9¢ = (N-1)w; >0, output is strictly increasing in ¢ when N>1and t>0.If D;=0
or wy =0, output is independent of ¢ at that date. Thus, anf /9¢ >0 everywhere.

Thus, WA(a, ¢) is nondecreasing in ¢ for every fixed a. Maximizing over assignments pre-
serves the ordering, so full sharing is optimal under direct allocation. This argument compares
paths before re-optimization and requires no derivative of the optimized value.

Part (iii): In the second-best setting, the regulator chooses ¢, but assignments are deter-

mined by the market equilibrium at that ¢. Write the criterion at the full-sharing anchor as
SB 2 E a’'(m;d),1
(A6) W) = Y o[ (2(al"(59))sb) - LE[C;" VP (m)]],
t=0

with a}”(~ ; &) the market assignment at ¢ and Cf’l the anchored requirements of equation (12).
At each ¢, the schedule Cf;n (ni¢).1 (1) restores every worker to her full-sharing utility. Equa-
tion (A6) is output net of this compensation. At ¢ = 1, compensation equals the market wage
schedule by Lemma A3, so WSB(1) = 32, p"v/".
Differentiate equation (A6) at ¢ = 1 from the left. The induced assignment change displaces
market indifference boundaries. The static assignment derivative vanishes by the boundary
argument in part (iii) of Proposition 5. Only the direct informational effect and the dynamic

effect through science remain:

dWSB| < ol omy | ipt o 3
dp lo--~ 5" 0 A& d
Direct Effect Dynamic Terms

with k; the dynamic wedge of Lemma A6 evaluated along the ¢ = 1 market path, so that kp =0
and no continuation value is assigned to post-terminal stocks. The two components must be

read as stated to avoid double counting: anf /0 is the direct informational effect, taken holding
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occupational inputs and the inherited stock wy fixed, so that it captures only the sharing channel
Q; = ®wy. The propagation of the date-1 reallocation into I, and w is already contained in
k1 dS{"*/dd. In particular, this partial derivative is not the total derivative dQ,/d¢$ computed in
Part (i). From Part (ii), the direct effect is strictly positive for t € {1,2} and zero at =0 (where
wo = Qg =0). Moreover dSé” /dd =0, since the date-0 problem does not involve ¢, and the =2
dynamic term vanishes with k2 = 0. The trade-off therefore reduces to the period-1 reallocation
against the discounted direct gains. To sign it, I must sign %

The market equilibrium shares &* = (£5*,£P*) solve v £J(£7,Q) = 0. By the IFT, the sensitiv-

ity of shares to the data stock Q) is

a&*
aa -

10(V))

(e ) 5,

As shown in the proof of Proposition 4, Q enters only through the separable term 1(£P, Q) =
h(EP, Q) + ¢(Q)EP, so the gradient shock vector is (0,—9iw”/0Q)’. Using the formula for the

inverse of a 2 x 2 matrix, the response of the scientist share is

dis*_( Y " ___Hsp dw”
12 det(H) 3Q

- D
In the deep scarcity region, aa% > 0. By Lemma A2(iii), the off-diagonal entry of the Hessian is

strictly positive at every interior allocation and every state,

aZU + azG* 1 m5D>
0ESOED  DESOED ER detM

— Y
Firm Side  Supply Side

Hgp =

the firm-side complementarity through the shared routine pool and the supply-side science-

data margin push in the same direction, for any v € (-1,1). Hence d‘(’

<0, with no auxiliary
assumption.

For concreteness, focus on t = 1. For ¢ =1, the firm-level data stock w is predetermined by
choices in ¢ = 0 and does not depend on ¢. Thus, the aggregate data stock Q1 = (1+d(N-1))w,

satisfies
dQ; B GIO)

dbp b

Using the chain rule, the response of the scientist stock in period 1 is unambiguously negative

=(N-1)w; >0.

dsy _ de™ dO,
db dQ; do

Higher data sharing raises the return to data engineering relative to science, drawing talent away

from §;.
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m
Since k1 >0 (Lemma A6) and % <0, the dynamic term at ¢ = 1 is strictly negative. Hence
dWsB

dsi
<0
dp lp=1-

dé

onk onk
>0 1+p2 2 .

o o0

<~ PK1

a marginal restriction of data sharing below ¢ =1 strictly raises compensated surplus exactly
when the dynamic reallocation loss outweighs the discounted direct informational gains. This
inequality is the local condition, and I state it rather than a sufficient condition on primitives: Ky
is itself an equilibrium object, and the primitives that raise it also move dS}"/d¢ and the direct
gains, both of which are of the same order in 7.

It remains to establish existence. The market state, shares, wages, and output are continuous
in ¢ by Propositions 2 and 4. Off the null tie set, the market assignment is also continuous.
Moreover, max, Cf 'l (1) is integrable because it is bounded by a finite sum of exponentials of
normal variables. Dominated convergence therefore makes the compensation bill continuous.
Hence W58 is continuous on [0,1] and attains a maximum. The displayed inequality rules out

® =1, so every maximizer satisfies cl)SB <1. O

A.10. Proof of Proposition 7

PROOF. With automation, the firm’s expected profit at time s is
i
ﬂsE:S‘[‘SISC[]‘_To-i]()st(DS!QS)][RS+M(QS)] y

where M(Q) is the data-enabled routine capacity available to all firms, with M’(Q) >0 and
M(0) = 0; the baseline economy sets M = 0. Since all firms have access to this technology given
Q, there is no adoption decision or cost.

Step 1: the state paths coincide. Fix the date-7 state (I, w;) and a common interior al-
location path {&s} > for the two economies. The transitions are I = (1-07)I+xSs and
Wer1 = (1-0w)ws +y8£3 ISC: machine capacity enters neither law of motion, because data is
generated by quality, not output, in the baseline specification. Hence the sequences { (I, ws) } s> ¢
are identical across the two economies, and M(Q;) > 0 for all s> 1 along the market-path states,
since wg > 0 there.

Step 2: both multipliers rise. Apply the fixed-shares construction of Lemma A6 to each

economy. The per-period marginal values are
E_rBii-1 b 2
7y = Sy Ig [Rs+ M(Qy) ] [1-T0 01,5,

2
ey post,s

2t = SEIE[Re+ M(Q)]" (- -
S

)+ SPIE[1=T0% 0 [0 [ R+ M(Q)]Y M (),

. . automation channel
variance reduction channel
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where 5
ao—pos[_ GgO‘é(l—oc)DaQ_o‘ <0
=— 5 ,
0Q [0-%+Doc_Qlfoco-%]

so both channels are nonnegative. Since the two economies share the same states and allocations
(Step 1), each of these objects can be compared term by term at every date s> ¢+ 1: whenever
M(Qs) >0,

aIT[SE,auto N aﬂTSE,base and aﬂﬂf,aum N aQT[SE,base’

the first because [Rs+M;]¥ > R}b fory € (0,1), the second because the variance channel inherits

the same factor and the automation channel is strictly positive. The recursions of Lemma A6(i),
Al=oml+p(1-8)AL + PYCS,?Ig_l?A\?il, AL =gnE +p(1-8w)AY,,

have identical, nonnegative coefficients in the two economies and strictly larger per-period

inputs under automation. Iterating backward from Az = 0, every A% strictly exceeds A?#® for

s<2.Hence, for r€{0,1},

Ag,auto > A{,base Alc‘u,auto > A;v,base'

and

Step 3: the wedge widens and remains unpriced. Because the data law of motion is quality-
based, the marginal data byproduct of a scientist, w1 /9S; = y[SS?*lIf, is the same in both

economies, so by Lemma A6(iii),
K?uto _ XA{,auto +YBS?_IIEA(£U'LIMO S XA{,base+,YBS[tS—lltCA(;J,base _ K?ase >0

fortre {0, 1}, where positivity of the baseline wedge is Lemma A6(ii)- (iii). In the competitive
equilibrium of either economy, wages equal static marginal products - under automation,
scientists are paid w? = BSE_IIE[I - T(Yiost't] [R; + M;]¥ - so the dynamic contribution K is
unpriced in both, and the unpriced part is strictly larger under automation. O

A.11. Proof of Corollary 2

PROOF. Step 1: the potential extends to the automated economy. At the period-t problem with
state (Ir, Q;), write u = M(Q;)/L for machine capacity per worker, so effective routine capacity
is R+ M(Qy) = L(R+ ). The firm's first-order conditions give

WS (&,0Q) = 1n$ +In(£R+w(Q)) -In&®,

WP (£,Q) = Cp(Q) +In(£f+1(Q)) + (a-1)InEP - 2In(0% + X) - In(1- 10755,
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with X = (L&D ) “Ql_“(r(z): relative to the baseline expressions in Appendix Section A.2, &R is
everywhere replaced by £+ 1, and, exactly as in the baseline, the common production factor
SP 1€ cancels from both premia while the efficiency term [1 - T(ffnost] cancels from the science
premium only: the data premium retains the marginal-information term —In(1 - TGZpost)’ as
displayed. The potential construction of Proposition 2 extends mutatis mutandis with (&R +
W) In(ER+ 1) in place of ERIn&R in U. Its Hessian replaces 1/£8 by 1/(£% + (1) and remains
positive definite, and Lemma A2 applies unchanged to G*, so at the interior equilibrium assumed
in the statement,

H>0, Hep= b+ ™D S0 Bl Hop= oy O
’ SP™eRin " detM ™ SSTHSDT S T detm

Step 2: the two channels in the premia. Differentiating the premia at fixed shares,

afus‘ _M(Q)/L aa;D| :a(Q)_:,.i.(1_“)[Gé(l_TU%)_X2]
0Qlg &R+’ 20 lg Q (02 +X)2(1-T0%,)
—_——
=a(Q)>0

=bp(Q)

where the second term is the information channel of equation (A3) and b(Q) > 0 in the deep-
scarcity region by Lemma Al. This proves part (i): the automation channel a raises both premia,
routine work becomes relatively less attractive, and the information channel b additionally
raises the data premium.

Step 3: equilibrium responses. The gradient shock vector is 3(V¢/)/0Q = —(a, a+b)’, so
the implicit function theorem gives

d&P _ a(Hss-Hsp) +bHss d&’ _a(Hpp-Hsp) -bHsp
dQ detH ' dQ) detH ’

dé®  a(Hgs+Hpp—2Hsp) + b(Hss— Hsp) <0

aQ detH '
using Hss+Hpp—2Hsp = (1,-1)H(1,-1)" > 0 by positive definiteness, and Hgs—Hsp > 0, Hsp > 0,
Hgg > 0 from Step 1 (all strictly, in deep scarcity, where a > 0 and b > 0). This proves part (ii):

the data share strictly rises and the routine share strictly falls, while the science share nets the
automation-driven inflow a( Hpp — Hsp) (with Hpp— Hgp = (1- ) /&P + ' + mgy/ det M > 0)

against the information-driven outflow b Hgp, and is not signed in general. O

Appendix B. Data Construction: Details

B.1. Introduction Figures Data

This section describes the data sources and methodology used to create the figures shown in the

introduction.

69



OEWS. Panel A of Figure 1 is constructed using the Occupational Employment and Wage
Statistics (OEWS) program produced by the Bureau of Labor Statistics (BLS). The OEWS program
covers wage and salary workers in nonfarm establishments and produces employment and
wage estimates for approximately 830 occupations based on a survey of business establishments
(employers). The data is published annually with a May reference date and is issued at different
levels of aggregation: national, state, metropolitan areas, or industries. I use the industry files. I
harmonize all SOC codes to SOC 2010 codes to obtain a consistent panel of occupations for the
2002-2022 period.

Data occupations in Panel A correspond to fourteen SOC 2010 occupations: computer and
information research scientists (15-1111); computer systems analysts (15-1121); information
security analysts (15-1122); computer programmers (15-1131); software developers, applications
(15-1132); software developers, systems software (15-1133); web developers (15-1134); database
administrators (15-1141); network and computer systems administrators (15-1142); computer
network architects (15-1143); computer user support specialists (15-1151); computer network
support specialists (15-1152); computer occupations, all other (15-1199); and operations re-
search analysts (15-2031). These occupations are clustered based on the National Career Clusters
Framework. I specifically use two lists curated by O*NET: Data Science & Artificial Intelligence
and Web & Cloud.

Science occupations in Panel A correspond to twenty-three SOC 2010 occupations: math-
ematicians (15-2021); statisticians (15-2041); animal scientists (19-1011); food scientists and
technologists (19-1012); soil and plant scientists (19-1013); biochemists and biophysicists (19-
1021); microbiologists (19-1022); zoologists and wildlife biologists (19-1023); biological scientists,
all other (19-1029); conservation scientists (19-1031); foresters (19-1032); epidemiologists (19-
1041); medical scientists, except epidemiologists (19-1042); life scientists, all other (19-1099); as-
tronomers (19-2011); physicists (19-2012); atmospheric and space scientists (19-2021); chemists
(19-2031); materials scientists (19-2032); environmental scientists and specialists, including
health (19-2041); geoscientists, except hydrologists and geographers (19-2042); hydrologists
(19-2043); and physical scientists, all other (19-2099).

IPEDS. Panel B of Figure 1 is created using the National Center for Education Statistics (NCES)
Integrated Postsecondary Education Data System (IPEDS) survey. I compute the share of Bach-
elor’s and Master’s degrees awarded in 85 fields corresponding to the curated lists by O*NET
Data Science & Artificial Intelligence and Web & Cloud out of all Bachelor’s and Master’s degrees
awarded in the same year. The data covers the period 1993 to 2024.

Data-related fields are identified by mapping the two O*NET career-cluster lists used
throughout the paper, Data Science & Artificial Intelligence and Web & Cloud, into IPEDS
instructional programs in three steps. First, I take the thirty O*NET-SOC 2019 occupation codes

that constitute the two lists. Second, using O*NET’s 2020 Classification of Instructional Programs

70


https://careertech.org/career-clusters/
https://careertech.org/career-clusters/
https://www.onetonline.org/find/career?c=060101
https://www.onetonline.org/find/career?c=060106
https://www.onetonline.org/find/career?c=060101
https://www.onetonline.org/find/career?c=060106
https://www.onetonline.org/find/career?c=060101
https://www.onetonline.org/find/career?c=060106

(CIP) to O*NET-SOC 2019 crosswalk, I keep every CIP code that maps to at least one of those
thirty occupations. Third, I drop eight CIP codes that the crosswalk returns but that do not
correspond to the National Career Clusters Framework classification: digital communication
and media (09.0702), design and graphic design (50.0401, 50.0409), archaeology and cultural
anthropology (45.0102, 45.0103), security and loss prevention services (43.0403, distinct from
cyber forensics, 43.0116), logic (38.0102), and one physical-science subfield (40.0512). This
leaves 85 CIP codes.

NSF. Panels C and D of Figure 1 are created using the National Science Foundation (NSF)
Survey of Earned Doctorates (SED). The SED is an annual census of research doctorate recipients
from US academic institutions that collects information on educational history, demographic
characteristics, graduate funding sources, educational debts, and postgraduation plans.

B.2. Revelio Labs Data

This section describes the data construction in Section 6 using Revelio Labs data.

Iimpose two restrictions when assembling the different Revelio datasets. First, I focus on
individuals completing their first higher education degree in 2000 or later, and holding positions
between 2000 and 2022. This period coincides with both reliable coverage in Revelio Labs data
and the period of platform emergence and data infrastructure development. As shown in Figures
Al and A2, although Revelio’s coverage extends until 2025, there is a significant drop in the
number of unique positions both in the raw and the cleaned data. This decline differs from
the official BLS employment trend and depicts a surprisingly steep decline for new positions,
suggesting caution in using the period 2023-2025.

Second, I restrict the sample to US positions, as the United States led the global development
of data infrastructure and platforms (with companies like Snowflake, Databricks, and AWS).
Therefore, the US constitutes an ideal laboratory to evaluate whether data growth generates
talent reallocation toward data. The final sample consists of 35,130,317 unique individuals
working in 5,261,354 unique firms, of which 7,088 are public, across 414 MSAs for whom I track
their US employment from 2000 through 2022.

I define occupations using Revelio Labs’ standardized role fields. For data occupations, I use
Revelio Labs’ role_k300 and include the following roles: “Analyst”, “Analytics Specialist”, “Data
Analyst”, “Data Engineer”, “Data Scientist”, and “Database Administrator”.

For science occupations, I use Revelio Labs’ role_k500 and include the following roles: “Sci-
entist” and “R&D Specialist”. Using Revelio Labs’ role_k1500, I further add the roles “geologist”,
“geophysicist”, “scientist i”, “research chemist”, “chemist”, “analytical chemist”, “microbiologist”,
or “environmental scientist”. I exclude from science occupations observations with role_k1000
corresponding to “Technologist” and those with role_k1500 corresponding to “research techni-
cian”. All the remaining occupations are classified as routine workers.
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FIGURE Al. Employment counts in Revelio in the US between 2000 and 2025

This figure plots total employment counts in Revelio data for US positions. The raw data corresponds to the data
directly downloaded from the WDRS server without any form of filter or cleaning. The cleaned data corresponds to
the data processed by the filters described in the Appendix Section B. Panels A and B plot the total employment by
year. This measure is a stock. Panels C and D plot the total new positions by year. This measure is a flow. The sample
period is 2000-2025. Go back to main text.

For Figure A7 occupations besides data and science are defined as follows. For technological
engineering, I use Revelio Labs’ role_k300 and include the following roles: “Software Engineer”,
“Software Developer”, “Web Developer”, “Hardware Engineer”, “Systems Engineer”, “Java De-
veloper”, “DevOps Engineer”, “Network Engineer”, “Mobile Specialist”, “Solutions Architect”,

”» o« » o«

“Test Engineer”, “Software Test Engineer”, “Automation Engineer”, “Infrastructure Engineer”,
“Technical Architect”, “Technology Lead”, “System Administrator”, “Unix System Administrator”,
“IT Analyst”, “Technology Analyst”, and “Technical Consultant”.

For physical engineering, I use Revelio Labs’ role_k300 and include the following roles:

” « ” « » o«

“Mechanical Engineer”, “Electrical Engineer”, “Chemical Engineer”, “Civil Engineer”, “Structural
Engineer”, “Process Engineer”, “Manufacturing Engineer”, “Quality Engineer”, “Field Engineer”,
“RF Engineer”, “Drilling Engineer”, “Planning Engineer”, “Wireline Engineer”, and “Application
Engineer”.

For finance, I also use Revelio Labs’ role_k300 and include the following roles: “Investment

Banking”, “Risk Analyst”, “Financial Analyst”, “Actuary”, “Wealth Manager”, “Trader”, “Under-
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FIGURE A2. Employment counts by Science and Data Occupations in Revelio in the US between
2000 and 2025

This figure plots total employment counts in Revelio data for US positions by science and data occupations, as
defined in in the Appendix Section B. The raw data corresponds to the data directly downloaded from the WDRS
server without any form of filter or cleaning. The cleaned data corresponds to the data processed by the filters
described in the Appendix Section B. Panels A and B plot the total employment by year. This measure is a stock.
Panels C and D plot the total new positions by year. This measure is a flow. The sample period is 2000-2025. Go back
to main text.
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writer”, “Credit Specialist”, “Loan Officer”, “Banker”, “Financial Advisor”, “Fund Accountant”,

“Compliance”, “Treasury Specialist”, and “Loan Processor”.

B.3. American Community Survey Data

This section describes the data construction in Section 6 using ACS data.

I use microdata from the Integrated Public Use Microdata Series (IPUMS-USA) (Ruggles
et al. 2025). The extract comprises four ACS 5-year samples, covering 2005-2009, 2010-2014,
2015-2019, and 2018-2022, together with the 1-year samples for 2001-2008. Following the IPUMS
convention, each multi-year sample is labelled by the final year of its window, so that the four
5-year samples are referred to below as 2009, 2014, 2019, and 2022, respectively. Samples before
2005 are discarded because they carry no PUMA identifier and therefore cannot be mapped
to commuting zones. The analysis uses the four 5-year samples throughout. I rely on 5-year

rather than 1-year estimates wherever possible because the larger pooled samples are needed to
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measure rare occupations (data and science workers) at the commuting zone x industry level.
The sample is restricted to employed individuals.

One challenge in using ACS data is that occupation codes change over time, making it
difficult to construct consistent occupation definitions across sample years. To address this, I
exploit the fact that IPUMS provides two occupation variables: 0OCCSOC, which reports occupa-
tions using Standard Occupational Classification (SOC) codes, and 0CC2010, which provides
harmonized Census occupation codes consistent across all years.

Iimplement a two-step procedure to classify occupations:

Step 1: Extract SOC — OCC2010 crosswalk. For years 2010-2017, when OCCSOC uses SOC
2010 codes, I create an empirical crosswalk by keeping all unique (OCCSOC, 0CC2010) pairs.
This crosswalk maps each SOC 2010 occupation code to its corresponding Census 2010 occupa-
tion code(s).

Step 2: Apply crosswalk to all years. Using this crosswalk, I identify which 0CC2010 codes cor-
respond to data and science occupations based on their SOC 2010 definitions. I then apply these
0CC2010 codes consistently across all sample years (2005-2022), ensuring time-consistent
occupation definitions even though the underlying SOC system changed.

Data and science occupations are defined following the list provided in Appendix Section
B.1. The OCCSOC variable in IPUMS sometimes uses alphanumeric codes with wildcards (e.g.,
“15111X”) to denote aggregated occupation categories; I include these in the relevant occupation
groups. All remaining occupations are classified as routine. The three occupation categories are
mutually exclusive and exhaustive.

Industry is reported in IPUMS using the INDNAICS variable, which provides NAICS-based
industry codes. These codes sometimes contain letters (e.g., “44417”) indicating aggregated
categories. I remove all non-numeric characters and extract the first two digits to create NAICS
2-digit industry codes, resulting in 20 broad sectors.

The ACS reports geographic location using Public Use Microdata Areas (PUMAs), which are
statistical areas containing at least 100,000 people. To construct commuting zones (CZs), I use
the PUMA-to-CZ crosswalks developed by Autor and Dorn (2013), which can be found at David
Dorn’s data page. Because PUMA boundaries changed in 2012, I apply different crosswalks
for different time periods. For 2005-2011, I use the PUMA 2000 vintage crosswalk. I construct
a PUMA 2000 identifier by concatenating the state FIPS code with the 4-digit PUMA code
within state. For 2012-2022, I use the PUMA 2010 vintage crosswalk, constructing a PUMA 2010
identifier from the state FIPS code and the 5-digit PUMA code within state.

Some PUMAs span multiple commuting zones. The crosswalk files include an allocation
factor (afactor) indicating the fraction of each PUMA’s population that maps to each CZ. I
adjust person weights by this allocation factor: weight; -, = weight; x afactor, where weight; is
the original ACS person weight (PERWT).

I aggregate the individual-level microdata to the commuting zone x NAICS 2-digit x year
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level. A unit (local labor market) is defined as a CZ-industry pair.

B.4. Enlyft Data

The Enlyft sample was assembled from a list supplied to Enlyft in 2021 comprising selected
public and private firms. The February 2023 delivery includes 4,295 Compustat public firms,
5,049 venture-backed private information-technology firms, and 458 firms without a match
to either source. For the public-firm analysis, I restrict attention to the 4,295 Compustat firms.
I merge Enlyft to an October 2021 vintage of Compustat using the firm’s bare web domain to
recover its gvkey, and then merge the resulting firm-level data to Compustat on gvkey. Of the
4,298 distinct domains in the supplied Compustat crosswalk, 4,295 appear in the Enlyft delivery
and carry a gvkey, so coverage is nearly complete conditional on the requested public-firm
sample. I take industry classifications and other firm characteristics from Compustat rather
than Enlyft.

Two features of Enlyft are important for interpretation. First, the data are a 2022-2023 cross-
sectional snapshot, not a panel of technology adoption. Enlyft records the most recently verified
date of a product’s use, not when the firm adopted it, and successive deliveries largely re-observe
the same firms. Second, the public-firm component is conditioned on firms that were active,
US-incorporated, and had a nonmissing web domain in Compustat in October 2021. It therefore
excludes firms that had already become inactive and embeds a survivorship and selection filter.
In addition, product detections are proxies for adoption rather than direct measures of use
intensity. Raw product counts scale strongly with firm size, and Enlyft’s confidence measure
mostly reflects detection strength. I therefore use normalized or share-based measures where
appropriate, exclude “Business Attribute” records from software-product counts, and interpret

the results as cross-sectional associations for the covered public firms.

B.5. Epoch Al

This section describes the data construction for the scaling law analysis in Section 6 using the
Epoch Al database.

I use data from the Epoch Al Machine Learning Model Database, which provides compre-
hensive information on notable machine learning systems. The database is publicly available at
Epoch Al data and is regularly updated by Epoch Al researchers who manually collect and verify
training details from technical reports, academic papers, and public announcements.

For each model the dataset allows me to observe variables such as: Training compute (FLOP),
which measures the total floating-point operations used during training; Training dataset size,
reported in tokens or datapoints depending on the domain; Training compute cost, denominated
in 2023 US dollars; Parameters, the total number of trainable parameters; Publication date;
Domain, which categorizes models by their primary application area; and Model, the system

name. I focus the analysis on language models by filtering to observations where the domain
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equals “Language”. For dataset size, I use the Training dataset size (gradients) variable, which
reports the number of tokens for language models. Each observation in the dataset corresponds
to an individual machine learning model, and all analyses operate at the model level.

In panel D of Figure A3, I compute the tokens-per-parameter ratio to assess whether models
follow the Chinchilla-optimal frontier of 20 tokens per parameter (Hoffmann et al. 2022). Models
with ratios below 20:1 are classified as “undertrained” in the compute-optimal sense, while

models near this ratio are classified as “compute-optimal.”

Appendix C. Model: Details

C.1. Returns to Scale and the Financing of Data Employment

The returns-to-scale restriction has a simple economic interpretation that I develop here. At any

interior candidate satisfying the firm’s first-order conditions,
wSS= prt, wlR=pnL.
Hence, firm value can be written as
v=(1-p-)nf - wPD.

If3+1y =1, then
v=-wPD<0

whenever D> 0. Science and routine wages exhaust expected gross profit, leaving no residual
with which to pay data engineers. Since the firm can shut down and obtain zero, an interior
allocation with positive data employment cannot be optimal. Thus, (3 +1 < 1 is necessary for an
active data occupation in this environment.

The stronger restriction imposed in the main text, &+ [3+1p < 1, is sufficient to ensure positive

firm value at any interior candidate. Since 1 -3 -1 > «,
v>ant —wPD.

Using the first-order condition for data employment,

2.2 1-a 2
WPD- aYTo50e D¥Q % 0p

(o2 + D"‘Ql“"crg)z

and therefore
(thE - wD D>0

under 0 < TO‘% <1.Hence v>0.
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C.2. Microfoundation of the Firm’s Loss Function

This section microfounds the quadratic loss function of the firm introduced in equation (1). The
framework is a simple search model with random matching that is general enough to generate
different desired loss functions for the firm (absolute-value, bounded losses, asymmetric ones,

etc.), and in particular, the one used in the main body of the paper (quadratic).

Setup. After producing Y; ; units, the firm jfaces a second problem: bringing output to market.
It must allocate commercial effort, such as advertising, inventory placement, sales targeting, or
platform emphasis, across a continuum of customer segments x € R. Two objects determine how
successfully it does so. The first is the firm's commercial allocation q(x; aj): a distribution of
effort across segments centered on the firm's chosen target a; ;. The second is profitable demand
d(x;0;,): a distribution of purchasing intent by customers across segments centered on the
latent demand state 0 ;. Thus, 0 ; represents the location in segment space where customers
are most concentrated and therefore where the firm would be able to sell the most output
profitably. Shifts in 0 can capture changes in customer tastes, demographics, or willingness-
to-pay driven by aggregate conditions (industry demand shocks, technological trends, or input
market movements) that are common across firms and therefore make data generated elsewhere
in the economy informative about 8 ; ;. The firm observes neither 6 ; ; nor the gap between where

it is targeting and where demand actually is.

Meeting technology. Firm and customers meet at random times, as in an idealized random
search model (see, for example Duffie, Garleanu, and Pedersen 2005). Thus, customers arrive
in each segment x at Poisson rate A and contact the firm. When the firm meets a customer in
segment x, a transaction occurs with probability proportional to the product of the firm’s effort
at that segment, q(x; a; ), and the density of profitable demand there, d(x;0 ). The expected

flow of successful transactions per unit time is therefore

m(aj,t, Gj,t) = A[ﬂ%q(x;aj,,) d(x;ej,t) dx.

The meeting rate A governs the scale of market activity, how many customers the firm encounters
per period, while the overlap integral governs the quality of targeting, what fraction of those
encounters result in profitable transactions.

The maximum transaction rate is attained when the firm targets perfectly at a; , = 0 jyt.lg
Thus,

m(0;,0,,) =\ A;q q(x;0,) d(x;0,,) dx.

8 This property is not automatic for arbitrary kernels; I impose it as a regularity condition on the class of dis-
tributions considered. It holds whenever g and d are symmetric unimodal location families: the overlap integral
equals the convolution (g* d)(a;; -0 ) evaluated at the targeting error, and the convolution of two symmetric
unimodal densities is symmetric and unimodal, hence maximized at zero error. In particular, it holds for the Gaussian
specialization adopted below, and it guarantees iz € [0,1].
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Normalizing realized transactions by this maximum, A cancels, and I obtain

m(aj;, 6 ;) ) Jra(x;aj,)d(x;0;,)dx
m(0;,0;:) Jpa(x;0;,)d(x;0,)dx

m(a;;,0j,)= €[0,1].
Hence 7 is the fraction of transactions the firm achieves given its targeting error, independently

of how fast customers arrive. Realized gross profit is
% =Y m(a;,0;;)
jr= L4Vt )-

When the firm targets perfectly, 7z =1 and all output is sold. Mismatch between a;; and 0 ;;
causes effort to flow to segments where demand is weak. Hence, units are produced but fail to

reach profitable customers.

Gaussian specialization. To proceed further, I now consider a particular case: normal distribu-
tions. Let both distributions be Gaussian: g(x; a; ;) = ¢o,(x~a;j) and d(x;0 ;) = b, (x-0; ),
where 0'%] captures the dispersion of the firm’s targeting technology and Ufi captures the concen-

tration of demand. In this case, the normalized overlap reduces to

(aj,t_ej,t)z)

m(a;;,0;;)=exp|-

The fraction of transactions depends only on the squared distance between the firm’s target
and the demand center, scaled by total dispersion 0‘%7 + Gfi. The two variances convey distinct
economic intuition. O'Z reflects market structure: niche markets with concentrated customer
bases have low 0'3, while mass markets have high Gfi. G%l corresponds to the precision of the
firm’s targeting technology, with lower values representing more precise targeting. Mismatch is
costly when both are small. Indeed, in a concentrated market with very precise targeting, the
firm is aiming a narrow beam of effort at a narrow band of customers, and a small targeting error
means the beam misses almost entirely. When the variances are both large, the firm’s effort and
the customer base each spread over a wide range of segments, so even an imperfect aim leaves

substantial overlap.

Quadratic approximation. Consider now that the firm, while uncertain about where 0 ; is,
does not operate completely in the wrong market. The firm operates in a market it broadly
understands, and data engineers help it get the fine targeting right. To formalize this, I will
introduce an approximation of the firm’s action a; , around 6 ;.
1=0;0)° . . _ .
Letz= (;(]‘éz—Jré’;) denote the normalized squared targeting error, so m = e “. Applying the
q

d

first-order expansion e~ ?

~ 1-zaround the optimum z =0 (equivalently, a;; =0 ), I obtain

Ttgtz j,t[l —T(aj_,—ej,t)z],
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where

1
T=————.
2(04+02)

Again, the approximation holds when the squared targeting error is small relative to total

dispersion, that is, when the firm is not targeting a completely wrong segment.'?

The parameter
T can now be interpreted structurally: it governs the local curvature of the fraction of transactions

function at the optimum, determined jointly by demand concentration and targeting precision.

C.3. Sourcing Shares: Where the New Data Engineers Come From

This section formalizes from which occupations the new data engineers are drawn. Throughout,
the economy is in the deep-scarcity region, so di"/9Q > 0.

Direct supply response. By part (i) of Lemma A2, a marginal rise in the data premium at a fixed
science premium draws mgp div” workers out of science and mpg div” out of routine work. The

fraction of the direct inflow sourced from science is therefore

AsuPPly o TISD ¢ (g 1)
§ msp+mpo
strictly interior because both masses are strictly positive for every v € (-1, 1). Science supplies

the majority of the direct inflow if and only if mgp > mpy.

General-equilibrium response. From the equilibrium derivatives in the proof of Proposition 4,

the shares of the equilibrium inflow sourced from science and from routine work are

_ -d&£S*[dQ  Hgp Ao -dE®* 1dQ Hss—Hsp Lo
R= = =1-As

T dgD*/dQ T Hgg' d&D* [dQ) Hgg

As

both in (0,1) by part (iii) of Lemma A2: data accumulation draws workers out of both oc-
cupations, whatever the value of v. Science supplies the majority if and only if 2Hgp > Hsg.
Substituting the Hessian entries of part (iii) of Lemma A2, this is
msp—m 1 1
(A7) TS — Do S -
detM £S ER

Condition (A7) is demanding whenever science is the smaller occupation. With &R > E,S, the
right-hand side is large and positive, so the science-data margin must be far denser than the
routine-data margin for science to supply most of the headcount. Absolute sourcing is thus

governed as much by occupation size as by taste correlation.

19Naturally, the results in the main body of the paper and the appendixes are exact results for the approximated
economy, rather than exact results for the underlying exponential-overlap economy.
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Proportional contraction. The comparison that survives this size effect is the relative one. Sci-
ence contracts faster than routine work in percentage terms when (-d&%* /dQ) /&5 > (-d&R* |dQ) | £,
that is, when Hgp &8 > (Hss—Hsp) &S, Substituting the Hessian entries, the firm-side terms 1/ R

and 1/ &S cancel against the shares that multiply them, leaving
fmsp > E¥mpp.

Condition (6) is markedly weaker than (A7) and, unlike it, is made easier by science being small.

It is the formal content of the statement that data accumulation cannibalizes science.

The role of v. A higher v lowers Var(ns —T]D) = 0‘% + GZD —2v050p, but this observation does
not sign either sourcing condition. The boundary masses mgp and mpg are evaluated at endoge-
nous wage thresholds and are truncated by the availability of the third occupation. In addition,
equilibrium wage premia and occupation shares respond to v. Consequently, the model im-
plies no general monotone relationship between v and either the science sourcing share or
the proportional contraction condition. I treat these as equilibrium objects to be disciplined

empirically.

C.4. The Constrained Planner Problem Statement

This section states the constrained planner’s problem underlying Section 4. The planner may
reassign workers across occupations, but cannot leave any worker worse off than under the
market allocation. She maximizes the utility of the long-lived owner subject to these participation
constraints. This is a constrained Pareto problem.

All quantities are in the per-firm units of Section 3. At each date, the planner chooses a mea-
surable assignment a; :1n — {8, D, R}, worker consumption c¢;(1n) >0, and owner consumption
cf > 0. The assignment determines

z(ar) = (S, Dy, Re) = LE[(1{ar(n) = S}, 1{a(n) = D}, 1{a:(n) = R})],

so Sy + D¢+ Ry = L. Given the market reservation utilities in (7), the planner solves

2
(A8) max ptcf
{ax,ct,Cf(}io tgo

subject, at every date, to the resource constraints

(A9) cf + LE[c;(m)] < e +7F (2(ar); I, Q)
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the worker participation constraints
(A10) Inc/(n) +n®™ > 7,(n)  for almost everyn,
and the stock dynamics

Ire1 = (1=07) I + XSt
(A1) W1 = (1-80w)w +ySP IS,
Qr=[1+$(N-1)]wy,

with Ip >0 and wg = 0. The transition constraints apply for 7€ {0,1}. The parameter X incorpo-
rates the per-firm normalization described in Section 3.

The market allocation is feasible. Set a; = a}"*, c;(n) = w?;n(n)’m, and cX = eK + v, Participa-
tion and resources then bind, and cf > 0.

For any assignment, the least consumption satisfying (A10) is Cft () (1) from (8). Because
the planner values owner consumption positively, participation and resources bind whenever

the assignment is feasible. Hence, after subtracting the common endowment, her objective is
2 2 o 2 v ar()
(A12) Yolef =Y p'el =3 o [ (@) 1 Or) - LE[ "™ (m)]].
t=0 t=0 =0

Section 4 does not solve (A8) globally. It asks whether the market allocation is locally optimal
for this planner. Since market owner consumption is strictly positive at every date, all sufficiently
small perturbations remain feasible. Equation (10) is the change in (A12) generated by a one-
date perturbation and its induced stock path. A positive change leaves every worker at her

market utility and makes the owner strictly better off.

Appendix D. Extensions

D.1. Data as a Byproduct of Output

Suppose data accumulates from output rather than quality:

wt+1=(1_6w)wt+yyt’ Y[=SEI§'R:P
All within-period results remain unchanged. Only the cross-period mapping in Corollary 1 is
affected. Since Dy =0, Ry = L— Sp, and wq =0,

dQ o
Sl oy ISP RY T (BRy -0 S0).

Q= 0y IERY, 5,
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Because period-1 equilibrium shares do not depend on I,

a5 m(ﬂl)d)vlésg‘l%"‘l (BRo-¥So).

Hence, in deep scarcity, more science at date 0 reduces the date-1 science share if and only if
B Ry > S, equivalently So < BL/(B +1) or wg > w(lf. If B Ry < Sy, the cross-period reallocation
reverses.

The transition gives routine workers, as well as scientists, a dynamic contribution. Define
k3= xAL+yBSPTHICRV AL,
KfzytbS?ItcR;p_l/\w, kP=o.
The stock values are those of Lemma A6, with the output-based transition.

PROPOSITION A2 (Local Wedges with Output-Generated Data). Adopt the output-based data law
and evaluate along the market path. Then:
(@) k3, x>0 forte{0,1}, and k5 = k§ = 0. Moreover;

L B _XPioo 0 (tefo,1)).

(ii) For every one-date market-boundary perturbation with a fixed-shares continuation,

S R
%‘ = [L K‘?& + de_at
de le=0 de de

At t = 1, every marginal flow into data engineering from science or routine work lowers
welfare. Every reverse flow raises it. Thus, data engineering is locally excessive relative to both
productive occupations.

(iit) Raise log earnings in science and routine work at rates sg = Kf/ wf and sg = Kf/wf. Art=1,
the induced equilibrium response raises the science share and lowers the data share. At t =0, it
raises the science share.

PROOF. The within-period problem is unchanged, so Lemma A5 applies. Under the new transi-
tion,

-1 -1
05,1 =YBS, IFRY, g @i =YOSPIFRY T, dp,wii =0,

The fixed-shares chain rule of Lemma A6 gives the two wedges. Their signs follow from the strict

positivity of the stock values at nonterminal dates. Since

S -1 2 R -1 2
Wy = BS? ItCR;I)[l _Tcpost,t]’ Wy :11)5?]5}{;]) [1 _TGpost,t]»
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the data components cancel after division by wages, which proves (i).

For (ii), the static derivative is zero by Lemma A5. Future compensation bills use the fixed
market assignments and are constant. The chain rule therefore leaves only the two displayed
stock effects.

For (iii), the earnings changes shift the science and data premia by (ss— sg, —Sg). Both sg— sg

and sg are positive. With the notation of Lemma A2, the equilibrium derivative is

d (&
de gtD

_ 1 [ Hpp(ss—sr)+Hspsr
o detH \-Hgp(ss—sr) - Hsssr

E=

The Hessian satisfies Hgs, Hpp, Hgp, det H > 0. Hence the first component is positive and the
second negative. At date 0, the two-occupation excess-premium equation is strictly decreasing

in the science share, so a higher relative science premium raises that share. O

I now study the model’s implications for automation when data is a byproduct of output.
When data accumulates from total output rather than quality alone, automation has starker
implications for misallocation. The reason is that the market misses the automation externality
generated by scientists and routine workers. The following results modify Proposition 7 and

Corollary 2.

PROPOSITION A3 (Data-Driven Automation and the Two Unpriced Margins). Adopt the output-
based data law and compare the baseline economy (M = 0) with the automated economy (M(Q) >
0 for QO > 0), at a common, exogenously fixed reference sequence of states and interior allocations
{(Is, ws, &5) } s>¢- Under the output-based law, the two economies cannot both generate the refer-
ence sequence from a common initial state, since w**° > w ?ffe
M(Qyg) > 0. Write ms = M(Qs) /R for machine intensity. For t € {0,1}:

(i) The science wedge unambiguously widens: Kf’“”m > Kf’b 45€_ All three ingredients rise with

at common allocations whenever

automation: the marginal value of ideas, the marginal value of data, and the data byproduct
of the marginal scientist, y3SP~1I°[R+ M]¥.
(ii) The routine wedge nets two opposing forces: automation raises the shadow value of data,

/\(t”’“”to > /\?‘)’b 4Se put lowers the marginal data byproduct of routine labor, ySP ISR+

M]¥~L. For t =1, a sufficient condition for kX > Kf’base is

1l)ln(1+ mg) > (1—1b)ln(1+ ml).

In particular, the routine wedge widens whenever machine intensity is nondecreasing, mp >
my, and\p > 1/2; and unambiguously so when automation only arrives next period (mj = 0 <

mp ). Absent such a condition, the direction is ambiguous.

PROOF. All objects are evaluated at the fixed reference sequence of states and allocations, so

the posterior variance and its derivatives coincide across the two economies at every date. With
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automation and the output-based law, Yy = S?ISC(RS + M(QS))‘p and wgi1 = (1-8y )ws+vYs,

so the per-period marginal values entering the recursions of Lemma A6 become
ot = CSP IS (Ry+ M) P [1- 102 551,
and
007E = T(~00 0205t s) SPIC (R + M)V 4+ (R + My) V1M (Q) SPIS[1 - 105041 o,

where M= M(Q;) and the second term of d g 7t¥ is the automation channel. At a common state
and allocation, each of these strictly exceeds its baseline counterpart whenever M; > 0 (the first
because (Rs+ MS)‘p > R;p, the second additionally because M’ > 0). The recursion coefficients are
weakly larger under automation as well. In the ideas recursion, the cross coefficient is py 07 Y
with 0;Ys = CS£5 IS_I(RS + M)V > CSL5 Ig_lR}b. In the data recursion, automation adds a term
absent from the baseline: because automated output depends on the current data stock through

M(Qys), the own-transition derivative is

OWsy1
oWy

= (1-84) + YW LIS R+ M(Q) ]V M (Q0) @ > 1-54,
strictly whenever M’ > 0: the automation feedback of data on its own accumulation. Since the
recursions are monotone in their ingredients, and every coefficient is weakly larger and every
per-period input strictly larger under automation, A»%% > /\{’b “€and AL /\?"base for
te{0,1}.

Part (i): 3 = xAL+ y[SS?_IItC(Rt + M;)Y AL, Each factor weakly rises and the multipliers
strictly rise, so Kf’“um > Kf’base.

Part (ii): k7 = yll)Sf’If(Rt + M)V IAL, and (R + M)V 1 < R;I)_l for1 € (0,1): the loading
falls while the multiplier rises. For t =1, /\‘1U =p® aQng in both economies (the additional

own-transition term above does not enter, since A§’ = 0), well defined as a ratio comparison

because T > 0 makes /\i”’b 45 50, and dropping the (positive) automation channel,
Aw,auto Ro + Mo\ W R,auto
. 27 2) W LN p-1 »

The right-hand side is at least one if and only if Y In(1+ mp) > (1 -1)In(1+ m; ), which delivers
the sufficient condition. The two special cases follow since 1 > 1/2 and my > my imply {In(1+
my)>PIn(1+my) > (1-1y)In(1+my ), and m; = 0 makes the right-hand side zero while my >0

makes the left-hand side strictly positive. O

The comparison is deliberately pointwise: along the two economies’ actual paths, the auto-

mated economy accumulates strictly more data at common allocations, and since the marginal
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information value 0 QT[E eventually declines in saturation, the actual-path comparison of multi-
pliers is not globally signed. The pointwise comparison isolates the technology effect at like-for-
like states. The cleanest content free of this caveat is the date-1 statement, where /\iU =p®o Qﬂg
requires only a common date-2 evaluation point. This contrasts with the quality-based baseline
of Proposition 7, where common allocations do generate a common state path.

The next corollary shows how automation and data accumulation in the deep-scarcity region
reinforce the notion that routine work cannibalizes itself. Intuitively, routine work generates the
data that enables its own displacement: as machines accumulate, routine workers flow toward

data processing, precisely because they enable data accumulation.

COROLLARY Al (Automation in Deep Scarcity Draws Talent from Two Unpriced Margins). Adopt
the output-based data law, and suppose the period-t equilibrium of the automated economy is
interior with (LEP, Q) € 84eeP Then, a marginal increase in ()¢ strictly raises the data share and
strictly lowers the routine share. At the nonterminal interior date t = 1, workers flowing into data
engineering come from routine work with certainty and possibly from science. At the terminal
date t = 2, the same within-period employment comparative statics apply, but all dynamic wedges

are zero.

PROOF. The equilibrium statement is Corollary 2, whose proof involves only the within-period
problem (premia, potential, and Hessian) and is therefore unaffected by the law of motion of
data, which matters only for the dynamic wedges. At ¢ = 1, the wedge statements follow from part
(i) of Proposition A2: Kf, Kf >0and K{) = 0. At the terminal date ¢ = 2, that proposition instead

gives Kg = K§ = KZD =0. O

D.2. Infinite-Horizon

This section extends the baseline three-period model to an infinite-horizon environment. The
purpose of the extension is to show that the paper’s model mechanisms do not rely on the finite-
horizon structure. Two central forces survive unchanged: (i) successful innovation increases
the data stock and, through this channel, the attractiveness of data engineering; and (ii) the
market continues to leave the dynamic contribution of scientists unpriced, because wages reflect
only current marginal products while scientists generate intertemporal spillovers through the
accumulation of ideas and data. Naturally, with an infinite horizon this wedge is strictly positive
at every date, since every period has a future. An extension with a closed-form characterization
of the entire dynamic system is left for future work.

There are infinitely many periods indexed by t=0,1,2,.... In every period, a generation
of mass L is born, chooses an occupation, works for one period, and then retires. Firms are
competitive, identical, and operate in a symmetric equilibrium.

The key observation is that the economy can be written recursively with state (I;, w;), where

Iy is the stock of ideas and wy is the firm-level data stock. I maintain the per-firm normalization
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of Section 3 throughout this section: (S, Dy, Ry) and L denote per-firm quantities, and x absorbs
the number of firms in the ideas law of motion. In the symmetric equilibrium, the aggregate
data stock is

Qr=we[l+d(N-1)].

Conditional on the inherited state (I, w;), the within-period equilibrium is exactly the same as
in the baseline model: firms choose labor demand taking (I, Q) as given, wages equal marginal
products, workers choose occupations according to the occupational-choice block, and the

resulting allocation determines next period’s stocks,

Iv1=(1=071) I +XSt,

Wery1 = (1—6w)wt+ySE’If

Since the intra-period equilibrium depends on (I;, w;) only through current marginal products,
Propositions 1 and 2 characterize the allocation state-by-state for any horizon.

The notion of information scarcity extends immediately to the infinite-horizon setting. It
is defined identically at any state (I, w), since the condition D¥Q!~*¢% < 02 depends only on
current allocations and the aggregate data stock. The same holds for the deep-scarcity region and
its closed form (by Lemma A1). Further, the single-peaked path for data employment established
in the main text is not a consequence of the economy ending in period 2: Proposition 4 is a
statement about the within-period equilibrium map &* (Q), which does not involve the horizon
at all, so it naturally applies here. The data share rises in Q up to the reallocation threshold Q, at
the deep-scarcity boundary, and declines beyond it, at any date of the infinite-horizon economy.

The local comparison requires the discounted output derivative to be finite. Bounded stocks
and uniformly interior market allocations deliver this property. Proposition 4 bounds the science
and routine shares away from zero along the market path. Market wages and compensation

requirements are therefore uniformly bounded.

LEMMA A7 (Uniform Bounds Along the Infinite Market Path). Fix p € (0,1) and initial conditions

In>0, wg=0. Then:

(i) along any feasible path, the stocks are bounded: I; < I = max{ly, xL/8;} and w; < ® =
max{wq, YLPI¢ /64 };

(ii) the infinite market path is well defined. The science and routine shares are uniformly positive.
All three shares and wages are uniformly positive for t > 1. The active date-0 wages are positive,
while w)™ = 0;

(iii) ¥ and LE[ Cf(n) (n)] are uniformly bounded over dates and assignments. Hence Y. ;o p*[7tF -
LE( C?(n) (n))] converges absolutely.

PROOF. Part (i): From Iy, = (1-87) I;+xS; < (1-81) Ii+XL, induction gives I ; < max{I;,xL/d1} <
max{Iy,xL/d;}. The data bound follows identically from yQ; < yLPI®.
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Part (ii): The path exists by Propositions 1 and 2. Proposition 4 gives uniform positive
lower bounds for the science and routine shares. Part (i) then bounds both stocks above. It also
bounds I; and w; away from zero for ¢ > 1. Hence Q; lies in a compact subset of (0, o0 ) for > 1.
Continuity and interiority of the equilibrium map give a uniform positive lower bound for the
data share on this set. The marginal-product formulas now bound all wages above and, for > 1,
away from zero. At date 0, the science and routine wages are positive and wé) = 0.

Part (iii): Let w"® = max, w?’m. For every occupation o,
" ax o 0 ax T]S—T]O T]D_no _no
/() < wi" exp{maxn? -n°} <w (e +é +e )
[0}

The wage upper bound is uniform by part (ii). Every expectation on the right is a Gaussian
exponential moment and is finite. Thus, compensation bills are uniformly bounded over dates
and assignments. This includes date 0: the reservation utility excludes data engineering, but
Cé) (1) remains finite. Output is uniformly bounded by part (i). Absolute convergence follows
fromp<1. O

Anchor reservation utilities at the infinite market path. For a one-date market-boundary

perturbation at date t, followed by fixed market shares, define
Weo,i(e)= . p* [ () - LE[ &M )]
s=t

Lemma A7 makes this series absolutely convergent.
The following proposition shows that the local result does not rely on a terminal date.
Innovation creates ideas and data, these stocks shape future wage premia, and market wages

omit the future benefits of scientific labor.

PROPOSITION A4 (Infinite-Horizon Local Welfare). Evaluate along the infinite market path. Then:
(i) At every date, the market assignment uniquely maximizes current compensated surplus.

(i) The fixed-shares stock values extend as absolutely convergent series, and
_ oAl B-170 AW
Ke=xA\¢+YBS; I;Ay >0  foreveryt>0.

The wedges on data engineers and routine workers are zero.

(iii) For every one-date market-boundary perturbation,

AW oo dgs
2ol = ptK,fLi .
de le=0 de le=0

(iv) Atevery date, a small compensated increase in science raises discounted surplus.

PROOF. Part (i): Lemma A5 is a date-by-date statement. It applies at every market state.

87



Part (ii): Fix market shares from date s onward and let

[e¢]
Ws([s, (.US) = Z pu_sﬂg.
u=s
Part (ii) of Lemma A7 places a tube around the market path on which 9;7f and 97l are

uniformly bounded. On this tube, the one-step transition Jacobian is

T - 1-9; 0
u- B -1 -5 ’
YCSuly 1-0w

Let r=max{1-0;,1-8w} < 1. Uniform boundedness of the lower-left entry gives
| Tsen-1-Ts] < C(n+1)r"

for some C < co. Hence the derivative of the nth discounted output term is bounded by C’(n+
1)(pr)™. This bound is summable. Differentiation under the series is therefore valid, and the
stock values are absolutely convergent and satisfy the recursions of part (i) of Lemma A6, without
a terminal condition.

One additional date-f scientist changes next-period stocks by (X, Y SE%IE). Thus,
~ -1 ~
Kt:xp?\{ﬂﬂxﬁsf pr?\‘t‘il 2xpamf+l >0.

Neither data engineers nor routine workers enter a transition, so their wedges are zero.

Part (iii): The proof of part (iii) of Proposition 5 applies. Downstream assignments and
compensation bills are fixed. Part (ii) justifies differentiation under the infinite sum.

Part (iv): Shift the date-¢ science premium as in the proof of Proposition 5. Then dE‘?/ de > 0.
Parts (ii) and (iii) imply a strictly positive derivative. O

Appendix E. Empirical Plausibility of the Deep Scarcity Region

This section develops the revealed preference argument summarized in Section 6 for placing the
US economy inside the deep-scarcity region §4eep of Section 3.3. This argument is not a direct
identification of the aggregate economy’s location in the model’s state space. Instead, it should
be seen as a suggestive exercise on the empirical plausibility of the economy being located in
the deep scarcity region.

I use the Epoch Al database, to extract LLMs training compute (FLOPS), dataset size (tokens),
and training costs in 2023 US dollars. Appendix Section B.5 provides additional details on the
data. Appendix Figure A3 presents six forms of evidence that LLMs are in information scarcity.
Panels A and C show that both training compute and dataset sizes have grown steadily since

2010. Panel B indicates that training compute increases as a power law in dataset size (slope =
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1.01) through 2020, with no evidence of saturation. This empirical relationship between inputs
is consistent with the scaling-law framework of Kaplan et al. (2020). Panel D provides direct
evidence that LLMs were data-starved as recently as 2022. Following Hoffmann et al. (2022),
the compute-optimal ratio is approximately 20 tokens per parameter (green dashed line). Most
models operated far below this frontier: GPT-3 used only 1.4 tokens per parameter, while Gopher
and PalM used 1.1 and 1.4 respectively—roughly 14 times below the optimal ratio. Panels E
and F complement this interpretation through cost data. Panel E shows training costs reaching
$100 million by 2024, with a mean exceeding $3.6 million for models trained since 2023. These
expenditures close the revealed preference argument in the following sense: they establish
that firms place a high value on frontier scale, of which data is one input alongside compute,
parameters, and architecture. On their own, Panels E and F do not separately identify the
marginal value of data. That role is played by Panels B and D, where the scaling relationship and
the token-per-parameter shortfall speak to data specifically. Panel F supports this interpretation
by showing a strong positive relationship between cost and compute (slope = 0.83), confirming

that high-cost models are indeed frontier models pursuing greater scale.

Appendix E  Additional Tables

89



TABLE Al. Regressions across firms, public firms, and local labor markets of contemporaneous
log data employment on past log science employment (no weights).

Level of Analysis All firms Public firms Local labor markets

@ 2 3) 4 (5) 6) Y] 8)

Log (Science employment) t-1 ~ 0.015***  0.015***  0.062*** 0.063*** 0.061*** 0.046*** 0.042*** 0.028***
(0.0050) (0.0049)  (0.015) (0.015)  (0.0072) (0.0070) (0.0072) (0.0070)
Log (Science employment) t-2  0.012***  0.012***  0.015 0.015  0.017***  0.010* 0.0093  0.0027
(0.0039)  (0.0039)  (0.011) (0.011)  (0.0057) (0.0056) (0.0058) (0.0057)
Log (Science employment) t-3  0.013***  0.014*** 0.010 0.013 0.023***  0.017***  0.017***  0.010*
(0.0038) (0.0037)  (0.010)  (0.010) (0.0053) (0.0053) (0.0056) (0.0056)
Log (Science employment) t-4  0.012***  0.014***  0.023** 0.021*  0.032***  0.028***  0.023*** 0.017***
(0.0038)  (0.0037)  (0.011) (0.011)  (0.0053) (0.0052) (0.0055) (0.0055)
Log (Science employment) t-5  0.0053 0.011**  0.033**  0.036*** 0.047*** 0.048*** 0.029*** 0.018***
(0.0045)  (0.0044)  (0.013) (0.012)  (0.0064) (0.0063) (0.0062) (0.0061)

Total employment controls v v v v v v v v
Firm FE v v — — — — —
GVKEY FE — — v s — — — —
NAICS 2-MSA FE — — — — s v v v
Year FE v — v — v — — —
NAICS 2-Year FE — v — v v — v
MSA-year FE — — — — — v v
Cumulative effect (5 lags) 0.057***  0.065*** 0.143** 0.148*** 0.181"** 0.149*** 0.121"** 0.077***
(0.011) (0.011) (0.030) (0.029) (0.015) (0.014) (0.014) (0.014)
Joint test p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Adjusted R-squared 0.91 0.91 0.96 0.96 0.94 0.95 0.95 0.95
Observations 123,532 123,381 11,822 11,822 61,671 61,671 61,671 61,671

Notes. Standard errors, in parentheses, are clustered at the firm level in columns (1) and (2), the GVKEY level in
columns (3) and (4), and the NAICS 2-MSA level in columns (5), (6), (7), and 8). ~, ,and correspond to rejection
of the null that the coefficient is zero, at the 1%, 5%, and 10% levels, respectively. The dependent variable is a unit
(firm, public firm, or local labor market) log data employment in year t. The independent variables are lags at
t-1,t-2,t-3, t—4, and t-5 of the log science employment. In all regressions, I control for the log of the total
employment of the unitat ¢, -1, t-2, t—3, t—4, and t—5. The benchmark specification, in columns (1), (3), and (5) is
log (data employment); , = Z§=1 bslog (science employment); ,_(+ Z§=0 ¢s log (total employment); ,_ + g+ di + ;.
g; are unit fixed effects, d; are year fixed effects. In columns (2), (4), and (6), I include industry-year fixed effects. In
columns (7) and (8) I include MSA-year fixed effects, and both industry-year fixed effects and MSA-year fixed effects,
respectively. Units must have at least 10 workers to be included in columns (1), (2), (5), (6), (7), and (8). Regressions
are unweighted. The sample period is 2000-2022. Go back to main text.
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FIGURE A3. Large language models dataset size, performance, and investment

This figure documents patterns on LLMs training compute, dataset size, and training costs between 2010 and 2024.
Panel A shows training compute for models published between 2010 and 2024. Panel B reproduces Kaplan et al.
(2020) scaling laws for models trained between 2018 and 2020 (n=105). Panel C shows training dataset sizes for
models published between 2010 and 2024. Panel D plots training tokens against model parameters, with the green
dashed line indicating the compute-optimal ratio of 20 tokens per parameter from Hoffmann et al. (2022). Panel E
shows training costs in 2023 US dollars for models published between 2012 and 2024. Panel F plots training costs
against compute for all domains, with language models highlighted in blue. I specifically report GPT-3 175B (OpenAl,
2020) through several panels as reference, as well as Chglichilla 70B (DeepMind, 2022) for optimal dataset size in
panel D. Go back to main text.



TABLE A2. Regressions across firms, public firms, and local labor markets of contemporaneous
log data employment on past log science employment using NAICS 4 industries.

‘Weighted Regression? Yes No

@ 2 3) @) (5) 6) @ ®)

Log (Science employment) t-1 = 0.045***  0.028***  0.035***  0.021***  0.044*** 0.032*** 0.031*** 0.019***
(0.0078)  (0.0057) (0.0076) (0.0054) (0.0045) (0.0044) (0.0046) (0.0045)
Log (Science employment) -2 0.015***  0.014***  0.011**  0.010**  0.016*** 0.014*** 0.011***  0.0071*
(0.0048)  (0.0040) (0.0048) (0.0040) (0.0036) (0.0036) (0.0037)  (0.0036)
Log (Science employment) t-3 ~ 0.012***  0.010***  0.012*** 0.0097** 0.018*** 0.016*** 0.014*** 0.010***
(0.0045)  (0.0038) (0.0045) (0.0039) (0.0036) (0.0035) (0.0036) (0.0036)
Log (Science employment) t-4  0.0096**  0.0092**  0.0064 0.0061  0.018*** 0.017*** 0.013*** 0.0088**
(0.0046)  (0.0039) (0.0046) (0.0040) (0.0035) (0.0035) (0.0035)  (0.0035)
Log (Science employment) t-5  0.025***  0.030***  0.019***  0.021*** 0.038*** 0.045*** 0.030***  0.027***
(0.0064)  (0.0049) (0.0063) (0.0048) (0.0041) (0.0040) (0.0040)  (0.0040)

Total employment controls v v v v v v v v
NAICS 4-MSA FE v v v v v v v v
Year FE s — — — v — — —
NAICS 4-Year FE — v — v — v — v
MSA-year FE — — v v — — v v
Cumulative effect (5 lags) 0.106***  0.091***  0.083***  0.068*** 0.134*** 0.123*** 0.099*** 0.072***
(0.019) (0.013) (0.018) (0.013) (0.010)  (0.009)  (0.010) (0.010)
Joint test p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Adjusted R-squared 0.97 0.98 0.97 0.98 0.92 0.93 0.93 0.93
Observations 125,916 125916 125,916 125916 125916 125916 125916 125,916

Notes. Standard errors, in parentheses, are clustered at the NAICS 4-MSA level. ***, **, and” correspond to rejection
of the null that the coefficient is zero, at the 1%, 5%, and 10% levels, respectively. The dependent variable is a unit
(local labor market) log data employment in year ¢. The independent variables are lags at -1, £ -2, t -3, t— 4, and
t-5 of the log science employment. In all regressions, I control for the log of the total employment of the unit at ¢,
t-1,¢-2,t-3, t-4, and r-5. The benchmark specification, in columns (1) and (5) is log (data employment); , =
zi’:l bs log (science employment); ,_ + Z?:o ¢s log (total employment); ;¢ + g;+ dr + u;;. g are unit fixed effects, d;
are year fixed effects. In columns (2) and (6), I include industry-year fixed effects. In columns (3) and (7), I include
MSA-year fixed effects. In columns (4) and (8), I include both industry-year fixed effects and MSA-year fixed effects.
Units must have at least 10 workers to be included in the regressions. Regressions in columns (1), (2), (3), and (4) are
weighted by their employment level in the first year they appear in the panel (entry weight). Regressions in columns
(5), (6), (7), and (8) are unweighted. The sample period is 2000-2022. Go back to main text.
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Appendix G. Additional Figures
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FIGURE A4. Share of data Occupations and compensation by cohort and year since graduation

This figure documents cohort-level patterns in data occupation choice. A cohort is defined based on the year an
individual obtains their first degree. In this figure, I focus on the fields of mathematics and statistics. The data share is
count of data positions,

defined as data share,x = count of data positions, . +count of science positionstzx+count of routine positions, ,
in year ¢ and observed x years after graduation. Panel A plots the share of workers in data occupations by cohort and
years since graduation. Lines show cohorts graduating in 2000 (blue), 2005 (orange), 2010 (green), and 2015 (purple).
Each line traces the data share from year 0 to year 22 post-graduation, conditional on the cohort being observable.
The maximum year covered is 2022. Panel B plots the data premium by cohort and years since graduation. Lines
show cohorts graduating in 2000 (blue), 2005 (orange), 2010 (green), and 2015 (purple). Each line traces the data
premium from year 0 to year 22 post-graduation, conditional on the cohort being observable. The maximum year
covered is 2022. The sample period is 2000-2022. Go back to main text.
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FIGURE Ab5. Total outflows from university science

This figure plots total annual outflows from university science - defined as positions in NAICS 61 (Educational
Services) held by individuals in science occupations - to any other industry. For each year, the outflow rate is
expressed as the share of the university-science stock in the prior year that had transitioned to a non-university

: it . _ count of workers in NAICS 61 science at t—1 observed outside NAICS 61 at ¢
(private-sector) position by the current year: Outflow; = count of seorkers fn NAICS 81 scionce at (-1 .
The sample period is 2000-2022. Go back to main text.
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FIGURE A6. Outflows from university science to top destination industries

This figure plots annual outflows from university science - defined as positions in NAICS 61 (Educational Services)
held by individuals in science occupations - to the four largest destination industries: Manufacturing (NAICS 31-33,
blue), Professional Services (NAICS 54, orange), Information (NAICS 51, green), and Finance (NAICS 52, purple).
For each year and destination, the outflow is expressed as a percentage of the university-science stock in that year:

Outflow to k= <ount DfQ’ZJ‘ZIIrll‘f;Sf‘Vf]’OI;IQICSSH? %\f}fl‘gsl%elas‘cgr}cznﬁ Al katt The sample period is 2000-2022. Go back to main

text.
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FIGURE A7. Growth in occupation mix of university-science leavers by destination industry

This figure plots the growth in the occupation mix of workers leaving university science - defined as positions in NAICS
61 (Educational Services) held by individuals in science occupations - within each of the four largest destination
industries: Finance (NAICS 52), Information (NAICS 51), Manufacturing (NAICS 31-33), and Professional Services
(NAICS 54). For each destination industry and each occupation category (data, science, technical engineering,
physical engineering, finance, or other), I compute that occupation’s share of university-science leavers entering
the industry in each year, apply a 3-year centered moving average, and index the resulting series to 2005 = 100.
Occupation categories are based on Revelio Labs’ standardized occupation codes. Appendix Section B.2 provides
detailed definitions. The sample period is 2000-2022. Go back to main text.
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FIGURE A8. Occupation mix of university-science leavers by destination industry in levels

This figure plots the occupation mix of workers leaving university science - defined as positions in NAICS 61
(Educational Services) held by individuals in science occupations - within each of the four largest destination
industries: Finance (NAICS 52), Information (NAICS 51), Manufacturing (NAICS 31-33), and Professional Services
(NAICS 54). For each destination industry, the left panel shows the share of university-science leavers entering each
occupation category (data, science, technical engineering, physical engineering, finance, or other) as a percentage of
total leavers to that industry, smoothed with a 3-year centered moving average. The right panel isolates the share of
university-science leavers entering data occupations in9fat industry. Occupation categories are based on Revelio
Labs’ standardized occupation codes. Appendix Section B.2 provides detailed definitions. The sample period is

2000-2022. Go back to main text.
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