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Abstract

We show that under mild assumptions, the total value of information to informed
traders in the market can be measured by the covariance between price changes and
order flow. This covariance captures noise trader losses, which equal informed trader
gains when market making is competitive. We estimate the value of information using
high frequency data on US equities at about $3.5 million per year for the average stock.
The aggregate value of information is about 0.04% of market cap, which is considerably
lower than the 0.67% in fees investors pay each year searching for superior returns

(French 2008). We discuss potential resolutions for these puzzling findings.
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1 Introduction

How much would you pay for information about tomorrow’s closing stock price? What
may at first sound like an arbitrage opportunity with infinite value, is in fact bounded in
most markets due to price impact. Informed investors with foresight of a future stock price
would act strategically and gradually trade to shade their superior information between
the orders of other uninformed traders (Kyle 1985). The expected gain of the informed,
which we call the value of information, provides an upper bound on the value added
by active asset managers who promise, for a fee, to beat the market using their superior
information. In what follows, we estimate the aggregate value of information for all stocks
traded in the US and for all potentially informed investors combined. We find that it is
surprisingly small compared to the aggregate amount of fees paid by investors to active
asset managers (e.g., French 2008).

Our approach to estimating the value of information relies on mild assumptions, ones
satistied by a broad class of theoretical models on strategic informed trading. These mod-
els include the Kyle (1985) and Back (1992) models of monopolistic informed traders, the
Back, Cao, and Willard (2000) generalization to multiple informed investors with imper-
fect signals, and the Collin-Dufresne and Fos (2016) extension to stochastic noise trading.
In such models, informed investors gain at the expense of noise or liquidity traders who
lose, while competitive market makers break even on average. Noise trader losses on aver-
age equal informed trader gains when market making is competitive, and provide an up-
per bound on the value of information when market makers have market power (Treynor
1971). Rather than a hypothetical signal, mean noise trader losses measure the value of
actual information in the market using the revealed preferences of market makers.

While measuring the average gains of the informed is often complicated, measuring
the average losses of noise traders is surprisingly tractable. Noise traders lose every time

they submit a market buy order dZ and the price increases dP due to price impact (or a



bid-ask spread) set by market makers. They also lose if they sell and price decreases. It has
long been known, therefore, that the total value of information, (2, equals noise traders’

expected losses over the trading period 7',
T
Q=F / dPdZ, (1)
0

which is simply the covariance (formally the expected quadratic covariation) between
price changes and noise trades. Price changes d P are clearly observable. However, the lit-
erature has so far struggled with the measurement of noise trading dZ. If market makers
cannot distinguish between informed trades and noise trades, how could an econometri-
cian possibly do so?

Our key insight is that observing noise trading is unnecessary for measuring the co-
variance in Equation (1). The reason is that in this class of models, the informed investor’s
trading strategy is locally orthogonal to price changes. Informed traders try to disguise
their trades to avoid a strong price impact by smoothing their trades over time. As a re-
sult, informed trading dX is "smooth," while noise trading dZ is "jittery." Consequently,
the covariance between price changes and changes in noise trading exactly equals the co-
variance between price changes and order flow dY = dX + dZ, as long as it is measured
at a high enough frequency. This, in turn, implies that the total value of information (1)
takes the form

T
Q=E / dPdY. (2)
0

Thus, measuring order flow dY’, which is observable, suffices for quantifying the aggregate

losses of uninformed noise traders, and therefore to measure the value of information.
Armed with this simple expression, we estimate the value of information daily with a

discrete version of Equation (2), using intraday data for US publicly-listed common stocks

over the September 2003 to December 2024 period. The idea is to measure an investor’s



willingness to pay for information on the average stock on the average trading day. We
find that the average daily value of information is $13,700, which annualizes to an average
of $3.5 million for becoming informed on an average stock each day.

The value of information we estimate is surprisingly small. The aggregate annualized
value of information for all US stocks combined is only 0.04% of market capitalization.
This value is the most active investors and asset managers can hope to gain by seeking
superior information to forecast stock prices. For comparison, French (2008) estimates
that investors pay active asset managers about 0.67% of market capitalization in fees each
year searching for superior returns. As Garleanu and Pedersen (2018) shows, in a general
equilibrium for both assets and asset management, the value of information equals man-
agement fees plus the cost of searching for good managers. We find it puzzling therefore
that investors would pay so much more in fees than active asset management can possibly
generate.

We initially met this finding with skepticism. We therefore devote considerable space
to validation and robustness tests. In the timeseries, we find that the value of informa-
tion rises during turbulent times consistent with Kadan and Manela (2025). In the cross-
section, we find that the value of information is higher for large-growth stocks, consistent
with Farboodi et al. (2021), and higher for momentum stocks, consistent with Kadan and
Manela (2025). On earnings announcement days, when we expect informed investors to
have some of the most valuable information, we find that the value of information rises
more than 3-fold. We further find that the magnitude of the value of information hardly
changes when we vary the frequency of observation, the way we sign trades as buys or
sells, and if we include penny stocks.

In the last part of the paper we discuss potential resolutions to the value of information
puzzle. We consider trends in the costs of active investing and other non-informational
services provided by asset managers. We consider strategies concentrating information

acquisition on days with high value of information. We discuss the role of risk aversion,
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the role of partial information, and the role of multiple informed investors. We discuss the
role of non-competitive market makers and non-competitive asset managers. We gener-
alize our results to discrete time, allowing for jumps, and relax the assumption that price
changes are orthogonal to informed trading. Finally, we discuss the role of behavioral
investors.

Our paper is the first to estimate the value of information indirectly, by measuring the
losses of noise traders, and the first to point out the conditions under which the covaria-
tion (i.e., quadratic covariation) between price changes and order flow measures exactly
this quantity. The generality and simplicity of our measure allow us to reliably quan-
tify the value of information and to document its puzzling magnitude relative to active
asset management fees. For this purpose, it is paramount that it has easy to interpret
units.! The groundwork for our analysis lies in the classic contributions of Grossman and
Stiglitz (1980) and Kyle (1985), who evaluate the value of information within a rational-
expectations framework. Epstein, Farhi, and Strzalecki (2014) and Kadan and Manela
(2019) examine the value of macroeconomic information under Epstein and Zin (1989)
preferences, which lets them distinguish between the instrumental and psychic compo-
nents of information. Croce, Marchuk, and Schlag (2023) quantifies the relevance of het-
erogeneity in the timing of exposure of cash flows to aggregate shocks for returns. Ai et
al. (2026) extend the option-based methodology of Kadan and Manela (2019) to accom-
modate generalized risk preferences. Farboodi et al. (2021) and Farboodi et al. (2025) com-
pute the value of information implied by a structural noisy rational-expectations model
and show it is higher for large growth firms. Bogousslavsky, Fos, and Muravyev (2024)
develop a machine learning-based measure of informed trading intensity that captures the

prevalence and timing of informed trading.? Kadan and Manela (2025) show that the ratio

1. See Kyle and Obizhaeva (2016), Kyle and Obizhaeva (2018), Kyle, Obizhaeva, and Wang (2018), and
Kyle and Obizhaeva (2019) for careful work on microstructure invariants and units of measurement.

2. The CARA-normal (mean—variance) noisy rational-expectations framework underpins a large litera-
ture on information choice; see Veldkamp (2011) for a survey and Malamud and Rostek (2017) and Davila



of fundamental variance to price impact provides an approximation for the value of infor-
mation in the Back, Cao, and Willard (2000) model with multiple differentially informed
investors, and estimate it using high-frequency stocks data. Here we provide a precise
expression (rather than an approximation) for the value of information in a more general
setting which incorporates this previous work as a special case, and use it to document its
puzzling magnitude relative to active asset management fees.

Our paper also relates to research on the informational efficiency of financial mar-
kets (Fama 1970). Recent work documents that price informativeness has risen since
the 1960s, especially among large growth firms (Bai, Philippon, and Savov 2016; Far-
boodi et al. 2021). Dé&vila and Parlatore (2025) estimate informativeness by regressing
prices on fundamentals and find it is greater for large stocks with high turnover, idiosyn-
cratic volatility, institutional ownership, and analyst coverage. Kacperczyk, Sundaresan,
and Wang (2021) report that higher foreign ownership boosts price informativeness, and
Davila and Parlatore (2023) examine its relation to volatility. We contribute a simple mea-
sure of the value of information that incentivizes market participants to acquire private
signals and, through trading, enhance capital allocation and managerial decisions (Bond,
Edmans, and Goldstein 2012; Brogaard, Ringgenberg, and Sovich 2019; Goldstein 2023).
An interpretation of our finding that the value of information is modest, is that the equity
market is highly efficient.

The paper proceeds as follows. Section 2 provides the theoretical foundation for our
measure of the value of information. Section 3 discusses its estimation. Section 4 discusses
the value of information puzzle and its potential explanations. Section 5 concludes. Ro-

bustness tests are in the Appendix.

and Parlatore (2021) for recent contributions. However, empirical implementation is challenging because
stock prices are neither stationary nor Gaussian, and recent studies suggest that departures from CARA
utility can be consequential (Savov 2014; Breon-Drish 2015; Malamud 2015). Our estimate by contrast is
agnostic to the functional form of the utility function.



2 Theory

In this section, we use a generic version of continuous-time Kyle-Back models of trade
with asymmetric information to develop a general closed-form expression for the value
information. The main novel point we are making is that under standard assumptions, the
exact functional form of the equilibrium is not needed to calculate the value of information,

which takes a simple close form that is easy to estimate.

2.1 Setup

An asset is traded by three types of agents: informed traders, uninformed noise traders,
and market makers. Informed and uninformed submit their buy and sell orders, and the
market makers set prices to clear the market.

The asset has a random fundamental (terminal) value v with a continuous distribution
function F'. Similar to Back (1992), we do not make specific functional assumptions on F,
which can accommodate a variety of different functional forms. The asset is traded con-
tinuously over a time interval [0, 7]. One or more informed traders get some information
about v at time ¢ = 0. This information may be perfect as in Kyle (1985) or imperfect as
in Back, Cao, and Willard (2000). Their cumulative orders at time ¢ are denoted by X,
assumed to be a semi-martingale.

Noise traders demand Z, shares on net through time ¢. The cumulative noise trading
process is given by

dZ;, = o.(t)dB, (3)

where B, is a Wiener process and o.(t) is the instantaneous volatility of noise trading,
which may be stochastic as in Collin-Dufresne and Fos (2016). Market makers cannot tell
apart the informed and uninformed trades but observe the total order flow Y, = X, + Z,.

We denote the instantaneous variance of order flow by o?2. Market makers set the price P,



based on Y}, such that the price process is a semi-martingale.?

The noise traders’ losses stem from prices moving against them when they trade. For
example, if they submit an order to buy dZ, > 0 shares and the price per share increases
by dP, > 0, then they effectively pay a “slippage” cost of dP,dZ; > 0. Given this, the total
expected loss of noise traders is £ fOT dP,dZt.

Our first key assumption is that market makers are competitive and thus earn zero
profits on average. As a result, the value of information, which is the expected profit to

informed traders (denoted by 2), must equal the expected loss to noise traders.

Assumption 1 (Competitive Market Making). The total value of information to informed traders

equals the expected loss to noise traders,
T
0

Assumption 1 is standard in Kyle-Back models such as Kyle (1985), Back (1992), Back,
Cao, and Willard (2000), and Collin-Dufresne and Fos (2016). In such models, the value
of information may be associated with model specifics such as the number of informed
traders, the accuracy and correlation of their signals, and the distribution of the fundamen-
tal value, all of which are hard to measure empirically and turn out to be not necessary
for our purposes. Assumption 1 says that in order to estimate the value of information
what we need is to estimate the losses to noise traders, which, in turn, already capture
all the above model parameters. Our fundamental insight is that, empirically, measuring
the expected losses of noise traders is considerably simpler than measuring the expected
profits of informed traders directly.

Our second assumption states that the informed trading process is stochastically un-

correlated with the price process.

3. The technical assumption that X; and P; are semi-martingales is standard in Kyle-Back models. It is
required to ensure that the stochastic integrals below are well-defined. Note that Z; is also a semi-martingale
by virtue of the Wiener process B;.



Assumption 2 (Orthogonal Informed Trading). Informed traders’ strategy is orthogonal to
the price process, i.e., fOT dX;dP, = 0.

Formally, this means that the quadratic covariation of X; and P, is zero. Assumption 2
is a feature of all continuous-time Kyle-Back style models we are aware of including Kyle
(1985), Back (1992), Back, Cao, and Willard (2000), and Collin-Dufresne and Fos (2016).
In these models, informed trading is locally deterministic and therefore has zero quadratic
covariation with the price process.

The intuition behind Assumption 2 is compelling and is now standard in Kyle-Back
type models. Economically, the quadratic covariation, fOT dXdP;, captures the cumula-
tive losses to the informed traders from the price impact of their trades. This magnitude
tends to be positive by the fact that market makers try to tease out the informed trades
from noise trades through observed order flow. Back (1992) shows that informed traders
optimally choose a smooth trading strategy that minimizes the cumulative price impact
to their trades, thereby setting fOT dX,dP, to zero, as stated in Assumption 2. Thus, this as-
sumption reflects that informed traders are trying to disguise their trades to avoid a strong
price impact by smoothing their trades over time.

As Back (1992) notes, the condition fOT dX,;dP, = 0 essentially means that informed
trades during small time increments of At are of the order At. By contrast, noise trading is
driven by a Brownian motion, and therefore the magnitude of noise-trading shocks during
small time increments of At is of order v/At. Thus, informed trading is "smooth," while
noise trading is "jittery." Variations in prices are then dominated by the jittery nature of
noise trading, and the quadratic covariation of prices with informed trading vanishes. If
informed traders were to add randomness to their trades in the form of a Brownian motion
with increments of order v/At (like noise traders), their orders would contribute to the
diffusive part of prices. But such behavior is suboptimal in the Kyle-Back environment

because it would render fOT dXdP, being positive. The informed traders’ optimal strategy



in those models is therefore to spread trades smoothly over time, which is exactly what

forces the quadratic covariation of X, with P, to vanish.

2.2 The value of information

As noted, Assumptions 1 and 2 are satisfied by essentially all continuous-time Kyle-Back
type models of trading under asymmetric information. While these models may differ in
terms of the number of informed traders and the nature of private information, these two
assumptions summarize standard and well-accepted features of these models.

Note that the stochastic loss by noise traders fOT dP,dZ; can be written as:

T T T
/ dPdZ, = / AP,(dY; — dX,) = / dP,dY;, (4)
0 0 0

where the last equality is a consequence of Assumption 2. It follows that the total expected
loss to noise traders is given by the £ fOT dP,dY;, which by Assumption 1 is the value of

information. We have established the following simple but powerful result.

Proposition 1 (Value of information). Under Assumptions 1 and 2, the value of information

over an interval of length T' is given by

T
Q:E/ dPdY;.
0

The key in Proposition 1 is that we can replace noise trading changes dZ; with order
flow dY; in the calculation of noise traders losses. While noise trading is not observable
and cannot be easily inferred from data, order flow is observable and available at high fre-
quency from standard databases, which facilitates our empirical analysis. It is important
to note that noise trading and order flow are not equal to each other. The reason the sub-

stitution of dZ, with dY; in the proposition is valid is that under Assumption 2, both have
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the same quadratic covariation with price changes. From an empirical perspective, Propo-
sition 1 allows us to estimate the value of information by simply estimating the integral
fOT dP,dY; using high frequency data.

The strength of this result is that a simple estimable moment captures the value of
information regardless of various model specific details. The reason is that the endgoge-
nous optimal response of the market makers to order flow dY  is captured by price changes
dP. When market makers perceive a high degree of adverse selection, they will set a high
price impact, which will then translate into a high expected loss to the noise traders. This
expected loss is then the value of information. Whether this happens because of greater
signal precision, a lower volatility of noise trading, or another reason, is irrelevant for our

purposes.

2.3 A useful decomposition

We next show that with two additional assumptions, the value of information can be de-
composed into two intuitive components. It is important to emphasize that these addi-
tional assumptions are not necessary for our estimation of the value of information. We
introduce them only to facilitate interpretation.

The first additional assumption imposes additional restrictions on the trading strate-

gies used by informed and noise traders.

Assumption 3 (Diffusive trading strategies). The informed trading strategy d.X, satisfies
dXt - tht,

where 0, is absolutely continuous. That is, d X, has no stochastic term. Moreover, the noise trading
process is given by

dZt = Udet.
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where By is a Wiener process and o, is a volatility parameter.

This assumption is common in the literature. Indeed, in all Kyle-Back models we are
aware of informed trading is locally deterministic. As for the restriction on noise trading,
this assumption rules out the setting of Collin-Dufresne and Fos (2016) where o, is itself a
stochastic process. A direct implication of this assumption is that the quadratic variation
of order flow is constant and equals to the quadratic variation of noise trading, (dY;)* =
oldt = oldt.

The second additional assumption is on the price process. In the classic Kyle-Back
continuous-time models, prices are linear in order flow with Kyle’s-lambda being the rel-
evant slope. Critically, in those models, asset-specific order flow is the only reason for price
changes. This strong assumption would suffice for our purposes. But, it is quite plausible,
in fact, that other factors, orthogonal to the asset’s order flow, may affect prices. For exam-
ple, if a systematic risk factor, such as the market, changes in value, the price of individual
stocks may change as well. To allow for that, let W, be a Wiener process uncorrelated of
B,. The idea is that W, represents publicly observable price-relevant information that is
not captured in the order flow. We assume that prices respond to both order flow, Y;, and

to W, in a linear fashion:

Assumption 4 (Linear prices). Order flow Y; affects price P, according to
dPt = )\td}/;f + deWt, (5)
for some price impact function A\, coefficient o,,, and a Wiener process W, which is orthogonal (i.e.,

has zero quadratic covariation) with X, and B;.

Note that in the traditional Kyle-Back type models, price changes are assumed to be
perfectly correlated with order flow. That is o, is set to be identically zero. Therefore, our

approach incorporates these settings as a special case. Because we abstract from many
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model specific details, our setup allows for other public information W, to arrive in the
market and affect the asset’s price as in Back, Crotty, and Li (2018). This is particularly
useful from an empirical perspective, because, in reality, prices are not perfectly co-linear
with order flow.

The next proposition establishes that under Assumptions 1-4, the value of information

can be decomposed into a particularly intuitive form.

Proposition 2 (Value of information decomposition). Under Assumptions 14, the value of
information over an interval of length T is the product of expected price impact E[N] and order

flow variance o T:

Q=E[N]o.T. (6)

Proof. Using Assumption 4,

/0 " apay; - /0 "0 (%) (@) + /0 o (@) (a¥)
_ /OT A (dY;)? + /OT 0w (AWh) (dXy + dZy)

T
- / Ao, (7)
0

where the last equality follows from the fact that 17; is orthogonal to X; and Z;.

By Proposition 1,
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T
Q=F / dPtdY;}
0

T
LJO
- 1 T ,
=F -?/O )\tdt:| UyT

= E[\] 02T, (8)

as stated.

]

This result is intuitive. The value of information equals the expected aggregated losses
of noise traders over time. By Proposition 1, these losses are the time-aggregated product
of price changes and the order flow. Proposition 2 establishes that under linear pricing,
the former aggregates to expected price impact, £ [\;|, while the latter aggregates to order
flow variance over the interval of length T, 02T In our empirical analysis, we rely on this

decomposition to gain economic intuition about variations in the value of information.

2.4 Discussion and connection to earlier work

Our approach in this paper is different from prior work in that we abstract from many de-
tailed assumptions on fundamentals and instead, focus on standard features of Kyle-Back
models that are crucial for the estimation of the value of information. In doing so, we are
gaining simplicity and generality but at the cost of losing some details. Prior work such
as Back, Cao, and Willard (2000), delved very deeply into the dynamics of informed trad-
ing, yielding important insights on how informed traders spread their trades over time.
Our purpose in this paper is quite different because our sole focus is on the estimation

of the value of information. As it turns out, for this purpose, the detailed dynamics of
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informed trading are not needed because the value of information to informed traders is
simply the expected losses to noise traders (Assumption 1). Thus, once one can estimate
these losses, the exact nature of the dynamics of informed traders becomes unnecessary
for the calculation of the value of information. As a result, one can avoid making assump-
tions on the value distribution, number of informed traders, the nature and precision of
the information they possess, and the underlying correlation structure.

In our setting, the challenge then becomes to estimate the losses of noise traders, which
by itself is not observable. However, the quadratic covariation of noise trading with price
changes is equal to that of total order flow — a consequence of Assumption 2. This, in
turn, allows us to use variations in total order flow—which is empirically observable—to
estimate the losses of noise traders.

In Kadan and Manela (2025), we take a different approach to estimating the value of
information. We derive approximate bounds on the value of information in one specific
Kyle-type model - that of Back, Cao, and Willard (2000). We then show that in that setting,
the value of information is approximately equal to the ratio of fundamental variance o7
to price impact at time zero — A\(0). The setting offered in this paper incorporates Kadan
and Manela (2025) as a special case. A major improvement with the approach provided
in this paper is that we no longer rely on an approximation derived from lower and upper
bounds on the value of information. Instead, the expressions obtained in Propositions 1
and 2 are exact.

Another improvement relative to much of the Kyle-Back literature is that we do not re-
quire an exact linear relation between price changes and order flow (perfect correlation).
Instead, we allow for price changes to be associated with other observable sources of in-
formation. This is particularly important from an empirical perspective—in our sample,
for individual stocks, the mean correlation between prices changes and order flow is only

about 0.3.
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3 Estimation and validation

We next explain how we estimate the value of information and validate our measure.

3.1 Data and estimation

We estimate daily values of information for each stock in the NYSE TAQ database, which
covers all US publicly traded stocks. Our sample includes 8,300 common stocks over the
September 11, 2003 to December 31, 2024 sample period, which we could match by trading
symbol and date to CRSP/Compustat. Following Amihud (2002) we drop all stocks with
a previous-day closing stock price smaller than $5 to avoid market microstructure effects.*

Empirically, we interpret the daily value of information for a particular stock as the
dollar amount informed investors would be willing to pay at the close of the trading day
for a signal about the closing price at the end of the next trading day. Our approach cap-
tures signal precision indirectly through the losses of noise traders. All else equal, a more
precise signal means higher price impact and therefore higher value of information.

Our main estimator for the value of information relies on a discrete approximation of
the integral in Proposition 1. Let P;,; denote the price of asset j on day ¢, at time 7 €
0,7, where T denotes the time in years that passes on day ¢t. We observe equidistant
observations over time intervals 7 = 1 minute, so we estimate the sum at time 7T based
on N + 1 discrete observations recorded at times 7y, 71, ..., 7v = Nh = T (We vary h
in robustness analysis). We annualize the value of information by setting 7' = 1/252.
Let APj;; = Pjir, — Pjtr,_, be the change in the price of asset j on day ¢ over the interval
i =1,...,N. Similarly, let AY};; = Y}, — Yjir, , be the change in cumulative signed share

order flow, or simply net order flow over the same interval. For each stock j on date ¢, we

4. In the Appendix we show how our estimates change if we keep penny stocks.
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estimate a daily annualized value of information,
1 N
i=1

For stationarity, we measure the value of information in two main ways. The first is in
millions of dollars inflation-adjusted using the CPI to December 2024 values. The second
is as a percentage of aggregate stock market capitalization. The first way is sometimes
easier to interpret, while the second facilitates comparison with fees estimates such as in
French (2008).

Several approaches to signing TAQ trades as buys (+1) or sells (—1) have been pro-
posed by prior work. Our baseline estimates are based on the Chakrabarty et al. (2007)
approach, using the algorithms developed by Holden and Jacobsen (2014). In the Ap-
pendix we show that our qualitative and quantitative conclusions are not sensitive to this
choice.

We rely on the decomposition in Proposition 2 to gain intuition for the source of varia-
tion in the value of information over time and across firms. The decomposition allows us
to ask if higher value is due to higher price impact or order flow variance. To get a decom-
position that does not depend on an arbitrary number of shares outstanding, we focus on
annualized dollar measures, and decompose the value of information as follows. Let C be
a scaling constant used to convert a dollar amount to millions of real dollars. Let A = %
measure the effect of a million dollar buy order on returns. Let 6, = 0, F)/C measure the

annualized volatility of order flow in millions dollars. Then, the annualized log value of

information in real millions of dollars can be written,

log (2/C) = log A + log 5. (10)

Of course, when we use this decomposition, we restrict the sample to observations with a
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positive price impact coefficient.
Consistent with Assumption 4, we estimate price impact \j; using a regression of 1-

minute log returns on contemporaneous share order flow,
it = log (PjtTi/PjtTifl) = NjtAYjy + wji. (11)

We note that while in theory A is positive, it could be negative in any finite sample. In
addition, \;; may be subject to selection bias if traders use price-dependent strategies and
cancel costly orders (Obizhaeva 2011). A large literature proposes other impact measures
(Holden and Jacobsen 2014). We favor our measure because it aligns closely with the
model used to interpret the data, making the value-of-information units straightforward.
Finally, we use the closing price of the preceding trading day, Pj;_i-, as the initial asset

price Fp.

3.2 Estimated information values and other summary statistics

Table 1 reports sample moments of the value of information as well as summary statistics
for the sampled firms. Our estimates refer to the annualized value of acquiring informa-
tion that is realized over a single day. Hence, the reported values represent the willingness
to pay for receiving daily information on a stock for an entire year. The average annual-
ized value of information in our sample is $3.5 million ($13,700 per day), with substantial
dispersion: the standard deviation is about $62 million.

Alongside our main estimator (9), derived from Proposition 1, we also present esti-
mates based on the decomposition in Proposition 2. In that case, we first estimate A and
oy separately for each stock-day and then take their product. The two sets of estimates are
virtually identical, reinforcing that the decomposition closely approximates the general
value of information.

The median price impact ( A divided by the stock price) is 0.01, implying that $1 million
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Table 1: Information values and other summary statistics

variable Mean  Std Min g25 Median q75 Max Obs

Information value (dPdY),$M 347 6159 -1.11  0.30 1.02  3.08 52.30 14,382,920
Information value (/\05), $M 345 6174 -1.11 030 1.01  3.06 52.15 14,382,920
Orderflow Volatility, $M 45.03 98.61 0.07 2.64 10.36 38.74 662.18 14,382,920
Price impact per $M 0.11 038 -0.06 0.00 0.01 0.05 292 14,382,920
Stock price 56.49 15230 5.00 17.84 3418 62.75 30597148 14,382,920
Size (InME) 14.23 1.82 1046 1292 14.13 1541 18.93 14,382,920
Book-to-market ratio 0.60 045 0.03 0.28 050 0.80 259 14,382,920
Momentum 0.18 049 -0.66 -0.11 0.10 0.34 250 14,382,920
Earnings 0.01 0.11 0.00 0.00 0.00 0.00 1.00 14,382,920

Notes: Daily common stocks panel from NYSE TAQ, CRSP, and Compustat, September 2003 to December
2024. The value of information is the annualized sum of the product of share price changes times signed
share order flow and reported in millions of dollars. The second line provides an alternative estimator for the
value of information that is annualized price impact time order flow variance, which requires an additional
assumption of linearity between price changes and signed order flow. Dollar figures are CPI adjusted to
December 2024 values. Order flow volatility is the square root of the annualized one-minute signed share
order flow variance. Price impact is estimated by regressing one-minute log returns on contemporaneous
share order flow and divided by the previous trading day’s closing stock price. Size is log market equity
over the previous month. Momentum is the return over the prior 2-12 months. Book-to-market is book
equity as of last June divided by market equity as of last December (Fama-French conventions). Earnings

indicates an earnings announcement day. All variables are 1% winsorized.
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of order flow moves prices by 1 percent.” About 4 percent of stock-day observations yield a
negative information value estimate. We include these when reporting information value
in levels, but exclude them when reporting results in logs below. The median firm in our
sample has a market capitalization of $1 billion, a book—to—market ratio of 50 percent, and
momentum indicating a 10 percent appreciation over the prior 11 months. Firms reported

earnings on roughly 1 percent of sample days.

3.3 The value of information over time

Figure 1 traces the evolution of the value of information over time. Panel (a) plots the level
of Q, averaged across stocks and days by month. Panel (b) shows its log decomposition
into log price impact and log order flow volatility, which add up to log value of informa-
tion. Recessions are shaded. The figure indicates that in turbulent periods—especially
recessions—order flow volatility rises and liquidity deteriorates, as seen in higher price
impact. These result in higher values of information. This pattern is most pronounced
in the 2007-2009 financial crisis and the 2020 Covid-19 episode, where both order flow

volatility and illiquidity surge, producing a spike in the value of information.

3.4 The value of information across firms

Previous work has found that the value of information is higher for large (high market cap)
and growth (low book-to-market) stocks (Farboodi et al. 2021) and for momentum (high
recent returns) stocks (Kadan and Manela 2025). We confirm that this pattern shows up
when using our new measure with less noise.

Table 2 studies the extent to which the value of information can be explained by com-

monly studied characteristics: size, book-to-market, and momentum. Panel 2a shows that

5. Our median price-impact estimate aligns with Hasbrouck (2009, Table II), where a $1 million order
shifts the log price by 0.7%.
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Figure 1: Value of information over time

Value of information, USD millons per year (95% Cls)
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(b) Value of information in logs and its components

Notes: The solid line is the monthly information value averaged over stocks and days surrounded by its
95 percent confidence interval, based on time-clustered variance estimates. The value of information is the
annualized sum of the product of share price changes times signed share order flow and reported in millions
of dollars. The log information value equals log price impact plus log annualized order flow variance, so
we also report the mean of log price impact (dotted line) and the mean of log annualized return variance
(dashed line). Shades indicate recessions.
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Table 2: Value of information and stock characteristics

log Information value

(1) (2) (3) (4)

Size 0.70%** 0.70%** 0.59*** 0.62%**
(0.01) (0.01) (0.01) (0.01)
Book-to-market -0.29%** -0.27%** -0.07*** -0.01
(0.02) (0.02) (0.01) (0.01)

Momentum 0.29*** 0.38*** 0.14*** 0.21%**
(0.01) (0.01) (0.01) (0.01)
Date (day) FE Yes Yes
Stock FE Yes Yes
N 13,855,033 13,855,033 13,854,969 13,855,033
R? 0.52 0.55 0.65 0.68
Within-R? 0.54 0.10 0.10

(a) Information values are higher for large, growth and momentum stocks

log Orderflow Variance log Price impact

(1) (2) (3) (4) (5) (6) (7) (8)

Size 1.80*** 1.82%** 1.53%** 1.63***  -1.11%* -12% .95 _1.02%*
(0.01) (0.01) (0.01) (0.01) (0.00) (0.00) (0.01) (0.01)

Book-to-market -0.34**  -0.32%*  -0.17***  -0.04** 0.06*** 0.06*** 0.10%** 0.03***
(0.03) (0.03) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01)

Momentum 0.45*** 0.46*** 0.29%** 0.27***  -0.16***  -0.08***  -0.15***  -0.06***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.00)
Date (day) FE Yes Yes Yes Yes
Stock FE Yes Yes Yes Yes
N 13,855,033 13,855,033 13,854,969 13,855,033 13,855,033 13,855,033 13,854,969 13,855,033
R? 0.76 0.77 0.83 0.84 0.69 0.71 0.74 0.76
Within-R? 0.77 0.26 0.24 0.71 0.17 0.16

(b) Large-momentum stocks exhibit noisier order flow and more liquid prices

Notes: Panel (a) shows regressions of the log value of information and its components on stock charac-
teristics. The log information value equals log price impact plus log annualized order flow variance, so
in Panel (B) we regress log price impact and log annualized order flow variance on the same variables.
Size is log market equity over the previous month. Momentum is the return over the prior 2-12 months.
Book-to-market is book equity as of last June divided by market equity as of last December (Fama-French
conventions). Observations with negative price impact are omitted. Standard errors clustered by date and
stock are in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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large, growth and momentum stocks have higher values of information. Unlike book-
to-market, which is subsumed by the inclusion of both stock and day fixed effects, large
stocks and stocks that appreciated over the preceding year (high momentum stocks) have
higher values of information regardless of the regression specification.

Contrasting the R-squares to the Within-R-squares, we see that these characteristics
explain a substantial share of the variation in information values, even after absorbing
stock and day fixed effects.

Panel 2b investigates the underlying reason for this variation using the decomposition
of the value of information into price impact and order flow volatility (Proposition 2). It

shows that large-momentum stocks exhibit noisier order flow and more liquid prices.

3.5 The value of information around earning announcement days

We next turn to studying how the value of information changes on dates in which major
pieces of information are released. Intuitively, a strategic trader should be willing to pay
a higher amount to learn the end-of-day stock price at the beginning of days in which
information is scheduled to be released. To this end, we focus our attention on the most
prominent information release dates in the life of a firm—earnings announcement dates.

We collect earnings announcement dates from the Compustat quarterly database. Given
that firms often report earnings after hours, we follow Engelberg, Mclean, and Pontiff
(2018) and define the earnings announcement date as the date in which the trading vol-
ume in the firm scaled by market volume is the highest among the official earnings date
and the days just before/after it.

Figure 2 plots the value of information averaged across stocks and dates during a 45
trading day window around the earnings announcement date (day 0). The figure shows
a dramatic increase in the value of information on days in which earnings are announced.

This increase stems primarily from a spike in volatility on these days whereas liquidity
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Figure 2: Value of information rises when firms report earnings
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Notes: Solid line is the daily information value averaged over stocks surrounded by its 95 percent confidence
interval, based on time-clustered variance estimates. The value of information is the annualized sum of the
product of share price changes times signed share order flow and reported in millions of dollars. The log
information value equals log price impact plus log annualized order flow variance, so we also report the
mean of log price impact (dotted line) and the mean of log annualized return variance (dashed line).
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appears to be actually mildly improving.

Table 3a provides more formal evidence supporting this conclusion. We regress the
log of the value of information for each firm and day during our sample on firm size,
book-to-market, momentum, date and stock fixed effects as well as an indicator variable
for earning-announcement dates. The coefficient of the earnings indicator is positive and
statistically significant in all specifications, indicating that the value of information rises
on earning-announcement days. From an economic perspective, this effect is quite large,
and implies that the value of information increases more than 3-fold on the mean earnings
release (e!?" ~ 3.57).

Table 3b sheds further light on the increase in the value of information on earning
announcement days. Here, we regress log order flow variance and log price impact on the
earnings-day indicator and control variables. In all specifications, we find a significant
increase in order flow volatility and a decrease in price impact on earning announcement
days. These two effects compete with each other, but because the increase in order flow
volatility is larger, the value of information increases.

That the value of information rises on earnings announcement days is interesting in its
own right. But it can also serve to explain the previously documented fact that investor at-
tention spikes around these events. Ben-Rephael, Da, and Israelsen (2017) and Liu, Peng,
and Tang (2019) find that both institutional and retail investor attention rises on earnings
days, and that this effect is stronger for institutional investors. This fact is consistent with
institutional investors superior ability to gather and exploit private information.

That price impact falls on earnings days is a novel and somewhat suprising finding. A
reasonable prior would be that fundamental volatility is greater on earnings days and that
market makers would repspond by increasing price impact to protect themselves against
adverse selection. But a counterforce is the intensity of noise trading on these days which
appears to rise simultaneously. The decline in price impact is also consistent with unin-

formed noise traders overestimating the novelty of earnings news (Treynor 1971). We are
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Table 3: Information about earnings is highly valuable

log Information value

(M (2) (3) (4)

Earnings 1.38*** 1.34*** 1.31%** 1.27%**
(0.01) (0.01) (0.01) (0.01)

Size 0.70*** 0.70%** 0.59*** 0.62***
(0.01) (0.01) (0.01) (0.01)
Book-to-market -0.29%** -0.27%** -0.07*** -0.01
(0.02) (0.02) (0.01) (0.01)

Momentum 0.29%*** 0.38*** 0.14*** 0.217***
(0.01) (0.01) (0.01) (0.01)
Date (day) FE Yes Yes
Stock FE Yes Yes
N 13,855,033 13,855,033 13,854,969 13,855,033
R? 0.53 0.56 0.66 0.69
Within-R? 0.54 0.12 0.12

(a) Value of information is higher on earnings announcement days
log Orderflow Variance log Price impact

(1) (2) (3) (4) (5) (6) (7) (8)

Earnings 1.78*** 1.76%** 1.67*** l1.e4** 038  -040***  -033***  -0.35***
(0.01)  (001)  (0.01)  (0.01)  (0.01)  (0.01)  (0.01)  (0.01)

Size 1.79%%* 1.81%** 1.53*** 1.63%%*  -1.11**  -1.12***  -0.95**  -1.02%*
(0.01)  (0.01)  (0.01)  (0.01)  (0.00)  (0.00)  (0.01)  (0.01)

Book-to-market -0.34%*  -0.32%* 017 -0.04** 0.06*** 0.06*** 0.10%** 0.03***
(0.03) (0.03) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01)

Momentum 0.45%** 0.46*** 0.29*** 0.27***  -0.16**  -0.08"*  -0.15°*  -0.06***
(0.01)  (001)  (0.01)  (0.01)  (0.01)  (0.01)  (0.01)  (0.00)
Date (day) FE Yes Yes Yes Yes
Stock FE Yes Yes Yes Yes
N 13,855,033 13,855,033 13,854,969 13,855,033 13,855,033 13,855,033 13,854,969 13,855,033
R? 0.76 0.77 0.84 0.84 0.69 0.72 0.74 0.76
Within-R? 0.77 0.27 0.25 0.71 0.17 0.16

(b) Order flow volatility is higher and price impact is lower on earnings announcement days

Notes: Panel (a) shows regressions of the log value of information and its components on size, book-to-
market, and an earnings indicator. The log information value equals log price impact plus log annualized
order flow variance, so in Panel (B) we regress log price impact and log annualized order flow variance on
the same variables. Earnings indicates an earnings announcement day. Observations with negative price
impact are omitted. Standard errors clustered by date and stock are in parentheses. * p < 0.1, ** p < 0.05,
% ) < 0.01.
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not aware of any other work that has documented this effect and believe it warrants further
investigation elsewhere.

Overall, the previous results validate that our proposed measure of the value of infor-
mation is a useful and informative statistic, and that it yields results that are consistent

with prior work.

4 The value of information puzzle

4.1 Economic magnitude of the value of information

We next step back to ask if the value of information that we estimate is consistent with
the demand for information. Recall that from Table 1, the average value of information
per stock is about $3.5 million per year. This seems quite small, given that the average
market capitalization of a stock in our sample is about $10 billion. But, perhaps the value
is considerably larger for some stocks.

Figure 3 shows that indeed for some stocks, the value of information is considerably
larger. For example, the value for information on Tesla (TSLA) is about an order of mag-
nitude larger than the average. But even for the most valuable stocks, the value of infor-
mation is only a small fraction of market capitalization. To see this, in Figure 4 we plot the
aggregate value of information as a percentage of aggregate market capitalization.

We estimate that the aggregate value of information is 0.04% of aggregate market cap-
italization. This aggregate statistic is equivalent to the market cap weighted ratio of the
value of information to market capitalization. From Figure 4, we see that the value as
percentage of market capitalization is remarkably stable over our sample period, though
it tends to spike during turbulent times. Such spikes are partly mechanical, as a drop in
stock market prices reduces the denominator in the ratio of the value of information to

market capitalization.
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Figure 3: Value of information by stock
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Notes: Mean value of information plotted against mean market equity for each specific stock (permno). The
value of information is the annualized sum of the product of share price changes times signed share order
flow and reported in millions of dollars. We label the 15 most information valuable stocks with their latest
ticker symbols.
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Figure 4: Value of information as percentage of market capitalization
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Our estimates imply that the most active investors and asset managers can hope to gain
by seeking superior information to forecast stock prices is only 0.04% on average of market
capitalization. This estimate is remarkably small compared to the fees that active asset
managers charge. For example, French (2008) estimates that investors pay active asset
managers about 0.67% of market capitalization in fees each year searching for superior
returns. We find it puzzling therefore that investors would pay so much more in fees than
active asset management can possibly generate.

To further see why this is puzzling, consider the model by Garleanu and Pedersen
(2018), where informed traders, uninformed noise traders, and market markers are joined
by asset managers. They show that in a general equilibrium for both assets and asset
management, the value of information equals management fees plus the cost of searching

for good managers:

Value of information = Management fees + Search costs > Management fees.  (12)

Assuming search costs are nonnegative, this implies that the value of information is at least
as large as the fees charged by asset managers. But our estimate of the value of information
is much smaller than the fees charged by asset managers.

Note that our puzzle is different from the already puzzling finding in French (2008)
that the fees paid to active asset managers do not justify their average outperformance
of passive investment strategies. Our findings imply that the fees are high compared the
most that active asset managers could possibly generate.

In Appendix A.1 we show that this puzzling fact is robust to a battery of robustness
tests. First, we study the sensitivity of our estimates to how we sign trades as buys or sells.
In Figure A.1 we report the mean value of information across days and stocks for three
different algorithms for signing trades as buys or sells: Chakrabarty et al. (2007, CLNV),
Lee and Ready (1991, LR), and Ellis, Michaely, and O’Hara (2000, EMO). None of these
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have a major effect on the mean value of information. Second, in our baseline analysis we
omit penny stocks with less than $5 in price. The figure further shows that including such
stocks would reduce the mean value of information. This is intuitive as penny stocks have
little order flow and therefore little information value. In Figure A.2 we show that our

estimates are also robust to variation in the frequency of observation.

4.2 Potential resolutions

What can possibly explain the fact that the value of information that we estimate is so
small compared to the fees that active asset managers charge? We next consider several

potential resolutions.

4.2.1 Decline in fees

One potential concern is that French (2008)’s estimates of aggregate fees as a percentage
of market capitalization are outdated. If active asset management fees have declined con-
siderably since 2006, when French’s sample ends, this could resolve the puzzle because
our sample period is September 2003 to December 2024.

In Table 4, we compare the expense ratios of active versus passive (index) fund expense
ratios over time, focusing on equity funds. Similar to French (2008), we use the difference
between active and passive fees to measure the additional cost investors pay for active
management. This difference has narrowed over time but remains substantial: in 2024,
actively managed equity mutual funds charged 0.64% versus 0.05% for index funds (ICI
data), a difference of 59 basis points. For ETFs, actively managed equity funds charged
0.44% versus 0.14% for index ETFs, a difference of 30 basis points. Evidently, the fee com-

pression observed since French’s sample period does not resolve the puzzle.
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Table 4: Cost of Active vs. Passive Equity Investing (% of AUM)

Morningstar (MF + ETF) ICI Mutual Funds ICI ETFs

Year Active  Passive Diff. Active Passive Diff. Active DPassive Diff.
2000 1.03 0.30 0.73 1.06 0.27 0.79

2010 0.82 0.25 0.57 0.96 0.16 0.80

2016 0.71 0.17 0.54 0.88 0.22 0.66
2018 0.67 0.14 0.53 0.79 0.19 0.60
2020 0.64 0.12 0.52 0.71 0.06 0.65 0.70 0.18 0.52
2022 0.61 0.11 0.50 0.44 0.16 0.28
2024 0.59 0.11 0.48 0.64 0.05 0.59 0.44 0.14 0.30
Mean 0.72 0.17 0.55 0.84 0.14 0.71 0.65 0.18 0.47

Notes: All figures are asset-weighted average expense ratios for equity funds expressed as a percentage of
assets under management. “Active” refers to actively managed funds; “Passive” refers to index funds.
“Diff.” is the difference (Active — Passive). Morningstar data from their 2024 U.S. Fund Fee Study combine
mutual funds and ETFs; they report that ETF fees are less than half of mutual fund fees on average. ICI
data from the 2025 Investment Company Fact Book, Tables 6.4 (mutual funds) and 6.5 (ETFs), report
mutual funds and ETFs separately. For comparison, French (2008) estimates aggregate fees of 0.67% of
market capitalization for the period 1980-2006, which includes all costs of active investing relative to a
passive benchmark.
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4.2.2 Additional benefits of asset management

One might argue that the fees investors pay to asset managers compensate not just for pri-
vate information, but for a bundle of services: professional portfolio construction, diver-
sification, factor or style exposures, liquidity transformation, tax management, custodial
services, and convenience. If investors value these non-informational services, perhaps the
gap between our estimate of the value of information and aggregate fees is not puzzling
after all.

However, this argument does not resolve the puzzle. Passive index funds provide es-
sentially the same bundle of services—diversification, factor exposure, liquidity, custody,
and convenience—at dramatically lower cost. As documented in Table 4, the fee differ-
ential between active and passive equity funds is substantial: 59 basis points for mutual
funds and 30 basis points for ETFs in 2024. This differential represents the incremental
cost investors pay specifically for active management—that is, for the promise of superior
returns through private information or stock-picking skill.

Our estimates suggest that the aggregate value of information available in the market
is only about 0.04% of market capitalization. This is far smaller than the active-passive fee
differential, let alone the total fees charged by active managers. Thus, even if we grant that
some portion of active management fees compensates for non-informational services, the
portion attributable to active management remains puzzlingly large relative to the value

such activity can generate.

4.2.3 Perhaps being active on some days is worth it?

One might argue that the puzzle could be resolved if active managers strategically concen-
trate their information acquisition on days when the value of information is particularly
high. Earnings announcement days are a natural candidate, as we documented in Section

3.5 that the value of information increases more than 3-fold on these days.
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However, even this concentration strategy cannot bridge the gap. On earnings days,
the value of information rises from 0.04% to roughly 0.04 x 3.57 ~ 0.14% of market capi-
talization. This is still considerably less than the 0.67% in fees that investors pay searching
for superior returns.

Moreover, earnings days represent only a tiny fraction of trading days—about 1% of
stock-days in our sample. A selective strategy that captures information value only on
these high-value days would therefore earn approximately 0.01 x 3.57 x 0.04 ~ 0.0014%
of market capitalization per year—far less than the 0.04% one would earn by being active
on all days. This calculation underscores that even on the most information-rich days in
a firm’s calendar, being active does not come close to justifying the fees charged by active

asset managers.

4.2.4 Noncompetitive market makers

Our first main assumption in deriving Proposition 1 is that the total expected gain to in-
formed investors equals the total expected losses to noise traders (Assumption 1). This
equality holds if market makers are competitive and earn no rents in equilibrium. It is
therefore natural to consider relaxing this assumption. Doing so, however, would deepen
the puzzle.

Suppose that instead, market markers have some market power and charge a markup.
In such a market, market makers receive the same amount of losses from noise traders,
but pass only part of them to informed investors. As a result, aggregate losses by noise

traders provide an upper bound on the value of information.

4.2.5 Noncompetitive asset managers

The aggregate fees estimated by French simply measure aggregate fees paid by investors,

and do not assume anything about the competitiveness of asset management. Similarly,
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the fund specific expense ratios we use in Table 4 measure the fees paid by investors to
the average fund, and do not assume anything about their competitiveness. The basic
intuition, formalized in Equation (12), suggests that the value of information is bounded
from below by the fees paid by investors to the asset managers in equilibrium, regardless
of the competitiveness of the asset management. This intuition is clearly violated by our

estimates.

4.2.6 Risk averse informed investors

In Kyle-Back models, informed investors are risk neutral. By contrast, informed investors
are risk averse in Subrahmanyam (1991)’s extension of the Kyle model, and in noisy ra-
tional expectations models in the tradition of Grossman and Stiglitz (1980). How much
would risk averse informed investors be willing to pay in this environment? Well, the
aggregate losses of the noise traders would still measure the expected gain in monetary
terms from superior information. But due to risk aversion and Jensen’s inequality, the in-
formed traders would be willing to pay less than their expected gain. Thus, higher risk

aversion would lower the value of information and further deepen the puzzle.

4.2.7 Limited arbitrage and risk averse market makers

In the Kyle-Back framework, market makers are unconstrained in their ability to arbitrage
the asset. In reality, market makers are constrained by the need to balance their inventory
risk and the need to earn a profit.

Kondor and Vayanos (2019) study the dynamic interactions between liquidity providers’
capital, the liquidity that these agents provide to other participants, and assets’ risk pre-
mia. They show that in a framework with minimal frictions, in particular, no asymmetric
information or leverage constraints, risk averse market markers (arbitrageurs) would set

positive price impact coefficients () that decrease with their wealth. That is, even if no
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asymmetric information is present, price changes could still covary with order flow, and
we could misattribute this to the value of information.

We are aware of no theoretical work that combines their model with asymmetric infor-
mation, but it is plausible that in such an extension of their model, price impact coefficient
would compensate market makers for both adverse selection and risk aversion. In this case

too, we would underestimate the value of information, and the puzzle would deepen.

4.2.8 Partial information and multiple informed investors

In the Kyle (1985) and Back (1992) framework, a monopolistic informed investor learns the
fundamental value of the asset perfectly, without noise. It is arguably more realistic that
the informed receive only a noisy signal about the asset’s fundamental value. Moreover,
multiple investors can simultaneously acquire information about the asset. Would such
features change the interpretation of our estimates?

Back, Cao, and Willard (2000) consider a more general model in which multiple in-
vestors receive partial and potentially correlated signals about an asset’s fundamental
value. Although this model is harder to solve and generates different dynamics of trade
and prices, it generates the same expression for the aggregate losses of the uninformed
noise traders (Equation (1)) and for the aggregate value of information to all informed
investors combined (Back, Cao, and Willard 2000, Corollary 3). Therefore, our main result
in Proposition 1 holds in this more general setting.

Intuitively, even with multiple informed investors and partial signals, the gains to the
informed come entirely from the losses of the noise traders. Therefore, our approach of
focusing on the losses of the noise traders allows us to abstract from these specific model

features.
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4.2.9 Discrete time and relaxing orthogonal informed trading Assumption 2

Assumption 2 holds exactly in continuous-time Kyle-Back models because informed trad-
ing is smooth relative to noise trading. But what if we consider a more general discrete-
period setting where this assumption may be violated? Here we show that even in such
cases, our measure provides an upper bound on the value of information.

Consider a discrete-time analog where trading occurs over N periods, similar to Kyle
(1985). Let AP, =P, — P,1,AY, =Y, - Y, 1, AX,, =X, - X,,and AZ, = Z,, — Z,,_,
denote the changes in prices, order flow, informed trading, and noise trading in period n.

Assume that price changes are linear in order flow:
AP, = M\ AY,, (13)

for some positive price impact coefficient A, > 0. We further assume that noise trading

innovations are uncorrelated with informed trading decisions:
E[AZ,AX,] = 0. (14)

This assumption is natural: noise traders’ liquidity needs are exogenous and independent
of informed traders’ strategies, which depend on private information about fundamentals.
Due to Assumption 1, the expected profit to informed traders over all periods can be

written as:

N
O=FE Z AP,AZ,

n=1

N
=EY AP,(AY, - AX,)

n=1

N N
=E) APAY, -E) APAX,. (15)
n=1 n=1
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The first term is precisely what we measure empirically. The second term captures the
extent to which Assumption 2 is violated in discrete time.

Using the linear pricing rule (13), the second term becomes:

N N
E Z AP,AX, = E Z M\ AY,AX,

n=1 n=1

=E) M(AX,)? (16)

where the last equality follows from the orthogonality condition (14). Since A, > 0, this

term is non-negative. Therefore:

0= EiAPnAYn — EiAn(AXn)Z < EiAPnAYn. (17)
n=1 n=1 n=1

This establishes that our empirical measure £ ) AP, AY, provides an upper bound
on the true value of information even when Assumption 2 does not hold exactly. If any-
thing, violating this assumption would make the puzzle even deeper: the true value of

information would be even smaller than our already modest estimates suggest.
Moreover, the “error term” in (16) vanishes as the time step shrinks. In Kyle-style
models, informed trading increments AX,, are of order At (smooth), so (AX,,)? is of or-
der (At)?, which becomes negligible relative to AP,AY,, (of order At) as At — 0. This
provides additional intuition for why Assumption 2 holds exactly in continuous time and

approximately in high-frequency discrete time.
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4.2.10 Jumps in prices

The continuous-time Kyle-Back framework assumes that prices follow diffusion processes
withoutjumps. Inreality, asset prices can exhibit discontinuous jumps, particularly around
news events or market stress. Importantly, the discrete-time analysis developed in Section
4.2.9 implicitly accommodates such jumps. There, we only require that price changes sat-
isfy AP, = \,AY,, for some positive \,. This relation places no restriction on the mag-
nitude or continuity of price changes between periods. Prices may jump discontinuously
from P,_; to P,, and the upper bound in (17) still applies. Therefore, the result—that
E > AP,AY, provides an upper bound on the value of information—extends naturally to
settings with price jumps.

This generalization is empirically relevant because our high-frequency estimates ag-
gregate price changes and order flow over discrete time intervals (e.g., one-minute win-
dows). Within each interval, prices may exhibit jumps due to news arrivals or large trades.
The discrete-time framework ensures that our estimates remain valid upper bounds on the

value of information even in the presence of such discontinuities.

4.2.11 Behavioral explanations

Our discussion above suggests that solving the puzzle requires an additional source of
revenue for market makers that would compensate them for losses to informed traders,
even if price impact is as low as our estimates suggest. Treynor (1971) writes about a third
type of traders that is potentially missing from the Kyle-Back framework—"transactors
acting on information which they believe has not yet been fully discounted in the market

price but which in fact has." Treynor (1971) explains,

This is where the third kind of transactor comes in: From the market maker’s
point of view, his effect is identical to the liquidity-motivated transactor’s. The

market maker naturally welcomes the cooperation of wire houses and infor-
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mation services like the Wall Street Journal that broadcast information already
tully discounted since many investors are easily persuaded to transact based
on that information, hence enable the market maker to maintain substantially

smaller spreads than would be possible without their trading activity.

While Treynor (1971) thought of such traders as identical in their effect on the market to
noise traders, one may imagine their misunderstanding of their position in the information
supply chain, may lead them to trade in the wrong direction on average. In this case, such
behavioral investors would lose more than the bid-ask spread in each trade.

Large systematic trading mistakes are a potential explanation for our puzzling esti-
mates. In such an environment, the aggregate losses that are shared by market makers
and informed traders are composed of both trading costs which we measure and trading
mistakes which we do not.

Barber et al. (2009) quantify the losses of individual investors using complete trans-
action data from Taiwan. They find that individual investors lose approximately 2.3% of
aggregate market capitalization annually between 1995 and 1999. Of this, gross trading
losses—the pure stock-picking losses from buying stocks that underperform stocks sold—
amount to 0.6% of market capitalization annually, with the remainder attributable to com-
missions, transaction taxes, and market-timing losses. More recent evidence from US mar-
kets documents similar patterns. Barber et al. (2022) find that intense buying by Robin-
hood users forecasts negative returns, with average 20-day abnormal returns of —4.7%
for the top stocks purchased each day. Barber, Lin, and Odean (2024) show that retail
purchases are concentrated in attention-grabbing stocks that subsequently underperform,
with long-short strategies based on retail order imbalance yielding —14.8% annualized re-
turns among stocks with heavy retail trading. While these studies document systematic
trading mistakes by US retail investors, they do not provide aggregate estimates scaled

by market capitalization. Whether such losses are large enough to explain our puzzling
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estimates remains an open question.

5 Conclusion

We develop a simple, general closed-form expression for the value of information in finan-
cial markets. Under mild assumptions satisfied by a broad class of Kyle-Back models—
competitive market making and orthogonal informed trading—the value of information
equals the expected quadratic covariation between price changes and order flow. This ex-
pression is easy to estimate using high-frequency data and has straightforward economic
units.

Using intraday TAQ data on US equities over September 2003 to December 2024, we
estimate that the average annualized value of information is approximately $3.5 million
per stock. In aggregate, the value of information amounts to only 0.04% of market capital-
ization. Our estimates pass several validation tests: the value of information rises during
turbulent periods, is higher for large, growth, and momentum stocks, and increases more
than 3-fold on earnings announcement days.

These findings present a puzzle. The aggregate value of information we estimate is
considerably smaller than the approximately 0.67% of market capitalization that investors
pay in fees to active asset managers each year (French 2008). Even accounting for fee
compression over time and focusing on the active-passive fee differential, this gap remains
substantial. We consider several potential resolutions—including non-competitive market
makers, risk aversion, partial information, and behavioral trading mistakes—but find that
most would either deepen the puzzle or leave it unresolved.

One interpretation of our findings is that the equity market is highly informationally
efficient, leaving little value for informed traders to extract. An alternative interpretation
is that a significant portion of active management fees compensates for services unrelated

to information, or that behavioral investors systematically lose more than the trading costs
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we measure. Understanding which forces drive this wedge between the value of informa-

tion and the cost of seeking it remains an important question for future research.
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A Appendix

A.1 Robustness

Here we include some additional robustness tests.

To study the sensitivity of our estimates to how we estimate price impact, in Figure A.1
we report the mean value of information across days and stocks for three different algo-
rithms for signing trades as buys or sells: Chakrabarty et al. (2007, CLNV), Lee and Ready
(1991, LR), and Ellis, Michaely, and O’Hara (2000, EMO). None of these have a major ef-
fect on the mean value of information.

Our baseline analysis omits penny stocks with less than $5 in price. The figure further
shows that including such stocks would reduce the mean value of information. This is
intuitive as penny stocks likely have large price impact coefficients.

In Figure A.2 we show that our estimates of the value of information rise only slightly
with the frequency of observation. As we show in Section 4.2.9, the error term in (16)
vanishes as the time step shrinks. Therefore, higher frequency estimates provide a better
approximation to the value of information, while lower frequency estimates are biased
upwards. The figure shows that even at 30-minute frequency we estimate a modest upper
bound on the value of information.

Figure A.3 reports similar robustness tests, but this time for the regression analysis
reported in the baseline regression tables in the paper (e.g. Table 3). Again, we find that

our conclusions are robust to these alternative specifications.
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Figure A.1: Robustness: Mean value of information

—e—- (1) CLNV

— - (@ LR 2
[}

o,

E:

S

o] - (3) EMO <)

=

- (4) No minimum price

| | | | | |
2.9 3.0 3.1 3.2 3.3 34 35
Value of information, USD millons per year

Notes: Reported is the mean value of information across days and stocks for three different algorithms
for signing trades as buys or sells: Chakrabarty et al. (2007, CLNV), Lee and Ready (1991, LR), and Ellis,
Michaely, and O’Hara (2000, EMO). No minimum price shows the effect of including stocks with nominal
price below $5. Idiosyncratic variance shows the effect of subtracting market variance from stock-specific
variance to measure the values of idiosyncratic information. The value of information is the annualized sum
of the product of share price changes times signed share order flow and reported in millions of dollars. All

variables are 1% winsorized.
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Figure A.2: Robustness to the frequency of observation
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Notes: Reported is the mean value of information across days and stocks for various choices for the fre-
quency of observation. The value of information is the annualized sum of the product of share price changes
times signed share order flow and reported in millions of dollars. All variables are 1% winsorized.
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Figure A.3: Robustness: Value of information and stock characteristics
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Notes: Reported are coefficients from regressions of the log value of information on stock characteristics. We
evaluate several fixed effect specifications and three different algorithms for signing trades as buys or sells:
Chakrabarty et al. (2007, CLNV), Lee and Ready (1991, LR), and Ellis, Michaely, and O’Hara (2000, EMO).
No minimum price shows the effect of including stocks with nominal price below $5. Size is log market
equity over the previous month. Momentum is the return over the prior 2-12 months. Book-to-market
is book equity as of last June divided by market equity as of last December (Fama-French conventions).
Observations with negative price impact are omitted. Standard errors clustered by date and stock are used

to construct the 95% errors bars.
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