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Abstract

Data assets are increasingly vital in modern economies, yet macroeconomic mea-
surement is not well-adapted to capturing the value of a data economy. Part of the
problem is that data is an invisible, intangible asset. Investments in this asset are
missed in national accounts and losses due to depreciation are missing in firms’ bal-
ance sheets. The other half of the problem, unique to data, is that data is a means of
payment in the modern economy. Consumption is under-valued when we count only its
monetary price and not the value of the data bartered as part of the transaction. Using
evidence on the quality of firms’ revenue forecasts to measure data, new measures of
data depreciation and asset pricing techniques to capitalize its asset value, we explore
what measured GDP would be if data were treated similarly to a physical asset. Our
findings suggest that the aggregate value of data has increased substantially and is
currently between 5-8% of GDP. Data value is of the right magnitude to explain the
productivity slowdown puzzle.

In the digital economy, data has become one of firms’ most valuable and essential assets.
The speed of growth of digital technologies leads to the conjecture that the value of data has
grown immensely. It is also thought to primarily benefit large firms, exacerbating problems
with market competition. Despite its growing economic importance, measuring the aggregate
value of firms’ data and its distribution remains elusive. Data is more highly valued than
ever because it is the fuel for artificial intelligence (AI). Missing the value of data leads
economists to underestimate output and productivity growth. Our objective is to quantify

the value of missing GDP and determine how much of the measured productivity slowdown

and rise in profits can be attributed to data.
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Data plays three distinct roles in modern economics that show up in national accounts
and firms’ profits: 1) Data is a factor of production. It makes firms more productive by
minimizing mistakes; it is monetized, often as advertising, or is sold directly. This activity
is measured with standard approaches. 2) Data is an asset that requires costly investments
and depreciates. This role of data is not typically captured and is similar to other intangible
assets. 3) Data is bartered. Customers compensate firms, in part, with their data. This
value, unique to data, distorts both national accounts and firm profits.

Understanding the aggregate value of data assets can help policymakers design privacy,
tax and regulatory frameworks that promote competition, innovation, and responsible data-
sharing practices. Improved valuation of firms’ data assets can improve financial market as-
sessments and corporate valuation models. This is particularly relevant as data-driven busi-
ness models become increasingly dominant, challenging conventional valuation techniques
that were primarily designed for tangible capital.

At its core, Al is a prediction technology, fueled by data (Agrawal et al., 2018). Firms
use data to predict demand, costs, inventories, advertising effectiveness, and competitors’
strategies (Goldfarb and Tucker, 2019). Since data is the fuel for prediction technologies, we
put firms’ predictions at the center of our analysis: Firms use data, in part, to forecast their
future revenue. Therefore, we quantify the value of data based on improvements in firms’
forecasting accuracy. We then leverage estimates of the relationship between firms’ forecast
errors and their profits to infer the value of data (Asriyan and Kohlhas, 2024). This approach
does not imply that data is only used for revenue forecasting. Our approach recognizes that
data is an input into many firm predictions. Firms with more or better data can predict
many things well — including revenue. The observed correlation between revenue forecast
errors and profits is not causal, either in the data or in our model. It captures the benefits of
many accurate forecasts a firm with good data can make. The correlation between revenue

forecast errors and firm profits captures both the broader productivity benefits of data and



the improvement in forecasting that results from firms’ growth.

A key contribution of the paper is to capitalize the value of data as an asset. That
means we consider not just the value stream derived from an amount of data today, but
the flow of value derived from that data in the future, discounted appropriately. When we
capitalize data value and study its evolution, we learn that two forces are leveling the data
playing field: diminishing returns to data and depreciation. (Data purchases may also level
the playing field. We consider that separately at the end of the paper.) The first effect
comes from recognizing that data fuels predictions. It reduces prediction errors. However,
expected squared prediction errors are bounded below by zero. This naturally gives data
diminishing returns. The fact that the tenth data point reduces forecast errors much more
than the millionth is a force enabling medium-size firms to catch up with larger ones. The
second comes from the particular depreciation rate of data. We find that firms with large
data sets suffer more from data deprecation. Because their forecasts are so precise, changes
in the state increase their forecast errors proportionately more. We find that these two forces
contribute to the catch-up we observe in mid-sized firms’ prediction errors relative to those
of large firms.

Our findings suggest that conventional measures of firm investment systematically un-
derestimate the true value of internally generated data, particularly for large firms, but
non-trivially for smaller firms as well. Since standard accounting practices often fail to
recognize this data as an investment, the economic impact of future data-driven decision-
making remains obscured in firm valuations and national income accounts. By providing
a market-based approach to valuing data, our study contributes to ongoing debates on the
role of intangible assets in economic growth and firm productivity.

The paper proceeds as follows: Section 1 describes the model that serves as our framework
for measurement. Section 2 discusses how to take the model to the data and the unique

properties of data mismeasurement. Section 3 measures the different sources of data and



their dynamics. Section 4 uses these measures and present the value of new data and the stock
of data in the economy, with the implications for GDP and firm value mismeasurements.
Section 5 applies this methodology to heterogeneous firms and presents preliminary evidence

of the role of firm size. Section 6 discusses future and work policy implications and concludes.

Related literature Many papers have explored the value of data barter for free digital
goods (Nakamura et al., 2017; Brynjolfsson et al., 2019b), modeled mechanisms through
which data can affect output and welfare (Farboodi and Veldkamp, 2021; Asriyan and
Kohlhas, 2024; Eeckhout and Veldkamp, 2023; Jones and Tonetti, 2020), and estimated
the increase in firm value attributable to data and AI (Abis and Veldkamp, 2021; Eisfeldt
et al., 2023). In contrast, this paper takes a national income accounting approach to simul-
taneously measure the value of data as a means of payment (data barter), as an asset of a
firm that needs to be capitalized and that depreciates, as well as a means to increase firm
productivity and output. The result is an improved understanding of the observed trends in
output, productivity and profits, as well as a strategy to improve firm valuation and GDP
measurement that closely follows current practice for tangible assets.

The most closely related papers are as follows. Asriyan and Kohlhas (2024) measure
firms’ revenue forecast errors and show that these errors are reasonable measures of firms’
data. They correlate with firms’ profits and productivity. Furthermore, they establish a
relationship between forecast errors and firm size, both in a model and in data. Similar to
the analysis at the end of our paper, Jones and Tonetti (2020) explore the optimal amount of
data sales, while we attempt to value measured data sales, which may be far from optimal.
Begenau et al. (2018) model the data of large and small firms, but with a focus on their
financial data. We build on this work by distinguishing between internally generated (or
“own”) data and purchased data, quantifying the value of data as a means of payment and

capitalizing the data flow to value data as an asset.



The economic value of data has been a growing focus in recent research, with multiple
strands of literature contributing to our understanding of its impact at the firm and macroe-
conomic levels. While prior studies have examined the role of intangible assets broadly
(Crouzet et al., 2022; Eisfeldt et al., 2020) and proposed various methodologies to quan-
tify the value of data, this paper introduces a novel approach: It recognizes that the data
transferred from consumers to firms in the course of a transaction has value that should be
counted as part of the transaction. This method contrasts with existing work because it
acknowledges that not only is data a valuable asset, it is also a means of payment.

Data is a specific example of an intangible asset with its own mis-measurement literature.
Crouzet and Eberly (2018) and Corrado et al. (2016) examine intangible assets as a broad
class that includes brand equity, personal relationships, goodwill, and patents. Hulten and
Hao (2008) explore how the mismeasurement of intangibles distorts economic indicators and
propose methodologies to impute the value of software and R&D, an approach extended in
Hulten and Nakamura (2020). However, data is distinct from these other assets because it is
generated as a by-product of economic activity. As such, it is a good candidate for explaining
the strategic advantages of large firms that generate lots of data by participating in a large
number of transactions. At the same time, data depreciates differently from other assets.
This is at the heart of the trade-off we explore and is unique to data.

Many papers have noted the mis-measurement of GDP that arises from the digital econ-
omy and proposed remedies. Nakamura (2010) highlights that many data-related investments
are expensed rather than capitalized, leading to an underestimating GDP. He suggests im-
puting the value of free digital services based on consumer willingness to pay, an approach
later extended by Brynjolfsson et al. (2019a), who estimate the consumer surplus generated
by digital goods. Their findings suggest that traditional GDP metrics significantly underes-
timate welfare gains in data-driven economies. However, these consumer-centric approaches

do not address the firm-side valuation of data assets. Nakamura et al. (2017) advocate for



developing satellite accounts to systematically track data-related investments, an approach
that complements traditional national accounts. While such methodologies have been applied
in pilot studies, they remain limited in scope and are not yet widely implemented. Syver-
son (2017) investigates whether digital services could explain the productivity slowdown but
finds that the discrepancy would need to be implausibly large to account for observed trends.
Finally, internal presentations by the Bureau of Economic Analysis have proposed data mea-
sures based on the cost of recording, organizing, and maintaining databases Calderén and
Rassier (2022). However, since customers often provide data as a by-product of economic
activity, a cost approach is likely to miss much of data’s value.

A distinct body of work explores how data boosts firms profits. Brynjolfsson and McAfee
(2014) document significant productivity enhancements at the firm level due to data utiliza-
tion. Their findings underscore the firm-level importance of data but do not provide an
economy-wide valuation. Tambe et al. (2021) infer the value of data assets by analyzing hir-
ing patterns and identifying the skills of data-complementary workers, offering an indirect
approach to measuring data’s impact on firms. Hulten (2010) provide a case study on Mi-
crosoft, demonstrating that the company’s valuation is almost entirely driven by intangibles,

likely including proprietary data.

1 A Framework for Data Measurement

At its heart, this is a forecasting model. It is not a production economy with equilibrium
prices. It is simply a device to organize measurements of forecasts and profits to help us
distinguish and value various types of information. Since firm interactions are not our object
of study, we study an individual firm ¢. Later, we add back multiple firms and consider how

to aggregate them.



Costs and Revenues: Time is discrete and infinite. There is a continuum of competitive
firms indexed by 7. Each firm produces y; units of a final good using capital, according to

the following production function

. X'
Yir = kiy-

Each unit of production is characterized by an uncertain “state”, which we denote by 6;.
The state captures, for instance, characteristics of the good that all customers value at time
t (design, availability, adaptability, etc). We can then define a state-adjusted unit of the
good as A;, which only depends on the period (a market characteristic) and not on the firm.

We assume

A, = A+ bo, (1)

Importantly, the firm can charge per unit of the good “in cash” or “in data”, P, =
Pft + P/}, The payment in cash is the standard monetary transaction. The payment in data
is information that the firm obtains from selling the product and can be useful to improve

forecasts but not compensated monetarily. We normalize the price of the good by P, = 1.

Hence we can write the monetary revenues of the firm as

Riﬂg = ]DtAtkjgt - Pt(A ‘l— b@t)k’fft. (2)

The cost of production also depends on the realized state, as the firm needs to adapt
production to satisfy the characteristics valued by costumers at period t. We assume the

cost function per state-adjusted unit of production net of rental capital is,

cip = PO, + y(aiy — 0;)°

First, the unit cost depends on the realized characteristics valued by costumers, with a higher

0; generating more revenues but also more costly to produce. Second, the cost also depends



on how well the firm targets the state. When firms take actions that are not well-aligned
with the profit state 6, its unit costs are higher.

Assuming the rental rate of capital is ry, total costs are
Ci,t = Ci,tkicft + T’tk@t = (bet + ’}/((]J@t — 9t>2)ki0jt -+ T’tkiﬂg.

We assume that A, b, o and v are known parameters. Since b is equivalent to normalizing
units of variance and does not affect our estimates, we assume b = 1 henceforth.

Now we can define per-period unit profits net of capital cost as
Tir = A —y(ai;s — 0;)?

and total profits as
I = Wi,tkfft —rkiy (3)

Information sets The state is the combination of a “fundamental” component, @\t, which
is forecastable, and a “transitory” component 7, which is nonforecastable. More precisely,

the state at time t is determined by
0 :§t+77t, M NN(07072;) (4)
Assume 8, comes from an AR(1) process with normally-distributed innovations:
Orir = PO + € err1 ~ N(0,02), (5)

for 0 < p < 1. This structure implies that in each period ¢, the state is normally distributed:
; ~ N(0,¢7'), where ¢ is a function of the parameters in (4) and (5).

We assume that each firm has an information set Z;, which contains data that helps the



firm forecast ét, the forecastable part of the profit state. When combined optimally with an
algorithm, this data can be used as a signal s; about #; that has normally distributed signal
noise: s; = 0, + &, where & ~ N(0,771).

In addition, we allow for the firm to have data from a data seller or platform. That data
also has normally-distributed noise. By Bayes law, it can, therefore, be aggregated into one
signal that provides data of precision 1 to the average firm. Given that 7, is a nonforecastable
transitory shock, forecasting revenue is the same as forecasting the fundamental component

plus some mean-zero noise.

Model Solution The firm chooses a sequence of state-contingent production to maximize

(1+7)7E [(A— 7y (ai, — )2k, — rki| T - (6)

t

The firm uses its prior about 6, and its data, represented by s; to take the expectation
of the objective function (6). The firm’s first-order condition dictates that the action that
maximizes the expectation of that objective is a;; = E(6;|Z;). Thus, the objective consists
of minimizing the expected squared forecast errors (E(6;|Z;) — 6;)* about a state 6;. The

expected squared forecast error is, by definition, a conditional variance.

1
VCLT’(HJIO = m, (7)

which depends on prior variance ¢, data generated as a by-product of their activity with
precision 7, and data purchased in the market with precision .

How good this expectation is taken determines the marginal return of investing in capital
and, hence, the choice of capital and total production. Here, we shut down the potential

spiral that more production also generates more data; this is s;; is not a function of k; ;.



Belief updating: Applying the Kalman Filter Since firms know their capital decision,
forecasting total revenues is the same as forecasting per unit revenues, for which only the
state 0, is uncertain. First, we need to derive prior beliefs and variances for the dynamic
model state using Bayes law. Given the linear revenue function, those are the same as the
mean and variance of the revenue, up to a constant. Then, we update beliefs with the new
data firms observe.

The prior mean and variance of revenue per unit of production are A + E[0;|Z;] = A +
E[0,Z;] and Var[0,|T;] := Var [@;\It] + 07, where 7, represents whatever information set the
firm has at the start of time ¢.

Next, determine today’s forecast and variance of tomorrow’s state. Taking the mean and

then the variance of both sides of (5) once combined with (4), we get

Elbin|T) = pE6|T], (8)

Varlfeq|Z,) = p*Varl0|Z,) + o2, (9)

Equation (9) tells us the conditional variance of the forecast of future state ét+1, con-
ditional on the information known at the start of time ¢. A conditional variance is not a
measure of the volatility of étﬂ. Rather, it is a measure of uncertainty. It is the expected
squared forecast error: Var[0,1|Z;] := E[(0i1 — E[0]441|Z:]))%|Z]. Tt reveals how inaccurate
our forecasts are. In Bayesian language, this is a prior variance of 6, .

If new data is used to forecast étH with normally-distributed noise, then Bayes’ Law
says that we can combine that data and represent it as a signal about tomorrow’s state
Sp = ét—i—l + €4, with ey ~ N(0,02). The firm will also observe time-t revenue at the end of
period t. In other words, Z; 1 = {Z;,60;, s;}. The information the agent will have to make
decisions tomorrow is the information available today, plus the new revenue and the new

data observed at the end of period ¢t. This construct assumes the data is informative about
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0,1 but has noise that is independent of the previous noise in the stock of data.!
Observing the revenue 6; is a signal about the unobserved state ét, with signal noise
variance equal to 2.
According to Bayes law for normal variables, the posterior precision of the estimate of
ét+1 is the sum of the prior precision and the precision of both the new data and the revenue

signal. In other words,

Var(Op | L)™' = [pQVar[ét]It] + 062] +0,° 40,7 = Q1 (10)

Recall from (6) that the firm’s objective depends on the conditional variance, or expected
squared forecast error, not of the state é, but of the revenue 6;, which is the state, plus

transitory, unforecastable noise. Thus firm revenue depends on

-1
Var(0:1Zi1) = HpQV(LT[ét Z:]) + 03] +o.%+ 08_1 +o.=Q. 4 40l (11)

Define the stock of data to be €, := Var[0,|Z;]~'. We define Q with the inverse because
this lends itself to interpreting €2, as the stock of data. A lower variance or more accurate
estimate means we have more data about @ Identically, one period ahead we can define
Qi1 = Var[étﬂ 1Z;,1]7", as defined in equation (10). Using this definition in equation (11),
Var(0p1Tiv1) = Qi + 0727.

We can invert this expression to get the firm’s stock of data, as a function of ag, which

we can estimate and the firm’s revenue forecast variance Var(0;11|Z;11):

Q. =Var(0p1|Li) — o;

'If new data were correlated with old data, we could want to count only the part of the new data that
constituted independent information. In a simple case, this might be accomplished by regressing new data
on old data and using the residual to form s;.
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2 From Model to Measurement

2.1 Data Barter

Even though we normalize the total price of the good to one, its composition will be en-
dogenous and determined by the value for data to the firm from selling the unit of good.?
If selling the unit generates data that is very valuable to reduce forecast errors and target

good production more effectively, then it will charge less in cash, this is

Pftzl—PQ

2y

2.2 GDP Accounting

How does this data value in the model correspond to measured macro aggregates? How does
it show up in the mismeasurement of GDP?

2.2.1 Expenditure Approach

Under the traditional expenditure approach, GDP is defined as the sum of all expenditures:
GDPep =C+1+G+ NX,

where C' is total Consumption, I is Investment, G and NX = X — M are Government
Expenditures and Net Export, respectfully. These figures are measured by their market
monetary prices.

Our economy produces final goods and data (a type of capital). Define real output and

2This discount assumes that the costumers can fully capture the value of the data its transaction provides.
The challenge next is to determine what is the value of new data that is deducted from the value of goods.
In the other extreme, if the firm does not compensate costumers from the value of data they provide, the
firm is able to charge fully for its good, i.e., Pf;t =1.
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the value of data as

Y =) mik (12)

D =Y PPk (13)

Consider the following thought experiment: Some food, which is worth $1, is exchanged
for data, which is also worth $1, as a pure barter trade. Imagine both are final goods. No
money changes hands. What should this exchange add to GDP? If the food were sold first
and the buyer paid $1 and then the data were sold as a separate transaction, then the total
price times quantity of both transactions would be $2. That is the total value exchanged.
Since the sequencing or purchases should not matter, the barter trade, ideally, should also
be counted as twice the value of the good exchanged.

This is, however, not how GDP is measured in practice, but instead, using the monetary
prices of final goods. The only good exchanged in the economy is the final good, for a market
value of Y, PPmk¢ = Y — D. Investment on data, on the other hand, is not recorded as a
transaction for its value D. Hence the mismeasured value of data in GDP is 2D. If customers
were not compensated for the value of the data they provide, the value of the good would
be correctly measured by its monetary value but still data would be not measured since the
transaction is still missing, and then GDP would be mismeasured only by the missing value
of the data investment, D.

The correct formulation of GDP inclusive of data, is:

GDperected — (C' 4 D) 4 (I + D) + G + NX,

exp

Notice that under this approach, GDP is undermeasured for two D (value of generated
data), and for two motives. One is consumption bartering, under which the monetary value
of consumption is D less than the true value. The other is intangible investment, as the

investment in data with value D is not recorded as generated in the economy. This is an
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important distinction. If consumers were not compensated by data (no bartering), then only

one D would be mismeasured, as standard with intangibles.

2.2.2 Income Approach

Under the traditional income approach, GDP is defined as the sum of all factor payments

plus allowances for capital consumption:

GDPie = wL + rK + 11 + 65 K,

where wL denotes labor compensation, rK rental return to reproducible capital, II pre-
depreciation corporate profits, and dx K consumption of fixed capital. Because firms report
profits net of depreciation, adding back dx K simply yields gross profits.

The correct formulation of GDP using the income approach, inclusive of data, is:

GDpeorected — oL+ rK + (II+D —6pSD_1) + D+ 0xK + 6pSD_1,

mc

where 0pSD_; is the depreciation of the accumulated stock of data capital. Notice that since
data depreciation is both added and subtracted, it does not contribute to mismeasurement.

The first time the value of data D enters into a correctly measured GDP is through the
correct value of the firms. The true profit of firms are adjusted for two reasons. First, they
should be larger because of bartering firms fail to record the value of their sales are indeed
higher by D. Second, firms should deduct the depreciation of their data. The second time
D enters is as payments for data to consumers, who generate data by transacting and sell
that data to firms.

One might ask: If the firm needs to pay customers for data in the unbundled transaction,
why isn’t this cost of data purchase subtracted from their profits? Think of this as if this is a

firm buying a physical asset. In the income approach to GDP, the purchase cost of an asset
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is not subtracted from firm income. Instead, it is amortized, meaning that its depreciation
value is subtracted from gross profits in the future to arrive at net profits and then added
back. The idea is that purchasing an asset is not a loss of value. It is a transfer of a valuable
asset from one party to another, in a way that does not affect GDP. Depreciation makes a
firm less valuable. But it does not imply that less value of goods and services was produced.
Thus, neither show up in the national income accounting approach to GDP.

As with the expenditure approach, GDP is undermeasured for two D (value of generated
data), and also for two motives. One is consumption bartering, under which firms values
are underestimated. The other is intangible investment, as consumers should have been
compensated for selling their generated data. This is that important distinction arising
again: If consumers were not compensated by data (no bartering), then only one D would

be mismeasured, as standard with intangibles.

2.2.3 Firms’ Valuations

The previous discussion shows clearly that also firms values are mismeasured. However, the
extent of bartering is critical in determining whether this mismeasurement whether firms
are over- or under- valued. When there is bartering, firms’ values are undermeasured by
D — 6pSD_;. This is an issue only outside the steady state, since in steady state D =
0pSD_;. Firms are undervalued when data grows, and overvalued when it declines. If there
is no bartering, however, firms are always overvalued, since firms report more profits than

what should if they would deduct the depreciation of data épSD_;.

2.3 Data Depreciation

Rewriting equation (11) in terms of stock of data, we get

Var(0p1|Zi1) = [[,029;1 +0?] B o’ +oi=0.4+ 0,27,
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which maps the time-t stock of data €);, into time-t 4+ 1 stock of data. That law of motion
says that we take the stock €2;, depreciate it by transforming it into (p?Q; ' 4+02)~! and then
add on the flow of new data. New data is like the new investment in the data stock. This

implies that for data, the depreciation rate is
G=1—(p"+02)7" (14)

This depreciation rate teaches us that if the AR(1) process for the unobserved state is
highly volatile (high o), or if the stock of data is large, then data will depreciate more

quickly.

2.4 Capitalizing the flow value of data

We can now write the expected per-period profit from the objective (6) as an explicit function

of data stock as
E[(A =7 (aiz — 00)°)kS, — rkig|T]) = m(Qu )k, — vk (15)

where we define m(Q;}') = Eq, ,(m,) = A — ~(Var(0|L;) + o) = A—y(Q) +0d).
The optimal sequence of capital investment {k;:} then solves the following recursive

problem:

V(i) = max (@ )kf, — rhig + (14+7) 7 V(Q ). (16)

This specification collapses into a deterministic problem with choice variable k;, and state
variable ;. Given a stock of data €);;, optimal capital choice in period ¢ is given by

oz7r(§2i—7tl)l€0‘*1 = r. Hence,

ke = [—M(%l)] B

Notice that (£;}') is linear in ;' with a negative sign. A reduction of one unit €' (an
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increase in the stock of data or a reduction in forecasts errors) lead to more productive

capital and an increase in the firm’s scale.

2.5 Approximating the Missing Data Value

As mentioned above, 7(€2;}) is linear in Q. A reduction of one unit ;} leads to an

increase in 7y units in per-unit of production flow profits. We can linearize total profits
(kS — rhiy = (;) T Q)™ — ()
Linearly approximating the total profits (around no variance, this is around € L =0)is
W(Q;tl)szft — ki & I+ ﬁQZtl

- - < _a_ o ~
where TT = MATs and # = —=MAT-e <0, with M = [(%)1*‘* —r (%)1*] and A =
A— 'yaz. Notice that this is linear in the forecast errors, hence negative.

Then we can approximate (17), imposing the optimal amount of capital as
V(Q:)) = T+ 79 + (14 7)7'V(Q L) (17)

To value a firm’s data, consider a firm that does not add any data to its stock in any future
period. The value of that firm is the value of its current data. For a firm that adds no new
data, the future data stock is the depreciated current data stock: €411 = (1 — ()82 .

Denoting 3 = (1+7)~! and rewriting (17), yields m +vQ;} = ﬁ—i—ﬁQ;tl + BIm+vQ ).

2y

Substituting €2 t1+1 =02+ ,0295 ! and rearranging
m + VQ;tl = [fI + pm + Bro?] + [7 + 5VP2]Q¢_¢1

Given the approximated linearity in the value function, we can express firm ¢’s value as

17



V(€ D =m+ 2978 !, where the coefficients v and m depend on the rate of time preference

2

2 of the state, and the per unit profit 7, as

B, the persistence p and innovation variance o

well as the total profit II of the firm:

T
= 1
v 1—5P2<O (18)
and
II + Bro?
—— 1 1
— (19)

Our approach will be to estimate ¥ and m to map firm data precision into data value.

2.6 Discussions
2.6.1 Firm Size: Diminishing Returns vs. Scale Economies

Big firms have more data. When a firm already has a large volume of data, its forecast error
is already small. Forecast errors cannot fall below zero. Thus, at some point, there must be
some diminishing return to data, holding technology fixed.

At the same time, big firms with large revenues extract more value from a given improve-
ment in forecasts. The firm has more production to apply its improved insights to. This is
referred to as the scale economy of data.

The diminishing returns make large firms” marginal value of data lower, while economies
of scale make the marginal value of data higher. In principle, this could change the value of
data barter, as the firm grows. What we find suggests that these two forces roughly cancel.

We return to this point in the quantitative results, Section 3.

2.6.2 Changing Data Technology

There are two types of technological change with regards to data. One collects more data

points or extracts more data precision and the other makes the same amount of forecast

18



error more valuable. Both are captured by our measurement strategy.

When technology enables more data collection, more data refinement, or more precise
forecasting from the same data, as is the case with Al, then this all shows up as a lower
forecast error. We interpret this as more data. Even if the number of data points is the same
and more value is being extracted from it, counting it as more data captures the additional
revenue this data generates for the firm. Data should be valued more highly when it leads
to more accurate forecasts and our method captures the increase in forecast accuracy.

When technological progress allows firms to profit more from a given forecast accuracy,
this is captured by an increase in the coefficient in the estimation of the relationship between
forecast error variance and profits. While the simple exercise described below estimates a
stable coefficient, one could easily add a time trend, estimate that coefficient separately
for different sub-periods or model a productivity process based on productivity-related firm

inputs.

3 Quantifying the Sources and Dynamics of Firms’ Data

We build up our understanding of where data value comes from by starting with a one-
firm analysis for a median firm. This first set of measurement exercises are very simple,
but demonstrate the essence of our measurement approach and show that the measures are
reasonable, in a transparent way. First, we describe the data we use. Then, we consider
the flow value of one firm’s data. We measure the value for an average public U.S. firm.
Flow value means the additional profit per year that a firm with this data earns. Later, we
decompose this data value into the value of data the firm generates internally and the value

of purchased data.
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3.1 Data Description

Prior Variance and Persistence of Revenues. We construct the dataset by using
Compustat North-America annual fundamentals data for the years 2002-2022. We restrict
attention to firms incorporated in the US, listed on one of the three major exchanges (AMEX,
NYSE, Nasdaq). Following the convention in finance literature, we exclude utilities and
financial firms from the data. We also exclude the firm-years with missing values of revenue,
profits, or total assets. This leaves us with 65,988 firm-year observations. We adjust all
nominal figures for inflation by using the CPIAUCSL series and report all figures in terms
of December 2015 dollars.

To estimate the prior variance of revenue, we first create a new variable sales-ratio by
dividing the revenue of the firm by it’s trend revenue, obtained by using an HP filter. We
winsorize this variable at 1% level. We then run an AR(1) regression on this variable by
pooling all firm-year observations. The RMSE reported by this regression gives an estimate
of the prior standard-deviation. Squaring this is the prior variance. We estimate the prior

variance separately for each year, using quarterly data and three-year rolling windows.

Forecast Errors: Empirical Measure We use the data from I/B/E/S Guidance and
compute the sales forecast accuracy of US public firms changes over time. Guidance refers to
any forward-looking statement made by a company to offer insights into its future financial
performance. I/B/E/S Guidance extracts quantitative company expectations from press
releases and transcripts of corporate events.

We retrieved the annual sales guidance from I/B/E/S Guidance via the WRDS platform
on April 20, 2023. We use both the “Detail” and “Identifiers” tables. The “Detail” table
contains all kinds of financial estimates (e.g., annual or quarterly sales or earnings) made
by firms. The “Identifiers” table contains identifying information, including “ticker” and

“cusip.” We merge the two tables and only keep US firms (observations with “usfirm”=1).
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Our sample runs from 2002 to 2021. We chose 2002 as the starting date because the sales
guidance data only became available for more than 10 firms after 2001. Each year, the
sample size varies from 50 to 550 firms. After 2021, the number of firms with valid sales
guidance dropped below 10 again.

Firms revise and update their annual sales guidance over the course of the fiscal year as
realized quarterly sales data comes in. Since our analysis focuses on firms’ ability to forecast
annual sales, we only keep the initial estimates, which are not affected by realized quarterly
data. When the sales forecast is expressed as a range, we take the mid-point (the lower
and upper bound average). To adjust for inflation, we use the Consumer Price Index for
All Urban Consumers (CPTIAUCSL) monthly series downloaded from the FRED? and take
the average in each year. We express all the sales numbers in 2002 dollars. We compare
firms’ sales guidance with realized sales data (retrieved from Compustat North America)
and define the squared relative forecast error as in Equation 20. We winsorize the relative
forecast error at the one percent level on the right tail. In each year, we take the average

across firms.

3.2 Data Measurements

We proceed here to first obtain the precision of firms’ data 7 in average over the whole sample.
First, we estimate expected forecast errors, from forecasters providing firms’ forecasts of their
future sales revenue. The mean squared relative forecast error is the average over time and

over firms,

Forecasted Sales — Actual Sales

S d Relative F t E =
quared Relative rorecast Liror (Forecasted Sales + Actual Sales) /2

(20)

3https://fred.stlouisfed.org/series/ CPTAUCSL
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The median squared relative forecast error in the sample 2003 and 2022 is mest = 0.0022.
In our model, all firms use prior information and private data to achieve a forecast error of
the state 6; given by (21).

Second, we estimate the prior variance o2 by estimating the residual variance of firm
revenues after removing a trend and the part of revenues that are predicted by the prior
year’s revenue. To do this, we create a new variable (6) which serves as the proxy for the
state: 0 = % i.e. revenue normalized by total assets of the firm. We then estimate

the following regression:

0r = p+ pbr—1 + €

Note that as many firms do not provide guidance every year, they may not appear in our
sample every year. However, we can still calculate the variable (6;_;) as long as we can
obtain the revenue and total assets estimate for the previous year from the Compustat data.
Next, to calculate the prior variance, we calculate the predicted value of our state variable
using the estimated AR-1 coefficients. Denote the predicted state as 6,. We calculate the

prior forecast error F'E,., in a similar way as FE above
0 12

FE. . _’L
‘prior (é—|—9)/2

The median prior squared relative error estimated across all firms/periods is ¢? = 0.007.

This gives us the prior information precision, ¢ = 1/0.007 = 142.9.

Finally, te expected squared forecast error is, by definition, a conditional variance.

9 1

Upost = ¢_{_7_ (21)
Hence
1
0022 = ——— = = 312.04
00022 =159+ 7= 3120

4We provide details on our computation of this error in Appendix A.
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This is a first insight: The precision of private data accrued in the year is twice the precision
of prior information.

What does this improvement in precision given by own data means in terms of dollars?
To do this, and following our model, define IT = log(Revenue). We estimated the regression

below:

II=11-%FE (22)

and obtained II = 6.595 and 7 = 2.246.

This implies that the change in revenue is,

(1
AH:W(5_¢+T

) = 0.0108 (23)

This means that revenues changed 1.08% from having more data compared to just having
prior data (when precision was ¢). Given the median revenue of the firm in our sample
for the period 2002-2022 is 692.35 million dollars, this increase of precision from own data

represents an increase of 692.35 x 0.0108 = 7.47 million dollars for the median firm.

3.2.1 Data Purchase

There is a market for data that explicitly assigns value to data on the national accounts when
measuring GDP. Several platforms collect and sell data directly or with previous processing
and advise orientation. This ranges from general data (such as Snowflake, Google or Ama-
zon), to financial data (Bloomberg, Refinitiv, or Quandl), consumer data (Eagle, SafeGraph
or Experian), healthcare (IQVIA, HealthVerity or Komodo), real estate (Zillow, CoreLogic)
or labor and tech (LinkedIn, Crunchbase or PitchBook).

While it is tempting to measure the GDP value of data directly from the GDP of these
platforms, an important question is how large this is compared to the value of firms own

data, estimated above. To estimate this relative value, we now consider a version of our
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model that is still static in nature (p = 0 and o0, = 0), but where firms buy data from
platforms. We assume a platform that provides data of precision 1 to the average firm.

That data generates additional annual revenue for the firm, given by

N 1 1
7T(qb—l-T_gf)—FT—l—w) (24

where again T = 2.246 is the parameter that maps precision units into units of additional
revenues per year.

Note that v incorporates how many firm outcomes are being averaged by the platform,
whether it adds noise to the reports, and even what fraction of firms buy the platform’s data.
As an average precision, this is lower if a smaller fraction of firms get no external data.

For this exercise we use information from a platform in particular, Visa Inc. Visa is major
player in the global payments industry, processing substantial transaction volumes annually.
According to its 2024 10-K earnings statement, “Visa’s total payments and cash volume was
$16 trillion, and the Visa network processed 234 billion total transactions — 639 million
transactions every day.” This volume is larger than the main competitors like Mastercard
(handling 171 billion transactions a year) or American Express (with $1.5 trillion in total
payments).

This volume of transactions uniquely positions Visa as an intermediary of data and data
analytics. According to its 2024 10-K earnings statement, “we have continued to expand our
services beyond Visa transactions to no-Visa transactions and non-payment services.....For
example, in Advisory Services alone, we delivered more than 3,000 consulting engagements
during 2024, up nearly 50 percent from last year, and we estimate that we helped clients
realize over $5 billion in incremental revenue as a result.”

This last statement implies that by selling analytics based on unique data from transac-
tions across the board, Visa generates $1.67m additional revenues per firm, which constitutes

the value of Visa’s data to those firms. We equate this figure to (24), the additional profit
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generated by platform revenue, above what the firm would have earned using its own data.
As before, we express everything in percentages of firm revenue of the median firm in our

sample.

1 1
142.9 + 312.04  142.9 + 312.04 + ¢

1.67/692.35 = 2.246 ( ) = ¢ =454.15.

This is an additional insight: The precision of data purchased in the year is a bit larger but

of the same order of magnitude of own data.

3.3 Data Dynamics

Now we study the evolution of the different sources of data precision. For lack of infomration
about the value of purchased data, we focus on the evolution of ¢; and 7;,. To do this we also
consider the depreciation of existing data. More formally, we measure each period t’s stcok

of data, where

Q= + 7+ (1= G)[ Q1 — i1

where (;_1 is defined by equation 14. Notice that only own data is assumed to depreciate at
a rate (; and public data fully depreciates.

The key question in this dynamic value measurement is determining how much data
depreciates. Data about yesterday’s state is less relevant to today’s state because the state
is changing. That decline in relevance is the source of data depreciation. While previous
studies have guessed a depreciation rate, we will derive the depreciation rate from our model
and estimate it with firm revenue data.

For this, we now assume that the state has persistence p > 0, which makes data from
past periods relevant for forecasting today’s state. This generalization of the model implies

that data obtained in one period has value for multiple future periods. It is this multi-period
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valuation that we compute next. We find that the persistence coefficient is estimated to be
p=0.34.
Figure 1 shows the evolution of the mean squared relative forecast errors Var(0|Z;)) and

the estimate of the prior precision (these are o2, and o2 discussed above) in each period

p

(see Appendix B for details).

Comparison of Forecast Error and Prior Variance

0.0161
—e— Squared Relative Forecast Error

0.0141 Prior Variance

0.0121

2003 2005 2007 2009 2011 2013 2015 2017 2019 2021
Financial Year

Figure 1: Forecast Errors and Precision of Own Data.

Figure 2 decomposes the data stock into components that come from prior knowledge,
which we call public data ¢;, newly acquired data flow 7; and the depreciated data stock
carried over from the previous period. Consistent with the previous average, we see that
the majority of the precision comes from the new data inflows. Notice that 2020 looks quite
different. This reflects the higher uncertainty in the COVID-19 period. It shows up as almost
no new data flow. The fact that earnings variance in this period was high shows up as a
lower value of prior information or public data. One might think of this period as one with a

high depreciation shock to previous knowledge as the business environment changed rapidly.
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Scale versus diminishing returns. The gradual growth might be surprising, given the
exponential explosion of data storage, transmission, and cloud computing. However, keep in
mind that data used for forecasting has diminishing returns. The tenth data point reduces
forecast errors much more than the ten millionth. The diminishing returns and exponential

growth resulted in a gradual change in annual profits.

Components of Data Stock over Time

| W Public data (¢¢)
B Old Data (1 — Q) (p? + 072 1Q¢—1)
| W Newly acquired data (t¢)

2003 2005 2007 2009 2011 2013 2015 2017 2019 2021
Financial Year

Figure 2: Data Precision: Public, Old and New Data (median firm).

4 Capitalizing and Aggregating the Value of Data

We now compute the capitalized (present discount value) of the flow of new data, the stock
of data and the depreciated data for the median firm. We then aggregate by extrapolation

these estimations to calculate the missing value of data in GDP measures.

4.1 Data Asset Values for a Median Firm

To quantify mismeasurement, we need to know the value of the data asset being transferred

from customers to firms. To value data as an asset, we add up the one-period revenue flows
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the data would generate, discounting future revenues and depreciating old data. For the
discount factor, we use a constant rate rather than a stochastic discount factor because our
framework has no covariance of data value with any aggregate risk. Therefore, we simply
discount by the riskless rate: [ is the rate of time preference. Future work could introduce
stochastic valuation that would realistically discount the value of data for risk.

We compute the capitalized (present discount value, or PDV) of new data added to the

firm in period t as

1 1 1
D= —— T X R —_
' (Qt Qt—Tt) e e 1— pp?

where Rev; is the revenue of the median firm in period ¢.

Similarly, we also compute the capitalized (present discount value, or PDV) of the stock

of data as

1

1 1 .
SW:<———)X7TXR€’U1/X1_—W

Q% o

In the same way we also compute the capitalized (present discount value, or PDV) of the
stock of data that depreciates in period ¢, which we call DEP;.

Figure 3 displays the dynamics of these values. We see a steady rise in the value of firms’
data assets that mirrors the growth in data flow value. The flow value D; is what is added
to the firm’s depreciated stock of data from the previous period and the prior knowledge
to obtain the new data stock in period t. This flow value is important for national income
measurement because it represents the data assets that are bartered for goods in services in
period t. However, the value plotted is not the entire missing value of data. It is just the

value of data barter for the median firm in our sample.

4.2 Scaling Up: From the Median firm to GDP

Ideally, we would like to estimate the data value associated with each firm size, use the

whole firm size distribution to impute a distribution of data values and add up these values.
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Value of Data
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Figure 3: Asset Value of New Data, Data Stock and Depreciation (median firm).

Instead, we approximate data value heterogeneity using the five size quintiles of firms in our
sample.> We project the estimated data value for each quintile to obtain an aggregate data
value in three ways.

The first projection is an underestimate. It counts data value, assuming that no firms
outside of our sample have any valuable data. It simply takes the median firm’s data value
in each quintile and multiplies this value by the number of firms in our sample.

The second projection considers all public firms. Our data is the subsample of public
firms who issue sales forecasts. To extrapolate this value to public firms, we consider which
of our size bins each public firm would fall in and assign that firm the data value of that size
bin. For our sample, these bins are quintiles, each with an equal number of firms. However,
in the sample of all public firms, the number of small firms is modestly higher. Thus, we
add up the number of public firms in each bin and multiply this by the data value associated

with that size bin. This estimate assumes that all private firms have zero data value. The

°In future work, we will explore the top size quintile of firms with more granularity. There is a highly-
skewed right tail of firms with high valuations and large data sets that matter for aggregate data value. Our
current approach misses these large data stocks by grouping these firms with the top quintile. Thus the
median data value for the top quintile is surely an underestimate.
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details can be found in Appendix C.

Public firms are less than half the economy. Their value added is only about 25% of GDP
and their revenues are 40-50% of GDP. The third projection uses the employment share of
the firms in our sample to scale up the data value of our median firm to the entire economy.
This is likely an overestimate because small, private firms may have less data then their
same-sized public counterparts. We consider the first and third methods lower and upper
bounds and the second method closer to a baseline.

The estimates of missing GDP from all three methods are plotted in Figure 4. We find

that the missing share of GDP is between 3-8% in most years.

Missing GDP
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17.57 Public Firms
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Figure 4: Estimates of missing data GDP measure with three methods.

The first method adds the value of data for firms in our sample. The second method multiplies the value of
data in each quintile of our sample times the number of public firms of that size. The last estimate multiplies
the public firm value by the inverse employment share of all public firms relative to total employment.
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4.3 Comparing Data Growth to the Productivity Slowdown

The productivity slowdown refers to a drop of 1.3-1.5% of total factor productivity growth,
starting around 2004 (Byrne et al., 2016; Fernald, 2014; Gordon, 2015). This phenomenon is
observed across many high-income countries (Cette et al., 2016). Might data accumulation
depress GDP measurement enough to account for this finding?

There are two clear outliers in our data valuations: The initial estimate and the 2020
COVID-19 year. The initial estimate of data flow value is too high because we initialize the
model with zero data stock in 2002. Thus, all forecasting power of firms in 2003 is attributed
to new data. That’s a burn-in period which we ignore. By 2004, the data value settles down
to be in line with later estimates. The other outlier period is 2020 when firm uncertainty was
extremely high, due to structural changes brought on by the pandemic. That year should
also be ignored or considered separately.

Let’s start in 2004. In that year, about $12 million worth of data was transferred from
customers to firms. Suppose this is a competitive market. If so, firms much forfeit approxi-
mately $12 million of revenue in discounts to obtain that data. The average public firm in
2004 had $1.2 billion in revenue. The lost revenue due to strategic discounts, given for the
purpose of data accumulation, would be 1% of the firm’s revenue.

On average from 2005-2019, the value of this missing revenue rises from $12-$50 million.
That is an annual growth rate of about 11% per year. Thus, each period firms are missing
11% more revenue that should have been counted as sales of goods and services, as well as a
separate payment to consumers for their data. The implied lost rate of growth of output is
just under 1%, which is less than the magnitude of the productivity puzzle, but of the right
order of magnitude to explain much of it.

Of course, assuming perfect competition between firms gives us an upper bound on the
price discount firms offer consumers for data. On the other hand, recall that the missing

GDP from a static barter trade is twice the value of the barter trade. Future work on this
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project will estimate the average degree of market power and what it implies for data barter

discounts.

5 Valuing the Data of Heterogeneous Firms

The previous analysis is based on taking averages across firms that, in principle, are quite
heterogeneous regarding economic activity, technology, size, and dimensions of uncertainty.
To better support the idea that perhaps slowing productivity is related to data accumula-
tion, we dig into which types of firms accumulate the most data and exhibit the greatest

productivity slowdowns.

5.1 Data Values by Size Quintile

To grasp the extent of heterogeneity in forecast errors and their evolution over time, we split
firms by employment quintiles in 2005; we computed their forecast errors relative to other
firm sizes. Then, we computed the flow value of the implied data separately for each quintile.
In Figure 5, we plot the values of data for size quintiles 1, 3, and 5 only.

The striking feature is the overwhelming data advantage of large firms. The value of
their data sets are an order of magnitude larger than those of the median firm. This points
to the importance of considering firm heterogeneity when aggregating up the value of data
in national income accounts.

Since employment in 2022 is larger than in 2005, we included all the firms in 2022 with
more employment than the 2005 maximum in the last bin. Hence, a somewhat higher number
of firms in the last bin.

These results suggest that the differences in data available to forecast were determined
by size over the whole distribution in 2005 but not in 2022, except for the very small firms.
Indeed, the differences in forecast errors for firms other than the smallest became very similar,

perhaps pointing towards the dissipation of the largest firms’ advantage in gathering data.
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Figure 5: Data Values by Firm Size 2003-2022
6 Conclusion and Next Steps

This paper presents a novel framework for valuing firms’ data, recognizing it as a productive
asset rather than an unmeasured input. By quantifying data’s value through its impact on
firms’ forecasting accuracy, we demonstrate that traditional measures of investment signifi-
cantly underestimate firms’ true asset base. This mis-measurement affects mid-size and large
firms differently and evolves differently over time for such firms. Mid-size firms appear to be
catching up, in terms of data quantity and accuracy.

Our findings distinguish internally generated data from data purchased from a platform.
This allows us to assess to what extent data purchases account for the catch-up or “democra-
tization” of data, and to what extent this is simply diminishing returns or high depreciation
of large-firm data. These findings provide a new perspective on firm dynamics and the
evolution of firm competition.

Addressing these measurement gaps is essential for policymakers, economists, and corpo-

rate decision-makers. More accurate valuation of data assets can improve financial market
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assessments, guide policy on data governance, and refine taxation frameworks for intangible
investments. By incorporating a rigorous, market-based approach to data valuation, this re-
search contributes to ongoing debates about the role of intangible assets in economic growth
and firm productivity. Future work should explore refinements to our methodology, including
sector-specific variations in data value, firm-level heterogeneity, and alternative approaches
to estimating data depreciation. Ultimately, recognizing and properly accounting for firms’
data assets will provide a more comprehensive and accurate understanding of the digital
economy’s impact on productivity, investment, and innovation.

There are three key measurement issues that we plan to address in future versions of this

paper.

1. Adjust for market power. When equating the value of the data barter discount to
the value firms extract from data, we assume perfect competition. This assumption
delivers all the data surplus to the customers. This assumption about how surplus is
split also captures monopoly power that customers have when selling their data — if
they are a natural monopolist over the facts that describe them as a unique individual
they have some monopoly power over the provision of their data that they can use
to extract surplus. While perfect competition is a natural starting point, it surely
over-estimates the size of the data barter. To adjust our estimates for market power,
we plan to use data on profits, as a fraction of revenue, to pin down a parameter that

governs the fraction of surplus that firms retain.

2. Incorporate data processing costs. Another reason that customers to not receive the
entire value of data as a payment, or discount on their purchase, is that firms must
incur costs to turn raw data into forecasts. The primary cost is labor. To address
this, we will use estimates of the number of data scientists hired across industries, and
estimates of their earnings, to form a data processing cost measure that varies by firm

size and industry. This should be subtracted from the data value to estimate the data
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barter payment to customers.

. Reverse causality. We use the covariance of forecast errors and firm profits to estimate
the value of improved forecasts. However, more profitable firms may also acquire and
process more or better data. To tease apart these mechanisms, we plan to build both
effects into our model and estimate lead-lag relationships that distinguish the two
directions of effects. Once our model teaches us what moments differ, depending on
the nature of the effect, we will estimate those moments in our data and use them to

further refine the model calibration.
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Online Appendix

A Calibration Details

Once we have the data, we calculate the Squared Relative Forecast Error for every firm-year
observation as follows

Forecasted Sales — Actual Sales |2
(Forecasted Sales + Actual Sales)/2

FE =

We take this error as our estimate of the posterior variance. Next, we need estimates for
two other parameters in our model: the persistence of the state (p) and prior variance
(0%). To obtain this, we create a new variable (#) which serves as the proxy for the state:
0 = % i.e. revenue normalized by total assets of the firm. We then estimate the
following regression:

0r = p+ pbi—1 + €

Note that as many firms do not provide guidance every year, they may not appear in our
sample every year. However, we can still calculate the variable (6;_1) as long as we can
obtain the revenue and total assets estimate for the previous year from the Compustat data.

Next, to calculate the prior variance, we calculate the predicted value of our state variable
using the estimated AR-1 coefficients. Denote the predicted state as 6,. We calculate the
prior forecast error F'E,, in a similar way as FE above

2

60

e ’(éw)/z

prior —

: 0.0022

e Median Squared Relative Forecast Error in the data o,

e Median Squared Relative Error (Prior) - estimated through AR1 regression o2: 0.0070
e New estimate of ¢ = 1/02 = 1/0.0070 = 142.9
e New estimate of 7 = 1/07,,, — ¢ = 312.04

e Define II = log(Revenue). We estimated the regression below:

I=I-7FE (25)

and obtained T = 6.595 and 7 = 2.246

e Change in revenue from data:
1 1
o o+T
This means that revenues changed 1.08% from having more data compared to without
additional data (when precision was ¢).

All = 7 ( ) =0.0108 (26)
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e We can also directly compute the change in revenues from:

1
Revpior = exp(6.595 — 2.246 x 142.9) = 720.02

Revp,st = exp(6.595 — 2.246 x

= T727.
142.9+312.04> 72783

Then, the value of such data is around 7.8 million dollars.

e The median revenue of the firm in our sample for the period 2002-2022 is 692.35 million
dollars. The increase in precision from data represents an average increase of 692.35
x 0.0108 = 7.47 million dollars for the median firm.

B Calculation procedure for value of data

Note that just as we have F'E and F'E),,, for each firm-year observation in our data, we can
aggregate it at any level. For calculating the value of data, we calculate the median values
across firms for every year. This gives us estimates for prior and posterior variance for every
year.

Period 1 (Year 2003):
e Assumption: FEy=1/¢1,Q = ¢1.

e F'F; = median forecast error in 2003, 1/¢; is our estimate of prior variance for 2003
(for example through variance of quarterly revenues in the 3 year window around 2003)
e () =¢;+m7 and Q% — QAo = F'E, — FEy,. We can calculate 7, from this

e By our assumption, 2y = FLEO = ¢1, so 1/Qy and F'Ey cancel out from the expression

above.

e PDV of data generated at t=1is D = (Q% - ﬂin) X 7 X Revy X ﬁ

e PDV of private data stock at t=1 is SV} = (Q% — ﬁ) X T X Rev; X ﬁ

Period t (Years 2004 - 2022):

e Stock in period t is Q; = ¢+ (1—C—1) (1 — 1) +7 where 1 -1 = (p*+02,_ Q1)

e Compute 7; using above expression and Qit — Qtl - = FE,— FFE,

e PDV of data generated at t is D; = (Q% — ﬁ) X T X Revy X ﬁ

e PDV of private data stock at t is SV, = (Q% — é) X T X Rev; X ﬁ
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C GDP Mismeasurement

As discussed in the paper, GDP mis-measurement at the firm level is given by 2 x D,. Note
that because many firms do not give guidance consistently every year, we cannot calculate
the value of data at the firm level D;. To get around this issue while still accounting
for heterogeneity, we divide the data into 5 equal buckets (quintiles) every year based on
revenue. We run the above procedure for every quintile separately and obtain the amount of
mis-measured GDP in each quintile in our sample as 2 x D,; x N,; where D, as represents
value of newly acquired data for the median private firm in quintile ¢ and N, represents
the number of firms in our sample in quintile q. Then, the total mis-measured GDP in our
data in year t is given by

missing—GDPfample =2 Z Dyt X Nyy
q

Extending to public firms: To obtain the corresponding estimate for public firms, we
calculate the number of public firms (N(ﬁ‘b) that would fall in each of the 5 buckets above
i.e. we use the same revenue thresholds as used above for creating the quintiles for each
year, and then calculate the number of public firms in each bucket. The total missing GDP
among public firms is then given as:

missing-GDP?* = 2 Z Dy  Nyy*
q

where D, is still the median estimate for quintile ¢ from our sample but Nj; ifb is the number

of public firms in the quintile instead of the number of firms in our sample.

Figure 6 illustrates the difference in firm sizes in our sample of firms that issue revenue
forecasts and all public firms.

Extending to the economy: As there are no good estimates of revenue at the aggregate
level, we rely on employment data. For every year, we calculate the total number of workers
employed by the public firms. Then, we use the total employment yearly series (CE160V)
to obtain the total number of workers in the economy. Our estimate for the missing GDP
in the economy is then given by:

missing-GDP" — missing- GDPfub " Total workers employed by public firms in year t

Total workers employed in the economy in year t
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Distribution of Revenue in 2022
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Figure 6: The size distribution of firms in our sample and all public firms. Size is measured by
the annual firm revenue in 2022.
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