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Abstract

Price quotes are a valuable commodity by themselves. This is a conundrum in
the standard asset pricing framework. We study the value of access to accurate
and timely prices in a market economy explicitly taking into account that in the
U.S., exchanges have property rights in the price quotes they generate. The fact
that typically large institutions and sophisticated individuals obtain real time price
quotes motivates us to propose a simple model based on complementarity of private
information on the fundamentals and information on price. We find that granting
the public access to real time pricing data has benefits such as stimulating the role
of stock market monitoring. Since the effect on liquidity can be negative, exchanges
need to be able to charge a fee for this service. In other situations, the exchange
can also benefit from free public disclosure of price quotes. We explicitly derive an
equilibrium for differentially informed traders and a profit maximizing exchange.
We confirm that, indeed, agents with the most precise private information will
acquire real time price access. We outline several further empirical implications of
our model.
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1 Introduction

The prices of financial assets are a valuable commodity in and by themselves. Sales of trans-
action data produced revenue of $167 million for the NYSE alone in 2004!. In the standard
asset pricing theory (Huang-Litzenberger 1988, Cochrane 2005), this is a conundrum. On
the other hand, Roll (1984) has shown that enough useful information is contained in market
prices to predict the weather in Florida orange groves. Thus, access to accurate, transparent,
and timely market prices has great value to both dealers (like orange juice futures traders)
and producers (like orange growers who can undertake protective measures against a freeze).
The value of the information contained in prices can best be measured by agent’s willingness
to pay for it (Grossman and Stiglitz 1980). We thus analyze the “price of prices” as an
important characteristic of the financial market.

The fact that agents are willing to pay hundreds of thousands of dollars per year to obtain
real time price access via Reuters or Bloomberg cannot easily be addressed within the stan-
dard asset pricing framework, where agents are typically modelled by preferences they have
over lotteries, and financial markets are viewed as elaborate and complex, but nevertheless
gambles. Nobody would pay for data on past or current outcomes of a (manipulation-free)
gamble. We conclude that financial markets are more than a lottery, and that they produce
high-quality market prices as a valuable output.

To study this issue, we explicitly take into account the U.S., financial exchanges have
property rights in the price quotes they generate? (Mulherin et al., 1991). This was decided
in a landmark 1905 Supreme Court verdict®, in which “the court stated that it was unlikely
the market for future sales was merely gambling since the prices are so important in business
and farming.”? We develop a model of strategic trading in the spirit of Kyle (1985). In our
model, agents have access to information about the value of an asset. But since agents do
not know the most recent price of the asset, they face a source of execution risk when trading
in the markets. For instance, if an agent knows that the stock is worth $100, but does not

know whether it is currently trading at $98 or $102, then the value of his information is

I According to the NYSE’s financial statements. We expect similar magnitude of revenues for other exchanges such as the
CBOT.

2This includes property rights in data derived from the exchange’s price quotes. Certain limitations apply, as discussed
below.

3Board of Trade of the City of Chicago v. Christie Grain and Stock Company, 198 U.S. 236 (1905)

4Quote taken from Mulherin et al. (1991)
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greatly diminished. We solve for the unique linear equilibrium in an economy in which the
exchange has property rights in market prices. Since prices are semi-strong efficient in the
model, agents do not get an informational advantage over the market maker by purchasing
real-time price access. The“price of prices” is positive only because real-time pricing data is
a complement to the private information agents possess.

Our paper is closely related to the literature on the sale of information (Admati and
Pfleiderer (1986, 1990)). In both cases, agents benefit from an improved forecast of asset
mispricing F(V; — P;). While the existing literature has focused on the acquisition of infor-
mation on the fundamental value V;, we find that agents can also improve their forecast of
the anticipated price differential by observing P, more precisely, which explains why they
are willing to pay for a subscription to real-time price information. Note that the seller’s
incentives are different, since the exchange’s primary business is facilitation of trade, not
data sales. We explicitly consider this in our analysis. In the existing literature, indirect sale
of information (e.g., via a mutual fund) is typically optimal (Admati and Pfleiderer (1990)).
Instead, we find that exchanges sell real time price data directly. This is because (i) real
time price data is only valuable in conjunction with private information, and thus indirect
sale of information leads to zero revenue and (ii) truthful sale of pricing information by the
exchange is incentive compatible, since the data is ex-post verifiable.

In the presence of a single informed trader, access to real time prices is valuable, but
comes at the expense of lower market liquidity. This prevents the exchange from publicly
disclosing its price quotes even though access to real time pricing information improves the
effectiveness of financial markets as monitors (Holmstrom and Tirole, 1993). Indeed, we find
that the exchange is indifferent between selling information or not. This is no longer the
case when we introduce endogenous information acquisition. We find that sale of real time
pricing information is beneficial because it eliminates the need to produce information that
is already incorporated into prices. Furthermore, it increases the marginal utility of private
information, which in turn increases the usefulness of market prices to monitor management.

When multiple informed agents compete in financial markets, they may find it in their
interest to acquire real time pricing information even if, as a group, informed traders would
benefit from abstaining to do so. Indeed, we show that the exchange maximizes its profits

(and, simultaneously, market efficiency) by selling real time information to all informed



agents®). Specifically, we show that the exchange always sells a signal on price information
to all (or at least many) informed traders. Consistent with the availability of real time
data, this signal is of high or infinite precision. Furthermore, we show conditions under
which the exchange benefits from the public availability of a second signal of (considerably)
lower precision. The exchange can benefit from the free disclosure of price information in
two ways. Firstly, such a disclosure can level the playing field and thus improve market
liquidity. Secondly, providing informed traders with more information can intensify the
degree of competition among them, which in turn increases their willingness to pay for the
high precision signal.

When informed agents differ along the precision of their respective private signals, we
show that it is the agents with the most precise private information who have the highest
marginal utility of accurate pricing information. At the same time, we prove that selling real
time data to these agents has detrimental effects on market liquidity. The resulting tension
leads to a challenging but interesting profit maximization problem for the exchange. The
equilibrium ”price of prices” can be characterized as a cost schedule when the cost increases
in the precision of the current price signal. We show conditions under which an equilibrium
exists and show that better informed agents indeed purchase more precise real time price
data. This confirms the empirical fact that it is well informed, highly specialized traders
who pay substantial amounts of money to obtain access to real time pricing data.

The "price of prices” that agents pay varies. Individual investors can receive real-time
pricing data from a source such as Yahoo.com for a nominal fee (as of Dec. 2006, this
fee is $13.95 per month)®, or they receive it for free from their broker (and indirectly pay
by trading with the broker). For institutional investors who subscribe to professional data
service through a company such as Reuters, they need to directly pay the exchange. In case
of the NYSE, the fee is $5,000 per month plus a $60 fee for every display unit (as of Dec.
2006)). The latter fee is lowered by $10 if the recipient can is willing to accept a five second
delay.

We focus primarily on the timeliness of price quotes as one dimension of the economic value

of prices. In addition, accurate pricing information is needed to implement advanced trading

5In contrast to Admati and Pfleiderer (1986, 1990), where sale to a subset of potentially informed agents is optimal. Our
result is due to the exchange taking the impact of data sales on liquidity into account.
6 As of January 2007, the NYSE is asking the SEC for permission to sell real time data to websites at $100,000 a month.



strategies or detecting small arbitrage opportunities. Academic researchers are probably
familiar with the “price of prices” from their own experience in acquiring costly data sets.
Besides the dimensions previously mentioned, reliability and comprehensiveness determine
the value of pricing data. Only large data sets without errors can lead to a maximum of
information content being extracted from the data. It is thus not surprising that Wall Street
firms invest in the maintenance and protection their own data-sets, as they are useful in
their trading activities.

How to arrange the trading process in the most efficient way has been a central question
in the microstructure literature. For this purpose, researchers have introduced a number of
measures of market liquidity and informational efficiency. No single sufficient statistic for
the quality of a market can be developed. We add the “price of prices” to the list of existing
variables as a direct measure of the usefulness of information contained in market prices. The
fact that the major exchanges receive a substantial portion of their total revenue from data
sales indicates that, despite recent debates on market irrationality, the information content
of stock prices is considerable.

In our paper, we establish the economic value of access to accurate and timely market
prices. At the same time, it is striking that real time prices are so valuable, given that
briefly delayed quotes are free. While we provide conditions under which the exchange
benefits from the free disclosure of a noisy public signal, we view the question of an optimal
delay time (typically 10 to 30 minutes, as seen in Table 1) as essentially an empirical one’.
We believe that the value of pricing access for speculative trading is greatly diminished after
a 15 minutes delay. Early studies such as such as Patell and Wolfson (1984), Jennings and
Starks (1985), and Barclay and Litzenberger (1988) examine the speed of price response to
various corporate announcements such as dividends, earnings, and equity offerings. They
find that prices incorporate news within five to fifteen minutes, which perfectly corresponds
to a high economic value of real-time prices, while a 15 minute delay will preclude significant
trading profits. Kim et al. (1997) report a similar time frame for the reaction to analyst buy
recommendations. Busse and Green (2002) provide some evidence that markets react to TV

stock buy recommendations much quicker, often within seconds up to a minute. However,

"In what follows, we view the occurrence of a public news event as the origin of private information for informed agents, as
in Kandel and Pearson (1995). We find it essential to explain the price of prices in a market that is efficient in the semi strong
sense.



the response to sell recommendations is more gradual, “lasting fifteen minutes, perhaps due
to the higher costs of short-selling.” We conclude that a high price of real time quotes and
a low price of quotes with a fifteen minute delay is consistent with the empirically observed
speed of market reaction to news events.

This implies that private information on the fundamentals and pricing information are
complementary. We propose a simple model based on information complementarity explain-
ing the stylized facts described above. We explicitly derive an equilibrium for differentially
informed traders. We show that in order to extract maximum profits, the exchange should
sell price information according to a certain cost schedule with higher cost for higher preci-
sion. Our model has several further empirical implications.

This by no means implies that delayed price quotes are worthless. Indeed, they can be
viewed as a public good, helping for instance in the valuation of large portfolio positions. A
portfolio of liquidly traded securities in markets with good price discovery is much easier to
value than, for instance, a portfolio of energy derivatives such as ENRON had®. Similarly,
an agent engaging in optimal portfolio choice still values accurate price quotes with a short
delay, as they will help him allocate funds more efficiently. In fact, the legal system has
placed limitations unto the exchange’s property rights in price quotes that align with this
view. For instance, agents are allowed to use an exchange’s settlement price as the basis for
the creation of derivatives products®.

This paper is structured as follows. We present our model in section 2. We solve for
equilibrium and analyze its implications for the price of prices in section 3. We examine far
more complex information allocations in section 4 and provide implications and conclusions

of our analysis in section 5.

2 The Model

We consider a model of price formation in securities markets with strategic traders along the
lines of Kyle (1985). However, we modify the model to explicitly incorporate the institutional

fact that exchanges have the property rights to the prices they generate (Mulherin et al.

sThe absence of transparent market prices have led people to doubt the valuations ENRON
attributed to their portfolio.
9The New York Mercantile Exchange (NYMEX) filed and lost a lawsuit against the Inter-

continental Exchange (ICE), trying to prohibit ICE from doing exactly that.



1991). Specifically, we assume that a single risky asset is traded at times ¢t = 1,...,7. In
each time period ¢, the asset generates a random cash flow of §;, which we assume to be
Normally distributed with mean zero and variance o2. Similar to Admati and Pfleiderer
(1988), the asset does not pay dividends, resulting in a “liquidation” value of the asset at

the beginning of period t of

t—1
s=1

We assume that all §,’s are jointly independent. The risk-free rate in this economy is nor-
malized to zero.

We assume three types of risk-neutral agents in our model: Uninformed (liquidity) traders,
informed traders, and competitive market makers. We assume that in each period ¢, a group
of short-lived informed and liquidity traders are born just before markets open. They trade
once when markets open at time ¢ and realize their profits or losses. They then consume
and leave the economy to make room for a new generation of traders.

The generation of noise traders collectively submit a demand of u; ~ N(0,02) at time
t. In addition, there is a generation of n; agents that have access to information about the

asset’s cash flow 4, prior to trading. Specifically, we assume that agent k receives a signal
Skt = Vig1 + €xy (2)

about the value of the asset. The error terms ¢, are Normally distributed with mean zero
and variance o7,. We assume that the cross-sectional correlation of the error terms is zero.
Based on their private information, agents may choose to submit buy or sell orders to an
exchange, where the asset is traded.

Following Kyle (1985), we assume that prices are set by risk-neutral, competitive market
makers working at the exchange, who observe the aggregate net order flow. Asin and Admati
and Pfleiderer (1988), the market makers observe the cash flow ¢; at the end of each trading
round and set the market efficient price. We assume that the asset value at the end of period
t, Vi, becomes publicly and costlessly available after m periods of trade. This assumption
parallels the institutional feature that price quotes generally become public after a period of
15 or 20 minutes.

Thus, informed agents who want to trade on their private information face an execution

risk. While they know the fundamental value of the company, they face uncertainty about



the most recent market price. We assume that informed agent k£ who chooses not to acquire

a costly price signal in period ¢, trades on a noisy lagged signal and therefore has a belief'®
Py = Vi + v, (3)

where the error terms 1, are jointly independent and Normally distributed with mean zero
and variance o2.
Agents who wish to learn V,_; after only [ < m lags of time need to pay an amount Cj to

the exchange. Agents may thus update their beliefs to
P = Vi + . (4)
By doing so, the agent’s error variance is reduced to
o2, = l—kaz (5)
n,k m v

Thus, there is a very simple link between the timeliness and the accuracy of price quotes in
our model, in the sense that more timely information improves its accuracy. For instance,
an agent k who purchases real time access to price quotes (I, = 0) observes V;_; perfectly:
0'7277]6 = 0.

Note that, we follow Admati and Pfleiderer (1988) by assuming that private information
is short-lived and becomes known to market makers at the end of each period. We view
our model as a “reduced form” of a more general setup of dynamic informed trades along
the lines of Foster and Viswanathan (1996) and Back et al. (2000). In these models, agents
learn each others’ information by observing the current market price. To do so in reality,
they need to obtain costly real time price access. In such a setting, the relationship between
accuracy and timeliness of information will be more intricate. We choose not to follow this
approach here for the risk of having technicalities distracting from the focus of the paper,
namely the value of information contained in prices. Rather, the model we employ has a
close resemblance to the literature on sale of information. We will provide a discussion on
this issue below. Exploring the role of learning from prices in a model with more complex

dynamic trading strategies is an exciting direction for future work.

10TIn other words, agents have noisy beliefs about V4, since they only observe Vi_p,.



3 Equilibrium and Analysis

We proceed to derive the equilibrium in our economy and analyze its general structure in
this section. Since we simplified the dynamics of our analysis, equilibrium in any period
t > 1 is independent of prior or future periods. We thus drop the time subscript (¢) in our
variables to reduce notational clutter.

For this purpose, we find it useful to introduce the following notation. Let

X = (o3, (o, ugm) —1,..m) (6)

be the (2n 4 1)-dimensional vector that provides a sufficient statistic for the ex-ante infor-
mation structure in period ¢ of our economy.

We then define the functions

and

Z( +2a +20 )2' (8)

This allows us to state the equilibrium in our model as follows.

Proposition 1. The unique linear equilibrium in our model is given by informed traders’

demand of
z; = 0i(Si — P) 9)
\/§Uu 1 o?
ﬁi = ) 26 2 (10)
o5/ f(X)+g(X) o5 + 207, + 20,

and a market maker pricing rule

P=V+X> zi+u) (11)
i=1
)y Py

V2o, 1+ f(X)

Note that the resulting equilibrium is similar to the one in Kyle (1985). The differences

are due to the execution risk caused by the uncertainty of informed traders about the most

2

recent market price, as captured by the parameter o, ;.

If this is zero for all agents, our

model collapses to a variant of Kyle (1985).



The simple analytical structure of the model is a main reason for setting up the model the
way we have done. Alternatively, one could assume that agents do not have a personalized
signal about the last traded price, V;_1, but rather observe the price history up until &k lags
before they are born. In this case, they may all use V;_,_; as their best estimate of V,_;.
Such a model can still be solved, and leads to very similar economic behavior. However,
we abandoned this line of modelling since the equilibrium price schedule necessarily implies
a two-factor structure rather than the single-factor structure here. This added analytical
complexity may obfuscate the economic intuition behind our paper.

We introduce two sets of new variables p,; and p,; that can be viewed as scaled precision

of private and price information as

i = > i=1,.,n, (13)
Oc¢,i
and
0s .
i ) = ]-7 ERAD 14
Hp, s ¢ n (14)

respectively. Specifically, j;; measure the ratio of ex-ante uncertainty, o5 to agent i’s er-
ror of private information, o.;, while p,; does the same with respect to agent ¢’s error of
price information, o,,;. In order to make the subsequent analysis more transparent, we also

consider the following variables

o
05 +2 (02 +03;) 1)

2 2\
Ns,i lu’p,i

Each of the variables x; is analogous to a signal-to-noise ratio for the agent 7. This variable
lies between 0 (when agent ¢ is uninformed) and 1 (when agent ¢ is fully informed). Clearly,
(15) is monotonically increasing and concave in both precision g, ; and ;.

Expected profits for informed trader ¢ are given by

with the “structural factor”




where . N

and are scaled by the expected insiders’ payoff in Kyle (1985) model

1
Tk = 505011' (19)

Importantly, the structural factor D (x) depends on the entire information distribution across
the informed agents, while each of the the parameters {z;, i =1,..n} characterizes the

information set of a particular agent. The inverse market liquidity takes the form

V2\/f (@) +g(x)

A = , 20
with the standard inverse market depth parameter (Kyle 1985)
s
Ak = —. 21
K 20, (21)

There is a close resemblance to the well-established literature on the sale of information
(see, among others, Admati and Pfleiderer 1986, 1990). This can best be seen when we
examine the individual agent’s trading strategy z; = 3;(S; — R) As in the literature on the
sale of information, the trading strategy is linear in the anticipated price differential. From a
modeling perspective, the difference is that the existing literature has focused on improving
the agent’s forecast of next period price (denoted S; in our model). In this paper, however,
we argue that the agent will not perfectly observe current price (denoted P;). Rather, the
agent needs to purchase real time price data to improve his estimate about anticipated price
appreciation of the asset. This similarity to the existing literature explains why some of the
special cases we examine in section 3 bear a certain resemblance to existing results. At the
same time, this enables us to adopt the intuition from existing models and apply it to our
analysis.

Following this intuition, we can identify several dimensions along which we differ from
the existing literature. Firstly, we consider the sale of data, not information. Since the data
is ex-post verifiable, we can easily overcome concerns about the seller’s incentives to sell
information truthfully. “Lying” by the exchange is not a concern.

Indeed, the seller of information is an entirely different entity. In fact, it is not the ex-

change’s primary business to sell data. Rather, the exchange needs to facilitate smooth

10



trading to maximize listing fees and attract buyers and sellers. In what follows, we will
specifically analyze how the sale of data impacts the behavior of the exchange and param-
eters of the trading system. It may even be the case that the exchange benefits from a
free disclosure of real-time price data - something that could never happen in the existing
literature on the sale of information.

Last but not least, the value of the information contained in real-time prices is probably
highly limited for individual and passive investors. It is probably well-informed private
individuals and institutions who benefit the most of real-time data access''. We capture this
spirit in our model, where real-time price access is only valuable in conjunction with private
information. This is in contrast to the literature on the sale of information, in which anyone
can gain a valuable advantage from purchasing information.

Our paper differs from the existing literature on the sale of information in the following
sense. In Admati and Pfleiderer (1986, 1990), it is often optimal to sell information indirectly
(i.e., by setting up a mutual fund), as this (i) mitigates truth-telling constraints and (ii) often
leads to higher revenue due to avoidance of competition among informed traders. In the case
of exchanges selling real-time transaction data, this is typically done directly, since (i) the
data is ex-post verifiable and (ii) individual agents need to combine real time pricing data
with their own private information to reap trading profits. In the setting of our model,
indirect sale of information would generate zero revenue, since the exchange does not have
any private information it can combine with real time pricing data (by definition, the stock

price already reflects all the exchange’s information).

3.1 Analysis

We now proceed to analyze the equilibrium we derived above. Specifically, we investigate
the exchange’s decision to potentially sell pricing data, and the informed agents’ incentives
to acquire them. It is important to recognize that the sale of price and transactions data is
not the prime business of an exchange. Certainly, the exchange cannot maximize revenue
from data sales without taking the impact of such a sale on price discovery and market

liquidity into account. Thus, as in Holmstrom and Tirole (1993), we assume that firms need

HPresumably, the information contained in real-time prices is also valuable to financial intermediaries, institutions who
execute massive trades, and liquidity providers who may act as market makers. We abstract from these issues for the sake of
simplicity.
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to compensate all or at least some of uninformed traders for their expected losses to better
informed market participants. Specifically, let ¢ € [0, 1] denote the fraction of uninformed
trader’s losses the exchange needs to reimburse (we can think of ¢ as the exchange’s shadow
price of liquidity). We assume that the firm is willing to offer the exchange a (constant) listing
fee (), from which the firm subtracts the expected compensation of uninformed traders, which
are given by g\o2. In addition, the exchange can earn additional revenue by selling its pricing
data to informed traders. Let C'(i) > 0 denote the dollar amount that informed agent i is
willing to spend on acquiring pricing data (given the exchanges pricing scheme (cy, ..., ¢y)).
The exchange’s problem is now to

n

max Q — q\o> + Z C(1i) (22)

i=1
Alternatively, this maximization problem can be rationalized by the idea that exchanges
compete for order flow, as in Huddart, Hughes, and Brunnermeier (1999). Thus, the effect
of the exchange’s sale of information on market liquidity directly affects the exchange’s profit.
The intuition is as follows. If sale of information reduces market depth, then the exchange
has to compensate uninformed traders for higher trading costs to attract their orders (and
vice versa). The parameter ¢ will be dictated by the degree of competition, where ¢ = 1
represents perfect competition among exchanges.

To guide our economic intuition, we conduct our analysis in three steps. First, we analyze
the case of a monopolistic informed trader. Second, we allow any positive number of informed
traders, n;, with the same precision of their information. In the third and final step, we
analyze the general case of multiple agents with different information quality. For the sake
of economic intuition, we will start with the case of m = 1, i.e. the exchange either selling
a signal of perfect precision, or no information'?. We then proceed to investigate which
agents purchase more informative signals if the exchange offers a menu of different signals
at different prices. Furthermore, we focus on perfect competition among exchanges initially

(¢ = 1), and revisit the more general case subsequently.

12We eliminate the first trading period, ¢ = 1, from our consideration here, since there is no
uncertainty about past transaction prices. Period 1 is identical with a standard Kyle model.
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3.2 Monopolistic Informed Trader

We start with the case of a single informed trader (n = 1). This simplifies the analysis
significantly. Indeed, proposition 1 implies that the individual agents expected profits with

private information and price precisions j; and f,, respectively, are given by

o 1 1\
T = TK 1+—2+—2 y (23)
s Hp
while the inverse of market liquidity, A, is
1
1 1Y) 2
A=Ak (1+—2+—2> . (24)
s  Hp

It can be seen from these expressions that certainly the exchange cannot afford to disclose
past price quotes freely, since an increase in the informed trader’s price precision, p,, leads

to an increase of A and therefore to a decrease in market liquidity.
3.2.1 Optimal Sale of Pricing Data

Since we assume m = 1, a purchase of real-time pricing data would reduce the informed

trader’s uncertainty about V' to zero, and thus increase his profits by

B} 1\ 2 1 1\ 2
§=7 1+—) —(1+—+—> . 25
K(( 2 pz oo (25)

Thus, the exchange either charges an amount of ¢; = 8, or does not sell information at all.
However, the informed trader’s willingness to pay for information is due to his increased
trading profits, which in turn cause the market to become less liquid. Note that the extra
revenue from the sale of information is exactly equal to the additional losses to liquidity

traders. We have thus proved

Proposition 2. In the case of a monopolistic insider and , perfect information about the

most recent transaction price, V', is worth an amount of

B} 1\ 2 1 1\ 2
§=7 1+—) —(1+—+—> . 26
K(( 3 pEoong (26)

Since this is exactly offset by a decrease in market liquidity, the exchange is indifferent
between selling past pricing data and keeping the information to itself in a case of a full

compensation for liquidity traders, (g =1).
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This proposition differs from results of Admati and Pfleiderer (1986), since the exchange
needs to compensate the expected losses of liquidity traders. While the proposition estab-
lishes the value of pricing information, but questions remain. What are the welfare effects
of the exchange selling pricing information? Are there situations in which the exchange can
generate positive profits from the sale of data? We will proceed to answer these questions
in turn.

First, we note that the informational efficiency of the stock market increases when the
exchange supplies costly transaction data. The uncertainty about the asset’s fundamental

value that is not revealed in market prices, Var(V 46| P), is found to decrease by an amount

of ) )
) _ _
o2 1 11
2(1+=) —(1+=5+= > 0. 2
2(( +u§) <+u§+u§> >_O 27

Therefore, while the exchange is indifferent between selling pricing data or not doing so in
a case of a full compensation (¢ = 1), society clearly prefers the additional welfare benefits
of having more efficient markets. These benefits can originate from a mitigation of agency
conflicts and improved executive compensation (Holmstrom and Tirole 1993) or from more
efficient investment decisions (Fishman and Haggerty 1989). But the sale of pricing data has
additional welfare implications that become clear once we allow for endogenous information

acquisition.
3.2.2 Endogenous Information Production

We now investigate a situation in which the informed trader is not endowed ex-ante with
information, but needs to engage in costly research to uncover it (Holmstrom and Tirole
1993, Verrecchia 1982). Specifically, we assume that, at a cost of ¢.(x), the agent can obtain
a signal about the final payoff of the firm with precision = (the only change to the previous

model is that the error variance 02 = 1/x is now endogenous). Similarly, let ¢,(y) denote

the cost the agent needs to incur to obtain a signal about the most recent transaction price,
V', with precision y = 1/ 0%’1. We follow the literature in assuming that the cost functions c,
and ¢, are monotonically increasing, convex and differentiable.

In the absence of the exchange selling a signal to the informed, these assumptions assure

that there exists a unique equilibrium at the information acquisition stage. In equilibrium,
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the informed investor acquires a positive signal precision about both the liquidation value of
the asset and the most recent transaction price. Let (67,,07 ;) denote the agent’s optimally
chosen error variances.

We proceed to obtain some economic insights into the effects of allowing the (possibly
costly) disclosure of transaction price data. Firstly, such a disclosure eliminates the need for
the informed trader to engage in costly research about the current market price. This repre-
sents an immediate welfare gain of ¢, (1/ 6,27,1), since spending resources to obtain information
that society already possesses is redundant.

Furthermore, disclosing real time pricing data stimulates private information production,

thus leading to improved market efficiency and stock market monitoring. Specifically, if they

2

;- Lhis in turn

acquire real time pricing data, their error variance becomes 7,; = 0 < &
increases the marginal utility of private information, and thus induces the informed agent
to acquire more precise signal about the asset’s fundamental value. Let 1/ &6271 denote the
agent’s optimally chosen precision of private information. It follows that 62, < 2. This
will result in improved informational efficiency of the market.

We have thus established the welfare gains from disclosure of current transaction prices.
However, since such a disclosure leads to more informed trade, market liquidity will deterio-

rate. Thus, the exchange cannot simply disclose this information freely, but needs to sell it.

We summarize our results in the subsequent proposition.

Proposition 3. A (potentially costly) disclosure of real-time pricing data increases the effec-
tiveness of stock market monitoring by leading to more private information production. An
additional welfare gain accrues since the informed agent does not need to produce information

about current prices that is already known to the market.

Again, since there is a monopolistic informed trader, the increase in market monitoring
activity comes at the expense of larger losses to uninformed shareholders. The exchange
thus needs to charge the informed trader for access to real time prices. Whether it will
be profitable for the exchange to sell pricing data or not depends on the relative costs of
producing private information about asset value versus information about current market
price. The issue of a profitable sale of pricing information will become much more clear when

we introduce competition among multiple informed traders below.
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3.3 Multiple Informed Traders with Equal Precision

We proceed to analyze the case of multiple informed traders. When we introduce competi-
tion among informed traders, the economics of selling pricing data changes. This gives the
exchange a new potential source of profits: Competition among informed agents can lead
each one of them to acquire pricing information, even though informed traders as a whole
may be worse off in the process.

For the sake of developing our intuition, we start with the case in which all informed
traders have equal precision ex ante: p,2 = 0s/0, and p, = o5/0. for all agents i = 1...n.
Assume that there are n; informed agents who have access to more precise costly time price
quotes with p,1 > p, 2, and the remaining ny = n — n; agents do not. In what follows, we
will refer to the n; agents who acquire the real time price information as "high types”, and
the no who do not acquire that information as ”"low types”. The signal-to-noise ratios for

the high and low types of agents are

2 2\ !
rr= |1+ ) + 5 , (28)
s :up71
and )
2 2\
xQ—(H_ﬁT) | (29)
s D,2

respectively. By construction, the signal-to-noise ratio of the high types is greater or equal
than that of the low types
T Z ZIo. (30)

In what follows, we analyze how the exchange optimally chooses the precisions of both high
and low price signals and the optimal cost of high signal.

The expected profits for the high and low types are given by

and

respectively. The structural factor is

D (m) = (04 £ () VT ) + g m)) (%)
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where

f(n1) = nzy+ny(x; —x9), (34)

g(n1) = naj+n (2f —23).

Since x; > x5, the difference in expected profits, A = 7% —7"? is always positive. Consistent
with the literature, we call A the informed agents’ maximum willingness to pay for access
to real time pricing information. The exchange now progresses choose the signal-to-noise
ratios 1 and x5 and to set a profit-maximizing price of information. Since () is constant,

the exchange effectively maximizes the revenues net of a fraction g of the liquidity losses

max L, (n,c), (35)

Ly(n1,¢) = njc—gho.

The maximand L (nq, ¢) consists of two components. The first term, nic, equals the revenue
of the exchange from data sales, R (n1,c¢) = njc. The cost of information, ¢, is set to control
how many agents find it optimal to acquire it, i.e. n; < n is the maximum number of agents
under which A > ¢. The second component, gAo?, is the compensation to uninformed
traders. This reflects the fact that the exchange needs to maintain market liquidity, and
can also be interpreted as the shadow cost of illiquidity. For the clarity of exposition, we
first consider the case of full compensation (¢ = 1) and lift this restriction in the subsequent
analysis. We define the exchange’s profits of selling the price information as a marginal
increase of the exchange’s objective function due to the sell of the real-time price information.

In our case, the exchange’s profits are defined as
AL, (ny,c,x1,x9) = Ly (n1, ¢, x1,22) — Ly (0, ¢, 21, 22) . (36)

The exchange optimizes its profits (36) with respect to the number of high types n; and
signal-to-noise ratios x; and x5, and this determines the optimal cost of a high signal ¢ at
equilibrium. To simplify the exposition, we first optimize (36) with respect to n; for arbitrary
1 and x9, and then consider the optimization with respect to the signal-to-noise ratios. We

proceed with the following result.

Proposition 4. In the case of full compensation (q = 1), the exchange maximizes profits by

setting the price of information, ¢, such that all n informed agents in the economy purchase
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information. This occurs at a price of information of

(1 — 22) (1 + 21 + 22)
K
(1+nwzy) v/n (1 + 23)

>0, (37)

At this price, profits of the exchange are positive and amount to

AL _ vV (z2 + z3) ! - ! . (38)
Tk PN+ nwo) Vs + 22 (1+nwy) Jar + 22

This objective-mazximizing behavior by the exchange simultaneously mazximizes the informa-

tional efficiency of the market.

From (38), it follows that the optimal profits of the exchange are monotonically increasing
in the signal-to-noise ratio of the high signal x1, implying that the optimal value is achieved

for the maximal z;. Note that equation (28) implies that the signal-to-noise z; is bounded

9 -1

and therefore the profits are maximized at =} = x,,. Taking into account (28) and observing
that 1 monotonically increases in the precision p, 1, we conclude that the exchange optimizes
profits by selling a high signal of infinite precision (u,; = 00), which can be interpreted as
selling real time price information without any delay or noise added.

Importantly, the optimal expected profit of exchange (38) is non-monotonic in the signal-
to-noise ratio of the low signal x5. First of all, as stated in the above proposition, the profit
(38) is non-negative for any zo € [0;z1]. Second, (38) takes on a value of zero for both
boundary values of x5 = 0 and x5 = x;. Indeed, the expression for the exchanges profits in
(38) is the difference between the exchange’s value function in case of everyone purchasing the
high signal (which implies a signal to noise ratio of 1) and everyone abstaining to purchase
a signal, and thus having a signal to noise ratio of 5. In case of zo = 0, traders do not have
any information, and thus cannot benefit from purchasing pricing information. This explains
why for x9 = 0, the exchanges profits are zero. By contrast, if x5 = x1, the low signal equals
the high one, and thus agents are not willing to purchase the high signal. Since the profit
(38) is not identically zero and takes zero values on both sides of the segment x5 € [0; x4],
the profit of exchange must achieve its maximal value inside of the interval xo € (0;x1). This

can be seen in Fig.1, which plots a typical profile of the profit function (38). In this case,
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the parameters are n = 100 and z,, = 0.1. Clearly, the function has a peak at x5 ~ 0.01.
As we show in Appendix, for sufficiently large number of informed traders n >> 1, we have

an approximate relation of
1 —(n, ps)
N —— 40
x2 n— 2 ? ( )
with ,
8 n(mn—1)7% 1

n, hs) = )
7 () V=2 (n—2)"* (14 nwpn) /Tm + 22,

-1
and z,, (us) = <1 + ;%) . The approximation (40) with (41) works quite well for sufficiently

(41)

large number of informed agents n. Combining (40) and (29), we finally obtain the following

result for the optimal precision of the free price signal

oy (1 2 - 1), @

One should note that (40) characterizes the optimal precision of the price information that

is disseminated by the exchange for free, in terms of the two basic parameters characterizing
the information structure of the market. Namely, the optimal precision of the free price
signal depends only on the total number of informed agents n and on the amount of private
information p,. In principle, this may allow one to make qualitative estimates regarding
the amount of private information based on the well-known time delays of the free price
information in various markets (see Table 1). In particular, it follows from (40) that the
optimal precision of the low signal decreases in the total number of informed traders n and
is non-monotonic in the amount of private information in the market captured by ps. In the
limit, when n is large, the optimal price precision actually decreases in private information
ks, implying that an exchange with higher amount of private information are expected to
provide less precision and therefore longer time delays of free price information. We proceed

to summarize our above findings.

Corollary 1. In the case of full compensation (q = 1), the exchange maximizes profits by
setting the price of information, ¢, such that all n informed agents in the economy purchase

information. This occurs at a price of information of

m = 3 1 m 3
=T (x x3) (1 + zp, + 3) > 0. (43)
(1 +nxpy) /n(xy, + 22)
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The optimal high signal has infinite precision with the signal-to-noise ratio i = x,,, whereas
the optimal precision of the low signal is finite so that its optimal signal-to-noise x5 satisfies
the condition

0<a5 <y (44)

The net profits of the exchange present a direct transfer of wealth from informed traders
to the exchange. If exchanges compete, this wealth transfer can be passed on to customers,
for instance, in the form of lower listing fees for companies. Note that we already assumed
that exchanges compete for uninformed order flow, which necessitate them to compensate
uninformed traders for their expected trading loss Ao2. So if the sale of pricing data leads
to less liquid markets, then the proposition above implies that the revenue generated from
data sales will be more than enough to offset the decrease in market liquidity. If, however,
the sale of pricing data increases market liquidity, then it is immediately intuitive that the
exchange will in fact generate positive profits. In both cases, we conclude that informed
traders as a group would be better off without the sale of pricing data.

The above results indicate that (i) competition among these agents will lead to more
informational efficiency and (ii) the exchange will make data accessible at prices affordable
to all informed agents. To see if all informed agents will indeed purchase access to real time
pricing data, or which ones will abstain from doing so, we proceed to study situations in
which the quality of informed traders’ signals varies.

We also point out the differences between our result and the literature on the sale of
information. In that literature, the seller of information typically will only sell his signal to
a fraction of the agents (Admati and Pfleiderer, 1986). In particular, the maximal profits
are achieved by an indirect sell of private information, when there is effectively one represen-
tative informed agent (Admati and Pfleiderer, 1990). In our model, by contrast, the price
information is typically sold to a finite number of agents (ny; > 1). In particular, all potential
customers obtain price information in the case of full compensation (¢ = 1). The difference is
that in this case the exchange is not interested in squeezing profits from uninformed traders
(whose losses it compensated). Instead, the exchange benefits from competition among in-
formed traders. Their private information is a complement to the exchanges real time data.

Note that in general, the market illiquidity parameter A displays non-trivial behavior in

Kyle models of this type. With a single informed trader, more asymmetric information always
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leads to less liquidity. This is no longer the case when informed agents compete, since the
increase in competition is a counter-acting force. Thus, market liquidity is typically maximal
in market with either few or many informed agents. It is easy to see that an increase in the
price of information can have an ambiguous effect on \.*3

The assumption of the full compensation for the liquidity traders ¢ = 1 is not realistic.
Indeed, the empirical evidence is that the liquidity traders on average loose money in the
trading process. We now consider general values of ¢ € [0; 1] for the rest of the paper. As
in Admati and Pfleiderer (1986), the exchange might opt to sell only a noisy version of the
most recent pricing data. We allow for this behavior and give conditions under which the
exchange indeed wants to add noise to the data it sells.

Therefore, we assume that the high types may receive a noisy price signal with the pre-
cision fi,1, while the low types receive a price signal with a lower precision p,2 < fip1. To
simplify the analysis, we first consider a limit when the precision of the delayed signal is
zero, 1,2 = 0, and therefore the signal-to-noise ratio in the low state is zero, xo = 0. This
is not very unrealistic since the speculative value of the ”free” delayed signal is expected to

be small. According to (16), the payoff of each high type agent is

1 w/xl\/]- + 21

T = 45
h A/ T 1 + nixy ( )
with x; given by
2 2 \!
r1=14+4—+— , (46)
2 2
2 /‘Lp,l

and the low types make no profit, 1, = 0. Therefore, the objective function of the exchange

is given by

\/$_1\/1 + 1

L,=(1-—
q ( Q) ny 1+

It is easy to see that the objective function (47) is non-monotonic in the effective “signal-

(47)

to-noise ratio” parameter x;. As we show in the Appendix, the function (47) achieves its

maximum at
1

.= . 48
= — (48)
Since the parameter x; given by (46) is limited by the precision of the private signal
9\ !

131 have moved the above paragraph here. It used to be before Theorem; did not seems to make sense.
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the precision of the price signal that the exchange sells depends on the relation between (48)

and (49). We obtain the following

Proposition 5. When all traders have the same precision of private information, the ex-
change sells a single price signal with infinite precision (real time price data) to all traders
if the number of traders is smaller than the critical number, n < n.., and to a limited number

of n. traders if n > n., where the critical number is given by n. =1+ %

Note that the above result holds for any ¢ € [0;1] provided that zo = 0. In the case
of partial compensation ¢ € (0;1), the exchange maximizes profits by setting the price of
information, ¢, such that a finite number n* < n of informed agents in the economy purchase
information. The optimal number n* depends on the compensation ratio ¢ and on signal to
noise parameters xr; and zo. In particular, there exist the bounds 0 < ¢. < 1 and ¢. < ¢, < 1
such that n* =1 for ¢ € (¢c;gm), and 1 < n* < n for ¢ € (0;q.).

The typical case is represented in Fig.2, where we present a two-dimensional contour
plot of the exchange objective function L, (n;) as a function of the compensation parameter
q € [0;1] and the number of high type agents n;. The total number of informed agents is
n = 1000 and the high price signal has a precision p,; = 10. As can be seen in Fig.2, the

critical value in this case is ¢. ~ 0.6.

4 Multiple Informed Traders with Heterogeneous Precision

We now analyze the general case in which agents have different precision of information, and

the exchange can sell signals of different quality. The insider i’s payoff is characterized by

n; = M = D (x) (xl + xf) ) (50)

TK

Using the scaled variables 7;, we obtain the following

Proposition 6. Agents with more precise private information (smaller oc;) value accurate
price information more in the sense that they have a higher marginal utility of price infor-

mation.

The above proposition is consistent with the observation that the primary beneficiaries

of real-time price information are well-informed traders and large sophisticated financial
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institutions. However, our result raises the following concern. If agents who already have
superior private information benefit more from real time price information, then granting
those agents access to price information might significantly increase the degree of information
asymmetry in the market, and therefore deteriorate market liquidity. We analyze this issue
below and confirm that it is indeed the case.

Suppose the exchange introduces a cost schedule for the information that depends on its
precision. Let C' (y,;) denote the cost that informed agent ¢ needs to incur in order to acquire
price information of precision p,;. We assume that the cost increases in the precision. The
informed traders decide upon the optimal precision to acquire based on their marginal utility
P (Lpiy s3> ). Using (89), we obtain that the optimal amount of information acquired by
trader 7 is defined by the following condition

227

i (14 2z;) D (z) = mc (1) - (51)
From (51), it follows that agent i decides on the optimal amount of price information he
acquires based on the cost schedule and the precision of his private signal. The optimal price

precision g ; is defined by the condition

N;,i = :u;;,z (,usm 37) ) (52)

and depends on the precision of the private signal and the information distribution across
all other agents. In principle, the condition (52) defines the amount of price information
acquired by each agent in the economy.

Our goal is to analyze how access to costly pricing information affects aggregate market
characteristics in the presence of a potentially large number of heterogeneously informed
agents. For this purpose, we have to study how the distribution of informed agents is
affected by the acquisition of costly price information. In other words, our analysis requires
to derive the equilibrium distribution of informed agents with respect to precision of the
price signals they acquire, given the precision of the private signals they already possess.
First, we consider how the information acquisition affects market liquidity. The appendix

derives the following:

Proposition 7. When the informed agent i acquires additional price information, market

liquidity increases or decreases depending on whether pricing information is acquired by the
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agents on the left or on the right side of the distribution. The acquisition of price information
increases (decreases) market liquidity, if agent i’s informativeness, as measured by x;, is below
(above) the critical value z, = T + Y2 4 z.

T

Here, & = F(z;) denotes the sample mean of the signal to noise ratio z;. The above result
implies that the price information acquired by informed traders, affects market liquidity in
an ambiguous way. For an individual informed agent acquiring the price information, the
effect on market liquidity depends on the amount of information the agent already possesses
represented by x;. If the agent’s ex-ante information is already above the critical value z.,
then the additional information on current price obtained by the agent increases the inverse
market depth, A, and thus decreases market liquidity. If the agent’s signal to noise ratio
is below z., the opposite occurs. Equation (94) shows that the critical value z. depends
on the sample average of all agents’ signal-to-noise ratios plus a shift proportional to the
sample variance. A simple intuition lies behind our finding. On the one hand, if the highly
informed agents become even more informed, the information asymmetry in the market
increases, leading to the reduction of the market liquidity. On the other hand, if the less
informed agents become more informed, the information asymmetry decreases and therefore
the market liquidity increases.

Together, propositions 6 and 7 define an interesting economic tension for the exchange as
seller of pricing data. While the sale of real time data to privately well-informed agents is
particularly profitable, the liquidity implications of doing so are problematic. Thus, optimal
sale of data in the presence of heterogeneously informed traders becomes a far more complex
problem to study. We proceed with the case of a binary distribution in agents’ precision of

private information before we analyze the general case.

4.1 Binary distribution of private precision

In order to analyze the equilibrium acquisition of price information, we first examine the
case of a binary distribution of the precision of agents’ private information. Agents either
have a high precision of j,; or a lower precision of p59 < f151. We assume that there are

n, agents of type one and ns agents of type two 4. Suppose that the exchange can sell two

14Note that the signals obtained by diferent agents are uncorrelated.
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types of price signals with precision f,; and p, 9, such that p,; > p,2. Analogous to the
private signals, we will refer to the price signals as "high” and ”low” precision.

What we have in mind is a small distortion of our previous case of homogeneously informed
agents. Assume that instead of having n agents of homogeneous precision us as in the
previous section, we have n; agents of precision ps; = ps + £ and ny agents of precision
fs1 = s —&. In this case, the exchange may no longer want to sell signals of infinite
precision, but instead offer two precision, j, 1 and 9.

Suppose the informed traders can acquire the high or low signal on price at a cost C and
Cy < (1, respectively. In what follows, we derive the relation between {Cy, k = 1,2} and
{ttpr, k =1,2} that maximizes the revenues of the exchange, and can therefore be viewed as
an optimal cost schedule. Based on the signal complementarity results discussed above, we
analyze a separating equilibrium when the high and low types of informed traders buy price
signals with high and low precision, respectively. This is possible because the agents of high
type have higher precision of their private signals and due to the signal complementarity
are willing to pay more for the additional price signals. At equilibrium, the exchange sets
the costs {C, k= 1,2} so that the informed agents of corresponding type are indifferent
between acquiring a costly precise price signal or getting a free noisy signal. In what follows,
we assume that these free noisy signals yield the residual effective payofts 7, ; and m, o < 7,3
for the high and low types, respectively.

Taking into account (50), we obtain the following revenue maximizing conditions for the

two types of informed traders!®

C
L1 + z%,l = D (1.77) + €1, (53)
2 C2
1'272 + IL’272 - D (x) + 62,

1sNote that we have that the structural factor D () is also affected by the agents’ strategies
with respect to acquiring the price information. However, these distortions are small for
the sufficiently large number of informed agents and scale as 1/n. Since we are primarily
interested in the case of large number of agents, we neglect these effects.
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with e, = m,.1/D (), k = 1,2, and

2 2\ !
ZL‘1’1 = (1 + 5 + T) y (54)
:us,l H’p,l
2 2\ !
Tap = |1+ —5—+—5] .
:us,2 H’p,Q

The incentive compatibility conditions take the form

C
1’1,2 -+ IiQ S W?L’) —+ €1, (55)
2 C
Toq+ 25, < D (@) + €2,
where
2 2\ !
r12 = (l4+—5+—5 ; (56)
s,1 Mp,2
2 2 \!
]7271 = 1 + 5 -+ 5 .
/”Ls,2 Mp,l

Intuitively, the conditions (55) ensure that it is indeed optimal for the agent with high
precision of private information to acquire the high precision signal on price and vice versa,

thus ensuring a separating equilibrium. Solving (53), we obtain the following relation

-1
, (Vivssre-d) -1
pJp,l o (=) Hs 2 ‘ (57)

2 -1
M 1 C 1 2

2
lu’s,l

With the notations ACy, = S5 — ¢y, k= 1,2, and y = AC,/ACy, (57) finally yields

D(x)
2
Hp.1
—= = O(y), (58)
:up,2

Vit ol tety— <1+u§2)A02
Oy) = ’

y\/i+yA02+zel+§—y<1+ 2 )Acz'

2
iu‘s,l

Analogously, solving (55), we obtain the conditions

Q(%) < 0, (59)
i(5) =0
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with

In order to analyze the resulting equilibrium, we choose the base case parameters given in

the following table.

[ s | sz [[ €1 [ e ] ACs |
[ 5 13 J2]1]fo2]

Table of Parameter Values

In Figure 3, we present a plot of the incentive compatibility condition €2 (z). As follows
form Figure 3, the base case parameters are consistent with the incentive compatibility con-
straint. In Figure 4, we plot the optimal schedule defined by (58) as a function of the scaling
parameter y = AC]/AC,. As follows from Figure 4, the optimal schedule can be approxi-
mated by a segment of the straight line in the region of parameters under consideration. This
implies that the optimal schedule for the bimodal distribution is approximately quadratic.
Making use of this result, we will assume that the optimal cost schedule is quadratic also
in the case of multiple types of informed traders with differential private information. We

analyze this case in the following subsection.

4.2 Optimal Acquisition of Price Information

We now consider a continuous distribution of the private precision and a continuous set of
the precision of the acquired price signals. According to the previous analysis, we restrict

ourselves to the cost schedules quadratic in the price precision

C (p) = By, (61)

where B is a positive real constant. The motivation for the quadratic cost schedule is based
on the analysis done in the previous subsection. Another reason for choosing (61) is that

the linear cost schedule may lead to the situations where there is no equilibrium. This has
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a simple intuition, since the economics of a problem is defined in terms of the marginal cost
being a derivative of (61). In case of the linear cost schedule, the marginal cost is a constant,
which may lead to corner solutions of the optimization problem for the objective function of
the exchange.

Substituting the schedule (61) into (51), we obtain'®

x? B
~(1+2x;)D(z) = —. 62
- (L+22) D) = 3 (62)

Combining (51) and (15), we obtain the following equilibrium condition

o (;uz,ia Mii) =&, (63)
with effective marginal benefit

3
(577) 77(€+77+%€77)3 ( )

and cost schedule parameter
2B

€= D) (65)
The relation (63) defines the precision of price signal p,; acquired by the informed agent
with a precision of private signal fis ;.

Note that since the arguments of (64) represent precision, we are only interested in so-
lutions of (63) consisting of positive values of ug; and p,;. The pair of equations (63) and
(64) has positive solutions only if € € [0, 1]. Economically, this means that the equilibrium
cost schedule parameter has to be sufficiently small. Otherwise, the marginal cost and ben-
efits of acquiring the information are not be balanced, and there is no equilibrium. This
is illustrated in Figure 5, where the function ® (MZ; ,ug) is plotted against its arguments.
Clearly, ® (ufo, ug) < 1 for positive values of u, and pus, and therefore (63) only has solutions
if € € [0,1]. Figure 5 also illustrates an important signal complementarity property of our
model. Namely, the marginal benefit of information acquisition for agent i, ® (u2;, u2,),
increases in the precision of his private signal ps;. In other words, more informed agents

have higher marginal benefits for the additional price signal.

In Figure 6, we present solutions fi,; (fs,€) of (63) for three values of the cost schedule

2B

D) = 0.3,0.5,0.8. We observe that the traders with more private information

parameter € =

16See the previous footnote.
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also buy a price signal with higher precision. This is consistent with Figure 5 and the results
of proposition 6. As the agents’ private precision goes to infinity, the precision of the acquired
information on price remains bounded, p,; < fipmax (€) < 00. As it follows from Figure 6,
the upper bound i, max (€) decreases in the cost schedule parameter €. This has a simple
intuition, since when the information on price becomes more costly, the agents are less willing

to purchase it. These results are summarized in

Proposition 8. When the exchange sells pricing information according to a quadratic cost
schedule, then an equilibrium ezists if the cost schedule parameter € is sufficiently low. The

equilibrium precision of the acquired signals decreases in the cost schedule parameter €.

4.3 Equilibrium distribution of price precision

We study the equilibrium distribution of price precision acquired by informed traders. In
what follows, we show that the distribution is characterized by a continuous probability
density function (p.d.f.)!7.

Since the function (64) can not be inverted analytically the closed form fully analytic
solutions are not available, and part of this work relies on numerical simulations.

We assume that the precision of private signals is uniformly distributed across the in-
formed agents with the finite support ps € [0, tsmax]- For the base case simulations, we
adopt ftsmax = 10. First we derive the p.d.f. p(p,) for the equilibrium distribution of the
acquired price signal p,. This p.d.f. is uniquely defined provided that there is a relation
ps = I' (1), and the function I' (-) is monotonic. As is illustrated by Figure 6, this is indeed
the case. The details of the derivation are given in the appendix.

2

The p.d.f. is presented in Figure 7. The cost schedule parameter ¢ = T]i) is taken

17This does not contradict the fact that the total number N of agents in our model economy
is finite (possibly large), and therefore their payoffs are non-zero. The reason is that according
to (52), the amount of price information acquired by each informed agent is completely
defined by the precision of his private signal and the cost schedule parameter. In other
words, (52) can be viewed as a mapping of private information distribution onto the resulting
distribution of price information. More specifically, this mapping is presented in Figure
4. Note that for each realization of private information distribution, we can construct the
corresponding distribution of price information using the mapping (52). For finite number of
agents, each realization of the distribution of private information is represented by a discrete
distribution of the precisions. However, the resulting distribution is continuous if we average
over the possible realizations of initial discrete distribution. This also reflects the ergodicity
property of our model.
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¢ = 0.5. Dashed line illustrates the p.d.f. of the corresponding uniform distribution. As one
can see, the resulting p.d.f. p(u,) of the distribution of price precision has a finite support
tp € [0, fpmax] With pmax = 1.38. Also, the p.d.f. p(u,) is right-skewed in comparison to
the uniform one. The reason is the complementarity between the private and price signals in
our model, meaning that the agents with higher precision of their private signals also tend
to acquire more precise information on price. Therefore, the p.d.f. increases for the large
price precision. To summarize, we make the following observation. When the exchange sells
pricing information according to a quadratic cost schedule, then the equilibrium distribution
of the precision of the acquired signals is right-skewed. This is due to the complementarity
between the private signals and the signals on price.

From analysis of Figure 6 it also follows that the cost schedule parameter ¢ = 22 ) is

D(x
uniquely defined given the distribution of the precision of private signals p (u,,). Indeed,(as it
follows from Figure 6, for each ¢ € [0, 1] we can uniquely define the equilibrium distribution
of the precision of acquired price signals. From this distribution and making use of the
definition (50), we can derive the structural factor D (z), and therefore define the slope of
cost schedule B as

eD (z(¢))

Ble) =~ (66)

As a result, we obtain a unique value of the slope B (&) for each cost schedule parameter
e. The results are presented in Figure 8. Importantly, the function B (¢) is monotonically
increasing and goes to infinity as € — 1. This illustrates that the equilibrium exists for any
positive slope of the cost schedule B. Since the function B (¢) is monotonically increasing,
the inverse function e = ¢ (B) is well defined. Therefore, the slope B uniquely defines
the equilibrium scaling parameter . Since the scaling parameter € completely defines the
equilibrium distribution, it follows that the slope B also uniquely defines the equilibrium
distribution of the price precision.

In Figure 10, we present the inverse market depth parameter A (¢) as a function of the
effective slope €. Clearly, the inverse market depth monotonically decreases in € and therefore
also monotonically decreases in the cost slope B. This has a simple intuition. As the
price information becomes more costly, less agents acquire the information and therefore the
information asymmetry decreases. In the limit when B goes to infinity, the agents do not

acquire any price information, their profits go to zero and therefore the liquidity losses go
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to zero. In other words, in the limit when B — oo we have A (¢) — 0, and market becomes
infinitely deep.

One should note that when the effective slope increases, the support of the p.d.f. of price
precision distribution decreases and the ”bump” on the right tale of the distribution becomes
more narrow. This means that as the cost slope B increases, the average agent acquires less
price information. At the same time, when the slope is high, there is a small fraction of
highly informed agents who are still willing to acquire the information with a very high
precision. These agents contribute to the narrow and high peak on the right tale of Figure
7. However, the fraction of such agents is small and the information asymmetry decreases
as the cost slope increases.

The above results are summarized as follows. When the exchange sells pricing information
according to a quadratic cost schedule, the equilibrium exists for arbitrary non-zero slope B
of the cost schedule. As the slope B increases, the agents acquire less information on price,
their profits decrease, and the market liquidity increases.

Figure 9 illustrates the dependence of the exchange revenue from selling the price informa-
tion R (£) on the effective slope parameter €. Importantly, the dependence is non-monotonic
in the slope parameter. Namely, R (¢) has a maximum of R, ~ 0.54 at ¢, ~ 0.67. This im-
plies that the slope of equilibrium cost schedule that maximizes the revenues of the exchange
B, is given by condition B, = B (0.67). Comparing with Figure 6, we obtain B,, ~ 0.59.
The non-monotonic dependence of the revenues on the slope has a simple intuition. Namely,
the increasing of the slope has an ambiguous effect on the revenues. On the one hand, the
revenues increase when the slope increases, since the informed traders who acquire the price
information are paying more. On the other hand, when the slope is too high, there are
less agents who acquire the price information, causing the revenues to decrease. Therefore,
we obtain the following result. When the exchange sells pricing information according to a
quadratic cost schedule, the revenues depend on the slope B in a non-monotonic way. In
particular, there exists a finite value B,, that maximizes the revenues.

According to the discussion of section 3, the objective of the exchange is not only to
increase the revenues, but also to provide a sufficient level of liquidity. As a limiting case, we
may assume that the exchange completely compensates the liquidity traders for their losses.

This leads to the maximization problem given by (35). One can show that (35) is always
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non-positive and is monotonically increasing in the slope of the cost schedule B. In the limit
B — o0, no information is being acquired, all profits go to zero and L — 0. The dependence
L, (¢) for the base case parameters is represented in Figure 11. As we have discussed above,
we assume that the liquidity traders get compensated for some fraction ¢ of their losses by

the exchange, and the objective of exchange takes the form

max L, (¢ (B)) (67)
L,(c(B)) = R(=(B)) ~q)(c(B)) o]

u?

where we took into account that the function B (¢) is invertible. In Figure 11, we present the
dependence of the objective L, (¢) defined by (67) for ¢ = 0.2. As follows from Figure 11,
L, (¢) has an internal maximum for €, ~ 0.75 < 1. Comparing with Figure 8, we conclude
that the corresponding cost slope is By = B (0.75) ~ 0.77.

In Figure 12, we present the results indicating that the optimal slope defined above de-
creases when the amount of private information represented by a "size” of distribution of the
precision of private signals fis,, in the market increases. This has a simple intuition. When
the number of informed traders with high precision of private information increases, there
are two market forces that affect the equilibrium cost. On the one hand, with the number
of highly informed traders increasing, there are more agents who value the price information
higher and therefore are willing to pay more potentially increasing the equilibrium cost. We
will refer to this a "direct” effect of increasing the amount of private information in the mar-
ket. On the other hand, when the number of informed agents increases, each agent has lower
value for the additional information, since he expects to have less informational advantage
over the others and each agent profits from the informational asymmetry between him and
the rest of the market. This will effectively reduce the equilibrium cost schedule other things
equal. We will refer to this as an ”indirect” effect. Technically, the indirect effect is related
to the dependence of the structural factor D (z) on the entire information structure of the
market, while the direct effect has to do with the profit dependence on the information set
of each agent. According to Figure 12, the indirect effect is more important in the range of
parameters under consideration.

Note that in fact the solution process described above leads to a fixed-point type solution

for both the equilibrium distribution with respect to the acquired precision, and the optimal
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cost schedule set by the exchange. Indeed, we first define the functional form of the distribu-
tion of the precision, which depends on both the slope of the cost schedule B and the higher
moments of the distribution itself contained in the structural factor D (x). Then we choose
the parameter of the distribution in order to match the structural factor D (z) and the slope
B. When this is done, we effectively ”close the loop” and make the solution self-consistent,
i.e. the true equilibrium. We also define both equilibrium structural factor D (z) and the
slope of the cost schedule B., optimal for the exchange.

Technically, the solution of such two-dimensional fixed point problem could be a difficult

task, especially since one of the ”variables” is actually a function D (z). The reason why this

2B

is feasible in our case is that the solution actually depends only on a combination £ = D)

which means that we have a special "scaling property” in this model. For this reason,
the fixed-point problem becomes essentially one-dimensional and therefore more tractable.

However, it still requires extensive numerical simulations.

5 Conclusion and Extensions

Agents who want access to real time price quotes pay considerable amounts for this service.
This fee can range from a nominal amount for private accounts up to hundreds of thousands of
dollars annually for the most reliable and comprehensive service from Reuters or Bloomberg.
We derive the “price of prices” in a Kyle-type setting where we explicitly account for the
fact that in the U.S., exchanges have property rights in the price quotes they generate. In
the process, we document the beneficial welfare effects of granting individuals access to real-
time pricing data (such as an increase in price informativeness). Since doing so may impact
market liquidity in a detrimental way, the exchange needs to charge for this service.

When informed agents have equal precision of private information, and the exchange
takes the liquidity impact of data sales on uninformed traders fully into account, we show
the following. The exchange finds it optimal to sell a high precision signal (often of infinite
precision) to informed traders. Due to the impact of data sales on liquidity, the exchange
typically needs to charge for this service, and informed traders are willing to acquire it. We
also provide conditions under which the exchange benefits when a second, lower precision

signal is made publicly available. We interpret the first behavior as the sale of real time
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pricing data, while the second action corresponds to the free dissemination of a noisy signal
of current price as in the publication of delayed price quotes. Empirical evidence shows that
the speculative value of public information is greatly diminished after 5 to 15 minutes. This
might possibly explain why U.S. exchanges delay free quotes by 10 to 30 minutes.

Roll (1984) has shown that prices contain substantial amounts of useful information. We
follow Grossman and Stiglitz (1980) in postulating that the value of this information to
traders is best measured by agents’ willingness to pay for it. We observe that the major
exchanges receive substantial amounts of their revenue from data sales. This allows us to
conclude that the information content of market prices is of an economically significant
magnitude. Our aim is to provide a simple model that explains the price of prices and to
understand the economics of the sale of real time price data by exchanges such as the NYSE.
Our model has several empirical implications.

Our analysis suggests that the price of prices is intimately related to the amount and
extent of informed trading in a market. We predict that the price of prices is higher in
markets in which more private information is present, as real time price information acts
as a complement to private information. A measure such as the probability of informed
trade, PIN, endeavors to capture what we are after. Note, however, that PIN is a relative
measure of the percentage of informed trades, while we consider the absolute amount, so we
would need to consider the multiple of PIN by trading volume. This reasoning implies that
a market with substantial informed trading will have a significant price of prices. This might
explain both the high price of real time data access and the significant amount of revenue
produced by a major exchange such as the NYSE. Conversely, exchanges with less informed
trade have a lower price of prices. For instance, one might compare markets for different
securities. We conjecture that privately informed trading is less pronounced in bond markets
(due to the bonds’ concave pay-offs and lower market liquidity), our theory predicts that the
price of prices is lower in such markets.

One of the most interesting aspects of the delay times reported in table 1 is the variation
within Chinese markets. The mainland Chinese exchanges in Shanghai and Shenzhen provide
price quotes for free. Hong Kong, on the other hand, has the longest delay in the sample,
60 minutes. We conjecture that a substantial amount of price discovery and informed trade

takes place at Hong Kong, where market liquidity is greater. Thus, the price of prices may
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be more significant here. And while we do not claim that we can explain the differences
completely, our results do indicate that even free disclosure of real time price information is
in the interest of an exchange. If the expected revenue from selling real time data is low,
then the exchange may abstain from doing so.

Our analysis in section 4 makes the interaction between the amount of private information
and the price of prices more precise. Specifically, we show that the slope of the optimal cost
schedule is indeed decreasing in the amount of private information in the market. Given
the right data, this could lead to a more specific empirical test of our model. We show that
the exchange typically finds it optimal to sell pricing information to a significant number of
informed traders. In particular, real time price data is sold to all informed agents when the
precision of their information is equal and uninformed traders are sufficiently compensated
for their losses. In general, we find that it is the better informed agents who acquire more
precise pricing information. This seems to coincide with our beliefs of which agents do
purchase real time pricing data through services such as Bloomberg or Reuters. But it could
certainly be tested given micro-level data.

Another interesting dimension of the price of prices is variations within a single exchange.
As aforementioned, the NYSE offers a substantial discount to customers who are willing to
accept a 5 second delay in prices. This can be explained by our model. As shown in section 4,
when information precision differs across agents, the privately better informed ones purchase
considerably more pricing information even in the presence of a super-linear price schedule
such as a quadratic. Since the difference in precision of price information between a zero and
a five second delay is very significant, we can rationalize a substantial price difference. Our
result critically depends on competition among informed traders, which puts the purchaser
of even marginally delayed information at a significant disadvantage. Modelling the specific
dynamics of informed trade that enable us to say more about different periods of delay
remains an interesting opportunity for further work.

Several interesting aspects remain to be explored in future research. On the one hand, one
could analyze the role of liquidity providers and market making more explicitly. Certainly,
institutions which attempt to create or unwind significant asset positions will benefit from
observing current market demand by subscribing to real time prices. Alternatively, in a model

of imperfect competition among market makers, each market maker may obtain information
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about order flow directed to other market makers through real time price access. This will be
an interesting direction for future research. On the other hand, one could envision a model
with richer, more complex dynamic trading strategies. For instance, the model of Back, Cao
and Willard (2000) could be extended to allow for different classes of agents: some receive
real time price access and some do not. Doing so will yield interesting insights into the price

of prices, but will probably come at a hefty analytical expense.
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Table 1: Descriptive Statistics: Delay Times of Major International Exchanges

This table documents the delay times after which price quotes are freely available. Note that all the major exchanges make

price quotes publicly available after a delay time ranging from 10 to 60 minutes, A notable exception are the exchanges in the

emerging economies of China (Shanghai and Shenzhen Stock Exchanges) and India (Real-time data is available for the National

Stock Exchange of India for users who sign in with Yahoo.com

Of particular interest is the cross-sectional variation within the major U.S. exchanges. Delay times vary from 10 minutes at the
CBoT (who was first awarded property rights in price quotes in 1905) and CME, 15 minutes at NASDAQ, 20 minutes at the
NYSE up to 30 minutes at NYMEX.

Data Source: Yahoo.com

Country Exchange Delay Time
USA American Stock Exchange 20 minutes
USA Chicago Board of Trade 10 minutes
USA Chicago Mercantile Exchange 10 minutes
USA NASDAQ 15 minutes
USA New York Mercantile Exchange 30 minutes
USA NYSE 20 mintes
USA OTC Bulletin Board 20 minutes
USA Pink Sheets 15 minutes
Canada Toronto Stock Exchange 15 minutes
China Shanghai & Shenzhen Exchanges real-time (0 minutes)
France Paris Stock Exchange 15 minutes
Germany Frankfurt Stock Exchange & XETRA 15 minutes
Hong Kong Hong Kong Stock Exchange 60 minutes
India National Stock Exchange 15 minutes (real-time for users who sign in)
Ttaly Milan Stock Exchange 20 minutes
Korea (South) Korea Stock Exchange 20 minutes
Netherlands Amsterdam Stock Exchange 15 minutes
Spain Madrid Stock Exchange & Fixed Income Market 15 minutes
Switzerland Swiss Exchange 30 minutes
Taiwan Taiwan Stock Exchange 20 minutes
UK London Stock Exchange 20 minutes
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6 Appendix: Proofs

Proof of Proposition 1
The expected payoff of agent ¢ is given by

o= B |8 (Si— B) (V=P =26 (8- P))] (68)
with
P = V40485, (69)
Si = V+40sisi,
E— = P+o0picpi

Here, €5, €5; and €p; are standard Normal random variables. Assuming that all signals are uncorrelated,
we obtain

02402 +02,
.= Bio? 1_Mw_A . 70
m ﬁaé ﬂ 02 Zﬁ] ( )

g i

The FOC applied to (70) yields

1 0§
= (1A 71
B 2 of + o7, o2, oo B (71)

Solving (71), we obtain

1—-Xg og
i = , 72
B A 0'6+0' +02 (72)

with
1 1
_ - 73

q N1 (73)
Fo= Zo + 2 —|—2U

Jj=1

Since the losses of liquidity traders equal the aggregate payoffs of the informed agents, the he liquidity
parameter \ satisfies

2
o2 = ﬁ# (74)
A+
n 2 2
g = ; +20 —|—20 ’

Combining (72), (73) and (74), we obtain, the results of the proposition.
Q.E.D.

Proof of Proposition 2

Proposition 2 simply follows from proposition 1 by setting the number of informed traders in period £,
ng, equal to one. Then we compare the single informed traders expected payoff w1 ; depending on whether
he acquires pricing information or not. The difference is found to be always positive and is denoted as §; in
proposition 2. With a single informed trader, any additional profits he makes need to come at the expense of
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the uninformed traders, which implies that the exchange, which needs to compensate the uninformed traders
expected losses, is exactly indifferent between selling real-time pricing information and not selling it.
Q.E.D.

Proof of Proposition 3
Let hey = 1/02, denote the agent’s precision of private information and, similarly, let h,; = 1/07,
denote the agent’s precision of pricing information. The agent’s marginal utility of private information is
given as
(9771'1 O’g
8h5,1 4he,10'u,1 (1/h€,1 + 1/hV71 + O’?)g/Q

We first show that the marginal utility is increasing in the agent’s precision of pricing information, h, ;.
Indeed, the second-order cross derivative is given

(75)

Pm _ 393, (76)
8hu,1ahé,1 8h6’1h1,)10'u (1/h€’1 + 1/hl,71 + 0'(%)5/2 7

which is positive. Next, we show that the agent’s two-dimensional information acquisition problem is convex,
which concludes our proof. We first obtain

027, _ hy10% (h,j71 +4he1 + 4h5,1hyyla§) (77)
ohZ, 8h2 10w (1/hey +1/hya + 0?)1/2 (e, +hy1 + he,lhu,leg)7
as well as
O _ he10§ (hey + 4hya + dheihy10F) (78)
aht%,l 8h3710u (/her +1/hy1 + 0§)U2 (heq + hya + h671hl,710§)’
We now compute the determinant of the Hessian matrix D?#;, which is found to be
03 (her + byt + 4heihwao}) (79)

1602 (hey + 4hy 1 + heahy102)”

Thus, the agent’s maximization problem is concave, and the solution thus is unique.

The second part of the proposition is obvious. The sale of information that is already in possession of
the exchange eliminates the costly expenditure of resources by the agent to uncover it again.

Q.E.D.

Proof of Proposition 4

The exchange maximizes its revenue net of liquidity costs, L1 (n1,c) = njc— Ao2, by setting ¢ = 7% — 7¢
as a function of the number of informed agents who choose to acquire real-time pricing data. Thus, implicitly,
the exchange can control how many agents will do so. We can show that the objective function of he exchange
L(nq) is negative and is monotonically increasing in n;. The objective function of the exchange is given by

L1(n1) =N (fra(nl) — ﬁ”a(m)) — /\0’2

(80)
Since the total amount of profits of the informed agents equals the total losses of liquidity traders, we have
o2 =ni7%ny) + (0 —ny) 7"(n1), (81)

which after substitution into the exchange objective function yields

Li(ny) = —n7™%(nq). (82)
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From (32) with (33), it follows that 7™%(n1) monotonically decreases in ny. Therefore, the objective function
(82) is maximized by the maximal value of n; = n. The optimal value of (82) is therefore

Ly =Ly (n) = —n7"™*(n). (83)

Combining (83) with (33) and substituting into (36), we obtain the second result of the proposition. The
optimal profits are positive since 1 > xo.

It is straightforward to show that price informativeness in the market is higher with all agents acquir-
ing price information (the equilibrium strategy for the exchange) as opposed to no agent acquiring price
information.

Q.E.D.

Proof of Corollary 1
Follows from the text.
Q.E.D.

Proof of Proposition 5
Differentiating (47) with respect to 1, we obtain the FOC

Gq+;)ﬂ+nwﬁ—nﬂqﬂ+mﬂ=0, (84)

which has a unique solution
1
* = . 85
Ty ny — 2 (85)

Taking into account (49), we conclude that (85) holds if the number of high type agents is sufficiently large

2
n12n0—|—2:3+ﬁ. (86)

S

If (86) does not hold, the optimal precision of the price signal is infinite. Summarizing the above, we have

N 1
i = 1 ny > ne+ 2, (87)
1
] = —, ny < ne+ 2.
Ne

Note that the difference between our result and the corresponding one parallel to (Admati and Pfleiderer,
1990) is that our critical number contains an extra term proportional to the inverse relative private precision
u%’ which vanishes in the limit of infinite precision of private information, but may be quite large for
sufficiently low private precision. Taking (85) and (86) into account and combining with (47), we obtain the

objective of the exchange optimized with respect to the precision of the price signal, in the form
Q.E.D.

Proof of Proposition 6
The marginal value of the information for the i-th informed trader is given by

on;  On; Ox;
aSi o 8171' 881‘ ’
Ori g2 <y
0s; v
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Following the setting of the previous subsection, the marginal value of the price information for the k-th
informed trader is given by

D (8, 2i,x) = gzz = 227 (14 2x;) D (). (88)
Since pp, ; = é% and pg,; = Z%, the marginal value is also defined in terms of signal precision, in the form
on; 1\? oni
Pu (Hpis flsis @) = Dy (Up,i) Ds, (89)
_ sz (14 22:) D (x).
Py

Note that (88) is obtained by the partial differentiation of (50) and taking into account that the ”structural
factor” D (x) only depends on the information distribution across the agents, and not on the actions of a
particular agent. This is consistent with the optimization scheme of the previous subsection, where the
agents’ willingness to pay was defined by comparing their expected payoffs in the states with the high and
low information quality assuming that the distribution of the information (characterized in that case only by
a number of the agents in a high information state n1) is not affected by the actions of the informed agent.
We also have

on;  On; Oy
au'p,i Ox; 8,Up,i ’
ox;

- = 2/”‘2 zx? Z 07
I P,
O g2 a2 >0,
alufs,i ’

Differentiating the marginal profits with respect to the precision of the private signal us; and taking into
account that the structural factor D (z) does not change, we obtain
&n;
J. = =4 2 .2 D (x 1‘2
i Doy it (@) 235

= 8yup 2 F (2) 2 (1432;) >0,

(22 (1 + 22;)) (90)

implying that the marginal profits of the informed traders with respect to the price precision increase in the

precision of their private signals.
Q.E.D.

Proof of Proposition 7
Making use of (12), we obtain

oA oA
= 2725° 1

o X787 oz, (91)

o 1 (1 142 fty

ori 2R \20+NVI+g (+£)°)

From (91), it follows that

g:l Z 07 € Z Le, (92)
(;9:1 < 07 T < Le,
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where

1 _1
1+ f(x)
Recalling the definition of f (z) and g (z) from (50), we obtain from (93) in the large-N limit
1 22 _ Var(z) 1
xe—i—k%—x—k T +§, (94)
with
w1
= T Ta Zx], (95)
Jj=1
n
5 _ g9 (z) _ l 2
g? = === ij.
j=1
Combining (92) and (94), we finally arrive at
OA _ Var(z) 1
> 0 > ) 96
o — TErt oty (96)
R <o, mezelr@l
Ot T 2

Q.E.D.

Proof of Proposition 8
Follows immediately from the text.
Q.E.D.

Proof of Proposition 9
Since the p.d.f. ps (us) of the precision of private signals across the agents is uniform, we have for the
p.d.f. of the precision of price signals across the agents p, (1p)

i) = oG ) 2 (o7

dl’ (pp)

= 2 (D)) 2

with the function I' (11,) defined from the equilibrium condition (63), as an isolevel curve of the function
(64). Differentiating (64), we obtain

dl (p) _ T%(p)  m

du w2 maoms —my’ (98)
where
my = p+ T (p)+2ul (1), (99)
my = AT () ol (),
ms = u+1“(u)+%u1“(u),
mi = gnl (),

and the above conditions are satisfied simultaneously with (64). This is done using numerical simulations.
Q.E.D.
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Figure 1: Profit of exchange as a function of the signal-to-noise of low signal.

This figure shows a typical profile of the profit function of the exchange as a function of
a signal-to-noise ratio of the low signal, x,. In this case, the parameters are n=100and

x, =0.1. Clearly, the profit function has a peak at x, = 0.01. This is consistent with the
estimate obtained in the text.

Importantly, the above figure illustrates that the profit of exchange is maximal at some
finite positive value of the signal-to-noise ratio of the low signal. This means that the
optimal precision of the low signal being disseminated by the exchange for free, is also
greater than zero, consistent with the stylized facts on the price information dissemination
policies discussed in the text.



Figure 2: Exchange objective as a function of the compensation parameter and the
number of high type agents
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Two-dimensional contour plot of the exchange objective function as a function of the
compensation parameter ¢ € [0, 1] and the number of high type agents n..

The total number of informed agents is n=1000 and the high price signal has a precision
of 1, =10. As is clear from Fig.2, the critical value in this case is q, = 0.6.



Figure 3: Incentive Compatibility Conditions with Binary Distribution of Precision
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This figure depicts the incentive compatibility conditions for the revenue maximizing
cost schedule C (usyi ) . These conditions ensure a separating equilibrium in the case of a

binary distribution of the precision of private information, . On the horizontal axis, we

plot the revenue maximizing cost schedule C scaled by the structural equilibrium
parameter D. On the vertical axis, we plot the corresponding incentive compatibility
constraint QQ(C /D). Specifically, the incentive compatibility constraint requires that

Q(C,/D) <0 and Q(C, /D) >0. According to Fig.1, these conditions are satisfied for
C,/D>2and C,/D <2, and are therefore satisfied for our base case parameters
Hs, =5, us,=3,6=2,¢,=1,and AC, =1/5.



Figure 4: Revenue Maximizing Cost Schedule with Binary Distribution of Precision
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We characterize the revenue maximizing cost schedule AC, (,up]i) - shown on the

horizontal axis as a fraction — as a function on the precision of private information, s, .

This plot is properly scaled to suit the binary distribution of agents’ precision of private
information. In other words, for a given ratio AC, / AC, between cost of obtaining more

precise price information as opposed to less precise, there is a corresponding ratio of
precisions of private information s, / 11, ,.

Note that AC, (,up]i) is monotonically increasing in 4, ;, and can be approximated by a
linear function in the range of 4 ; that belongs to our base case set of parameters and
satisfies the incentive compatibility condition. Thus our choice of plotting (x;, /ypyz)z.
As before, our parameters are s, =5, us, =3, € =2, ¢,=1,and AC, =1/5.



Figure 5: Marginal Value of Price Information as a Function of Private Information
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This figure shows the marginal value of information, CD(,up,,uS), as a function of the
price precision 4, , for two precisions of private signal . The lower and upper curves
correspond to parameter values of x, =0.5 and , =5, respectively. Clearly, the marginal
value (D(,up,,us) increases in the precision of the private signal, reflecting the fact that

the two kinds of signals are complementary in our model. Furthermore, note that
OSCD(,up,,uS)Sl for any positive precisions, and therefore the conditions for

equilibrium derived in the text can only be satisfied within the parameter range ¢ e [0,1] :



Figure 6: Equilibrium price precision as a function of private precision

This figure depicts the equilibrium precision of acquired pricing information, z, (,us), as
a function of the precision of private information . This is done for several values of

the cost schedule parameter 5:238 . The upper curve corresponds tog =0.8, the

middle curve to £ =0.5, and the lower curve to ¢ =0.3. Note that as the cost parameter
increases, the maximal acquired price precision goes down.



Figure 7: Equilibrium probability density of price precision
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This figure plots the equilibrium probability density of the distribution of price precision
in the case when the precision of private signals is uniformly distributed across the

informed agents. Here, the cost schedule parameter is given by g=%3:0.5 and the

distribution of the precisions of the private signals is uniform with . =10.

As one can see, the distribution is right-skewed in comparison to the uniform distribution
of private information. The reason is that the agents with higher precisions of their
private signals also tend to acquire more precise information on price. For this reason, the
p.d.f. increases for the large price precisions.



Figure 8: Equilibrium cost slope as a function of the cost schedule parameter

This plot illustrates the dependency of the slope of the cost function, B, as a function of
the cost schedule parameter ¢. An equilibrium only exists if ge[o;1]. As Dbefore, the

distribution of the precisions of the private signals is uniform with x, . =10.

Note that B(g) is monotonically increasing and, therefore, the inverse function is

uniquely defined. Since the effective slope parameter completely defines the equilibrium,
this implies that the equilibrium is uniquely defined by a cost slope B.



Figure 9: Exchange revenue as a function of the effective slope parameter
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Here, we demonstrate how the exchange’s revenues, R(g) , depend on the cost schedule
parameter & . An equilibrium only exists if &< [0;1], thus our choice of a parameter
range. The distribution of the precisions of the private signals is uniform with
:us,max =1O '

Note that R(&) has a maximum of R, ~0.54 at &, ~0.67. This implies that the

slope of equilibrium cost schedule B that maximizes the revenues of the exchange is
given by condition B, =B(¢,)~B(0.67). As can be seen in figure 4, we obtain

B,, ~0.5951.



Figure 10: Inverse market depth as a function of the effective slope parameter
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This figure graphs the inverse of market depth, A(¢), against the effective slope
parameter & . The equilibrium only exists if ge[O;l]. The distribution of the
precisions of the private signals is uniform with . =10. It can be seen that

A(&) is monotonically decreasing in the entire range ¢ [0;1].



Figure 11: Exchange objective as a function of the effective slope parameter
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The previous plot, figure 8, showed exchange revenue ignoring the impact that sale of
pricing data has on market liquidity. By contrast, here we illustrate how the exchanges

true objective function, L(&)=R(&)—qi(e), varies with the cost schedule parameter & .

The term qA(e) is the expected compensation the exchange needs to provide to
uninformed traders — we can refer to it as the exchanges shadow cost of illiquidity.
In this case, the weight is q = 0.2. The equilibrium only exists if &e[0;1]. The

distribution of the precisions of the private signals is uniform with z, . =10.

Note that L(g) has a maximum of L, ~041 at & ~0.75. This implies that the
slope of equilibrium cost schedule B that maximizes L(¢) is given by condition
B, =B(&,)~B(0.75). As can be seen in figure 4, this corresponds to a value
of B, ~0.77.



Figure 12: Revenue maximizing slope of the cost schedule as a function of the
maximum precision of the private information
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Here, we show how the exchange’s revenue maximizing slope of the cost schedule,
Bx (ﬂs,m) , depends on the maximum precision of the private information ..

Note that B (/us,m) monotonically decreases in 4, .., implying that the indirect effect on

the agents’ strategies due to the collective contribution of all other agents, prevails in the
range of parameters under consideration.



