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1 Introduction

“The current system is heavily tilted toward the exchanges, who can sell their prop
data feeds at increasingly high prices without any meaningful competition from

the public feeds or otherwise. The investing public pays the price.” Commissioner

Caroline Crenshaw, SEC (2020).

Data have become a fundamental input into economic activity, leading to the emergence
of markets for information, in which data are sold by brokers or digital platforms such as
Google, Meta, and Amazon (Bergemann and Bonatti, 2019). In line with this evolution,
exchanges, which provide platforms for matching traders, increasingly derive revenue from
the sale of data generated by trading activity. This trend has become controversial as some
market participants claim that exchanges charge excessive fees for their data.! As a result,
whether exchanges should be allowed to sell data and which data should remain proprietary
have become key questions on the regulatory agenda in both the United States and Europe.?

The market for exchange data and the market for matching services—exchanges’ core
business—are intrinsically linked. The value of the data depends on trading activity on the
platform, while access to data affects trading activity. Assessing policy intervention therefore
requires a joint analysis of exchange data and trading services. Yet, the existing theoretical
literature typically studies these two markets in isolation.

To bridge this gap, we develop a model in which an exchange jointly sells trading services
and trading data. We use this model to analyze the effects of data sales on trading costs,
trading volume, transparency, and welfare—outcomes that are central to both policy debates

and empirical analyses of exchange data markets.

1See, for instance, “Wall Street goes to war over market data and access”, The Trade, Jan. 3, 2019 or
Securities Industry and Financial Markets Association (2020) and Chapter 4 in Duffie et al. (2022).
2See U.S. Securities and Exchange Commission (2020) and European Commission (2021).


https://www.sec.gov/newsroom/speeches-statements/crenshaw-statement-market-data-infrastructure-120920
https://www.thetradenews.com/wall-street-goes-war-market-data-access/

Our analysis rests on the premise that exchange data convey information about asset
fundamentals, which can be used to speculate or to reduce exposure to adverse selection.?
This observation generates two insights about exchange data economics. First, the quality of
data depends on the informativeness of the order flow, which is jointly shaped by exchanges’
data policies and trading fees. Second, the usage value of data also depends on trading
fees: who participates in trading determines the usefulness of acquiring data. Therefore,
accounting for fee adjustments is key to our analysis of the market for exchange data.

We capture these insights in a model where an exchange operates two related markets

for correlated assets.*

Each market features three types of risk-neutral, profit-maximizing
traders (specialized by market): (i) speculators who can acquire private information about
the asset payoff in their market, (ii) liquidity traders with private gains from trading, and (iii)
a market maker who posts bid and ask quotes at which they execute other traders’ unit sell
and buy orders. Trading in the first (“upstream”) market generates order-flow information
that is valuable to participants in the second (“downstream”) market. The exchange can
thus sell a proprietary data signal, choosing its informativeness—called quality—up to the
informational content of the order flow. The exchange sets trading fees for each market, data
quality, and a data fee (its “design”) to maximize profits from trading fees and data sales.
We first solve for the equilibrium in both markets, taking the exchange design as given.

In the upstream market, the market maker charges a spread that reflects both its pricing

power and its exposure to adverse selection from upstream speculators. Importantly, in the

3For instance, Bartlett et al. (2025) show that data on odd-lot orders contain incremental information
about future price changes relative to so-called “SIP” data about trades. SIP data are available to the
general public, while odd-lot data are sold by exchanges to sophisticated investors.

40ne asset might be an index ETF (e.g., the iShares MSCI World ETF traded on NYSE Arca), and the
other asset a futures contract on that index (e.g., the ICE MSCI World Futures traded on the Intercontinental
Exchange, which owns the NYSE). Alternatively, one asset might be an option written on the other asset.
For instance, Nasdaq operates three option exchanges in the US and sells proprietary options data products.



downstream market, we show that only the market maker buys exchange data, to reduce
its exposure to adverse selection from downstream speculators.’” In equilibrium, the market
maker’s quotes reveal the exchange data to other participants. Thus, exchange data dissem-
ination endogenously narrows the information gap between speculators and other traders.

This observation leads to our first main result. Relative to a benchmark without data
dissemination, exchange data curbs speculation in the downstream market. This reduces
adverse selection, increases trading volume, and increases (utilitarian) welfare. Further-
more, the exchange lowers its trading fees because trading services and exchange data are
complements.® Lower trading fees increase profits from data sales for two reasons. Lower
upstream fees stimulate upstream speculation, which increases the informativeness of the
order flow (higher data quality).” Lower downstream fees help maintain downstream spec-
ulation, preserving the market maker’s exposure to adverse selection and its willingness to
pay for data. Despite the increase in speculation from lower fees, total welfare increases as
data dissemination improves public information revelation about fundamentals.

Our second main result relates to the imposition of a cap on the exchange’s data fees. We
consider an extreme cap by comparing the laissez-faire outcome with another benchmark in
which the exchange can disseminate data, but cannot monetize it. Without monetization, the
exchange typically chooses a higher (not lower) data quality than under laissez-faire. This

counterintuitive result arises for two reasons. First, without monetization, the exchange

This is consistent with the fact that major market making firms (Citadel Securities, Jane Street, Virtu,
Optiver, etc.) buy proprietary data from most exchanges. Moreover, in practice, not all trading firms buy
market data. For instance, Hendershott et al. (2025) find that 20% of trading firms (brokers, investment
banks, prop trading firms or market making firms) in their sample do not buy any data from the NYSE. This
is also consistent with our model: speculators and liquidity traders choose not to buy the data in equilibrium.

6This point is different from that in Glosten (2020) who argues that the datafeed from different exchanges
are complementary goods, not that trading services and exchange data are complements.

"This is not obvious, as lower trading fees could increase participation from both speculators and liquidity
traders. However, the second effect is muted in equilibrium when speculation is endogenous, as in our model.



benefits from disseminating high-quality data to curb adverse selection in the downstream
market and increase total volume. Data monetization, on the other hand, incentivizes the
exchange to limit data quality. Indeed, higher data quality reduces downstream speculation,
which ultimately erodes the value of data.® These forces imply that a cap on data fees
increases data quality for a large range of parameters. For these parameters, holding trading
fees fixed, our model predicts that total trading costs fall and volume and welfare increase.

However, such results fail to account for the exchange’s adjustment to other policies
when faced with a cap on data fees. We show that the exchange would react to the cap
by increasing trading fees in the downstream market. Without monetization, the exchange
does not keep trading fees low, because it no longer captures the value of information sold to
the downstream market maker. Under a large set of parameters, this reaction to the cap on
data fees can outweigh the welfare benefits from greater market informativeness due to the
increase in data quality. As we discuss below, these results suggest that empirical analyses
of data policy changes should account for their likely impact on exchanges’ pricing of access.

Finally, we consider two variants of the baseline model. First, we study the case in which
the exchange’s trading fees are constrained to be zero. This “competition for order flow” case
captures the following idea: Even if exchanges face competition from other platforms for asset
trading”, they would retain market power over their data because proprietary data feeds,
even for the same asset, are imperfect substitutes (Spatt, 2020). Competition in trading fees

weakens incentives to sell high-quality data, as the exchange no longer benefits from higher

8Exchanges have argued that monetizing their data increases their incentives to improve market data
products. See, for instance, Nasdaq’s comments on Proposed Rule on Market Data Infrastructure. To the
extent that data sold by an exchange is used on its platform, our analysis challenges this assertion: The
exchange provides higher-quality data when it cannot monetize them in our model.

9A given stock in the U.S. typically trades on multiple competing trading platforms. However, in European
equity markets, switching to alternative trading venues is costly for some investors (e.g., due to differences
in clearing arrangements). As another example, derivatives markets offering proprietary contracts, such as
SPX or VIX options at Cboe, or Brent crude oil futures at ICE are not readily substitutable across venues.


https://www.sec.gov/comments/s7-03-20/s70320-7464491-221253.pdf

volume on its platform. Nevertheless, we find that the dominant effect of competition for
order flow is to increase order flow informativeness, thereby pushing the technological frontier
for data quality. However, welfare can be lower with zero trading fees, precisely because they
result in excessive investment in private information acquisition in the upstream market.'®

Second, we study the case in which the two markets are operated by distinct exchanges.
In this case, exchanges do not internalize complementarities between trading and data rev-
enues, resulting in lower data quality, higher trading fees, and lower welfare than under an
integrated exchange. These findings suggest that exchanges enjoy economies of scope by
better exploiting complementarities between the sale of data and the sale of trading services.

Our model offers a framework for interpreting recent empirical evidence. Some studies
analyze changes in exchanges’ data quality. Hendershott et al. (2025) find that the introduc-
tion of a more granular NYSE limit order book data product increased trading activity by
both subscribers and non-subscribers. In our model, an increase in data quality indeed pre-
dicts higher trading volume and lower informational asymmetries. Conversely, Hendershott
and Jones (2005) study an episode in which a trading platform stopped disseminating data
for three exchange-traded funds (ETFSs), as in the no-data benchmark of our model. They
find that trading volume declined, particularly among liquidity traders, while trading costs
increased, which is again consistent with our predictions.

Brogaard et al. (2024) find that charging users for data (data monetization) reduces
trading volume and price discovery while increasing trading costs. Our model rationalizes
these results when treating trading fees as fixed, which is likely appropriate in the short

run'! However, our model suggests that trading fees would ultimately adjust such that

O Trading fees act as a (welfare-enhancing) tax on speculation. With zero trading fees, the jump in
speculation can outweigh the benefits of higher data quality under competition for order flow. These results
do not contradict our findings about the benefits of exchange data; there the exchange chooses trading fees.

UBrogaard et al. (2024) find no major changes in trading fees around the events considered in their study.



trading volume would fall without monetization, reversing the fixed-trading-fee conclusion.

The rest of the paper is organized as follows. In the next section, we position our contri-
bution relative to related theoretical papers. Section 3 presents the model. Section 4 solves
for the equilibrium for a fixed exchange design. Section 5 studies the interaction between the
exchange’s data sales and the sale of matching services. Section 6 analyzes optimal exchange
policies and a cap on data fees. Section 7 considers two extensions with competition for

order flow and market fragmentation, respectively. Finally, Section 8 concludes.

2 Contribution to the Literature

Only a few theoretical papers study data sales by exchanges. Cespa and Foucault (2014) and
Easley et al. (2016) study sales of past transaction prices by exchanges in a noisy rational
framework. In these studies, exchanges do not charge trading fees, which precludes an
analysis of the interactions between the market for data and the market for trading services,
which are key for our implications.!? In addition, liquidity traders in these models are noise
traders, which precludes an analysis of exchange pricing policies on welfare.

Models of pure data sellers (e.g., Admati and Pfleiderer, 1986; Cespa, 2008; Huang et al.,
2022; Garcia and Sangiorgi, 2011; Cong et al., 2026) cannot account for either the interaction
between exchanges’ business lines or the endogenous determination of the quality of the data
sold by the exchange. In our model, the pure data seller case arises under competition for
order flow, and we recover a key insight from this literature: the data seller optimally limits

the informativeness of its data.

12Tn Easley et al. (2016), the exchange derives revenues only from data sales. In Cespa and Foucault
(2014), the exchange charges both a fee for participation in the market and a fee for data. The participation
fee, however, is a fixed lump-sum fee paid by traders before receiving any information, in contrast to trading
fees considered in our paper (and in reality).



Our paper also relates to the broader literature on the industrial organization of securities
exchanges (e.g., Gehrig, 1993; Degryse et al., 2009; Foucault and Parlour, 2004; Colliard and
Foucault, 2012; Chao et al., 2018). A strand of this literature studies the sale of trading speed
through co-location services (e.g., Pagnotta and Philippon, 2018; Cespa and Vives, 2021;
Budish et al., 2024)."* These papers emphasize that competition for order flow constrains
trading fees, leading exchanges to exercise market power primarily through the sale of trading
speed. Our analysis complements this literature by studying the sale of proprietary data
instead of speed. Unlike co-location, proprietary data mitigate adverse selection arising from
private information rather than from differential speeds of reaction to public information. In
addition, we analyze the joint pricing of trading and data services, with perfect competition
for order flow as a special case of our framework.

Last, our paper is related to the vast theoretical literature on transparency in securities
markets (e.g., Madhavan, 1995; Pagano and Roell, 1996; Bolton et al., 2016; Asriyan et
al., 2017; Vairo and Dworczak, 2023; Cespa and Vives, 2026). Unlike this literature, which
treats transparency as an exogenous disclosure choice, we study profit-maximizing exchanges’

endogenous contribution to transparency through the sale of trading data.

3 The Model

We present the model setup in Section 3.1 and discuss our modeling choices in Section 3.2.

13Exchanges sell co-location services, which enable traders to access the platform more quickly. Co-location
is distinct from proprietary data feeds, and market participants may purchase one service without the other.
See Mackintosh and Normyle (2024), Figure 11.



3.1 Setup

The economy has four dates ¢ € {0,1,2,3}. An exchange runs two markets that open
sequentially: the “upstream” market at t = 1 and the “downstream” market at ¢ = 2. Each
market features three types of specialized risk-neutral traders: a market maker, liquidity
traders and speculators. The assets traded in these markets are correlated, and, for simplicity,

we assume that they have the same payoff v € {—0, 40} at t = 3.

Traders

Liquidity traders In each market t € {1,2}, a continuum of short-lived liquidity traders
either wish to buy or sell the asset. Let m " and /" be the mass of liquidity buyers
and liquidity sellers at date t, respectively. Both masses are uniformly and independently
distributed on [0,m]. A liquidity buyer (seller) derives a private benefit ¢ from holding
(shorting) the asset, over and above the financial profit from the trade.'

Speculators Speculators also belong to one of two generations, exogenously assigned to
trade either in the upstream market at ¢t = 1 or the downstream market at t = 2. Speculators
enjoy no private benefit for the asset, but they can acquire private information about its
payoff. At ¢t = 0, speculators of either market ¢ € {1,2} can pay a cost ¢ to learn the asset
payoff v. The mass of market-t speculators who acquire information is denoted p;.

All traders incur an idiosyncratic cost k ~ U[0,k] from trading, which is independent
across time. This cost may represent the return from some alternative private use of capital.

For our analysis, it plays the technical role of ensuring that demand and supply are smooth.

Market Makers In each market ¢t € {1,2}, a short-lived market maker (MM) sets a bid

price, by, at which it executes all sell orders and an ask price, a;, at which it executes all

4The private benefit can be interpreted as a reduced-form proxy for idiosyncratic hedging needs.



buy orders. After observing these quotes, market-t traders can submit a unit order to buy
or to sell the asset. Let D! (SI) be the resulting aggregate demand (supply) from informed
speculators and DtL (StL) be the aggregate demand (supply) from liquidity traders. In each

market, the short-lived market maker is a monopolist (see discussion below).

The Exchange As the operator of both markets, the exchange is the only long-lived agent.
It generates revenues from matching traders and from the sale of data. For matching services,
the exchange charges a per-unit trading fee f; at date t, paid by traders.'®

In addition, the exchange sells data about the upstream market order flow to the down-
stream market participants. We model data as a random posterior belief, py, that the asset
value is high. To motivate this approach, observe that the aggregate demand for the asset in
market t—1, Dy_; = DtI_l +f)tL_1, which aggregates speculators’ positions, is informationally
equivalent to the posterior p, = Pr(v = o | D,_;). Obviously, p; = % since there is no market

at date 0. We conjecture and verify (see Corollary 1) that py is distributed as follows:

( rob. 1 — _2)
Palv = g ! 0

(2+1) (prob. )

N =

Do

Equation (1) states that the aggregate demand in the upstream market either fully reveals
the asset value (with probability ¢») or is completely uninformative (with probability 1— ).
We refer to the probability ¢, as the informativeness of the (upstream market’s) order flow.!°

To capture exchanges’ ability to choose the granularity of their data in practice, we

15The analysis is unchanged if trading fees are paid by the MM instead. Trading fees can be viewed as
taxes and, as is well known, statutory incidence is irrelevant from an economic perspective.

16 As shown below, this all-or-nothing structure results from the uniform distribution of aggregate liquidity-
trader demand. See Dugast and Foucault (2018) or Foucault and Fresard (2014) for related analyses.
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assume that the exchange can sell data ps that contains less information than the order flow

signal p,. Exchange data are a garbled signal of the upstream market’s order flow, with

(prob. 1 —¢o) _
P2 = y Q2 < Q. (2)

(% + 1) (prob. ¢2)

N =

N[ =

Similar to the raw aggregate demand, the exchange data either reveals the asset value or
reveals nothing.!” The constraint ¢go < @, reflects the fact that the exchange can garble
the order flow signal but data quality cannot exceed the informativeness of trades in the
upstream market. The case ¢ = 0 captures the situation with no exchange data.'®

To focus on the interesting cases for our analysis, we make the following assumptions.

Assumption 1. e < o

Assumption 2. K = V2kc > o—e+y/(0—¢)(20—¢)

2

Assumption 3. k> 20

Assumption 1 avoids the situation in which speculation never arises. Assumption 2 is
a technical assumption imposed to guarantee that the MM’s optimal quoting strategy is in

pure strategies.'® Similarly, Assumption 3 simplifies the analysis of the trading equilibrium.

17Specification (2) disciplines how the exchange can add noise to the signal by ruling out “false-positives”.
The exchange can omit information, that is, report ps = % when ps € {0,1}, but it cannot fabricate
information, for instance, report ps = 1 when p, = 0. This specification is both convenient theoretically and
appealing empirically. In practice, exchanges do sell data feeds with different levels of granularity, but they
could be liable for misreporting information.

8Tnstead of selling data about demand D7 only, the exchange could sell data about demand and supply
(D1, ST). The joint realization of demand and supply has similar qualitative properties as Di: It either
reveals the asset value or nothing but it is more informative. Hence, we assume that the quality of exchange
data is bounded by the quality of the signal contained in D7 rather than that conveyed by (D7, S7). This
makes the analysis more tractable without changing the economics of the exchange problem.

19Without this assumption, under some exchange design choices, the MM would randomize between quot-
ing and not quoting in equilibrium. While this feature would not affect the qualitative properties of the
model, it significantly complicates the analysis of the exchange problem.
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Timing. Figure 1 depicts the timing of actions. At date 0, there are two stages. First, the
exchange chooses its design, that is, its trading fees f = (f1, f2), its data quality ¢ and its
data fee, ®. Then, speculators in each market ¢ € {1,2} decide whether to acquire private
information, and the downstream market participants privately decide whether to buy the
exchange data or not. Next, the two trading periods take place, as described previously.
After upstream trading, the exchange releases data ps, derived from the upstream order flow
P2, to downstream market participants who bought its data.

Exchange chooses
fees (f1, f2), quality

q2, and data fee ® MM 1 sets quotes
Speculators ac- Traders submit
quire information market orders MM 2 sets quotes
Participants decide Order flow gen- Traders submit Asset payoff (v)
whether to buy data erates data ps market orders is realized
>
t=20 t=1 t=2 t=3

Figure 1. Timing

3.2 Discussion of Modeling Choices

In this section, we discuss our main modeling choices and their robustness.

Market power of exchanges. We assume that the exchange has market power over
both matching services and transaction data. For robustness, Section 7.1 proxies for compe-
tition in matching services, by setting the exchange’s trading fees to zero. Pricing power over
data, however, is central to our model. Such pricing power would arise if different venues
capture different order flows, so that their transaction data are not perfect substitutes. In

practice, exchanges charge significant fees for proprietary data feeds.?’

29Some market participants such as brokers or other exchanges have a de facto need to observe data from

12



Market power of market makers. We model market makers as local monopolists to
simplify the characterization of optimal quotes and of their decision to purchase data from
the exchange. What matters for our analysis is only that market makers retain some market
power, consistent with the profitability of market making in practice.?!

Short-lived participants. Traders and market makers are short-lived in the model.
This assumption rules out across-market strategic considerations by agents other than the
exchange and lets us cleanly decompose the key economic forces.

Pre-trade vs. post-trade transparency. MM quotes are observable at no cost in our
model, so the market is fully transparent before trade. The data market therefore concerns
transaction data, or post-trade transparency. In practice, exchanges may sell both pre-trade
and post-trade information. What matters is that the exchange controls access to payoft-
relevant information about the downstream asset generated by upstream trading activity.

Trading Game. Finally, the extensive form of the trading game follows Admati and
Pfleiderer (1989), Zhu (2014), and Biais et al. (2015): the market maker posts quotes at
which it simultaneously processes all orders from a continuum of traders. Alternatively,
there could be one trade per period with a random trader type, so that quotes would be
contingent on the order flow, as in Glosten and Milgrom (1985). We use the continuum
specification because it yields a simple distribution for the signal generated by order flow,
given by equation (1). Apart from this simplification, we expect the same economic forces

to be present with sequential trading.

several venues, which gives each venue market power over the information it generates.

211f market makers compete & la Bertrand for order flow, there is no equilibrium in pure strategies in which
both MMs buy data from the exchange at a positive price. Hence, since the exchange chooses the data fee,
the equilibrium must feature randomization in MMs’ decision to acquire information.

13



4 Equilibrium

In this section, we derive the continuation equilibrium induced by a fixed exchange design.
The goal is to express the key market outcomes—quotes, order-flow informativeness, the
value of data and trading volume—as functions of the exchange’s policy variables. We
proceed in two steps. First, in Section 4.1, we solve for traders’ optimal order submissions
and equilibrium quotes in each market . Then, in Section 4.2, we solve for speculators’
optimal decision to acquire information at date 0 and market participants’ decision to buy
exchange data. These decisions to acquire information (private signal or exchange data) are
not observed but are correctly anticipated by all market participants in equilibrium.

In the equilibrium we analyze, MM2 is the only buyer of exchange data in the downstream
market. This result follows from two steps. First, in any equilibrium, either MM2 buys the
data or no agent buys it. MM2 is large relative to atomistic speculators and liquidity traders
in the downstream market. Hence, any data fee ® such that the latter buy data is a negligible
cost to MM2. Second, the result hinges on a mild equilibrium selection criterion for the
downstream market. Since MM2 buys the data, that trading stage is a signaling game: MM?2
moves first by setting quotes, which can signal the information it obtained from exchange

22 We select the unique separating equilibrium of this game.

data to uninformed traders.
Since MM2’s quotes reveal its information, liquidity traders and speculators do not buy
exchange data at date 0 as they observe it for free in equilibrium. Appendix B characterizes

this equilibrium and shows that it corresponds to the equilibrium in which exchange data is

public information.?® Hence, we can solve for the downstream market equilibrium as if the

22The case in which market makers are informed has received little attention in the market microstructure
literature. One exception is Calcagno and Lovo (2006).

23These nonstandard results arise because the MM makes a two-sided market with a bid and an ask. As
we show in Appendix B, this exposes deviating MMs to predatory behavior from speculators, which helps to
guarantee existence. Uniqueness rests on the result that a MM with any type ps € {0,1/2,1} can attain the

14



exchange data signal ps € {0,1/2,1} were observable to all its participants.

4.1 Trading Equilibrium

In this section, we solve for the equilibrium quotes of the MM at date t, taking as given the
exchange design and the speculator mass, 1, in that market. We then derive the order flow
informativeness, the value of data and the equilibrium trading volume.

To derive the optimal MM quotes, we characterize traders’ order submission choices.
Consider first liquidity traders. In each market, in equilibrium, these traders have the same
information as the market maker (including in the downstream market, for the reasons given
above). Thus, they assign the same probability p, as MMt to the value of the asset being

1

high (v = o) where p; = % and p; € {0, 3,1}. We denote by v(p;) the expected payoff of the

asset given the market maker and liquidity traders’ posterior in market ¢ € {1,2}:

v(pt) = 20p; — o, (3)

A liquidity buyer in market ¢ buys the asset if and only if his valuation exceeds the total
trading cost, which comprises his private trading cost, k, the ask price, a;, and the exchange
fee, fi. That is, he buys if and only if v(p;) +& > a; + fi + k. Symmetrically, a liquidity seller
sells the asset if and only if b, — f; — k > v(p;) — . We deduce that the aggregate demand

and supply from liquidity traders at date t are:

DtL(at?pt) = 77%“ Prlk <ov(p) +e—a— fi] = thG(U(Pt) tE—a— ft), (4)

SE(be,pr) = fﬁf‘G(a —v(pe) + b — ft), (5)

payoff of the game with public exchange data by choosing the optimal quotes from that game, independently
of how liquidity traders map (possibly out-of-equilibrium) quotes to beliefs.

15



where G is the CDF of the private trading cost k ~ U0, k].
Now, consider speculators. In market ¢, speculators, who are perfectly informed, buy the
asset when v = o only if 0 > a;+ f;+k and sell the asset when v = —c only if —0 < b;— f;—k.

Hence, at date ¢, the demand and supply from the mass p; of speculators are given by:

; 0 if v=-0o , wGlo+b—f;) if v=-0
D; (a,v) = , S; (b, v) =

wGlo—ay— f) if v=o 0 if v=o0
(6)

The MM for market ¢ € {1,2} sets its ask, a;, and its bid, b;, to maximize its profit:

(m%X) HiWM(at, bip) =E Dt(at —0)+ St(f/ —b)|pe |, (7)

anticipating the effect of the quotes on demand D, = [DtL + [th and supply S, = S’tL + 5’{ .

Proposition 1. MM quotes. The MM’s optimal quotes are characterized by the half-spread

(e —fi) if pr€40,1
51(pr) = v(pr) — B (pe) = i (pr) — v(pe) = el

Ne— )+ (20—2) if p=1}

N[

provided that the trading fee satisfies f; < € and the MM’s profit at p = % is positive.

For a posterior p;, v(p;) would be the MM quote if it had no market power and did
not face adverse selection. Its actual quotes are characterized by a symmetric half-spread
sy (pe), relative to v(p;). This spread has two components. When p; = 1 or p; = 0 (which can
happen in the downstream market), speculators’ demand or supply is zero because they have
no information advantage. The MM’s spread is then just determined by market power over

liquidity traders, and it increases with liquidity traders’ willingness to pay €. The market

16



maker effectively rebates half of the exchange trading fee f; to traders to limit the negative

impact of an increase in f; on liquidity traders’ demand and supply. When p; = = (which is

1
2
always the case in the upstream market), the MM’s spread features an additional component,

it
m+ it

(20 — €), due to adverse selection, which increases with the mass of speculators ;.24
The equilibrium quotes determine the composition of the upstream order flow. We use
Proposition 1 to confirm our conjecture that the posterior probability that the asset value is

high, po(D7) given the aggregate upstream demand, D, is distributed as in equation (1).

Corollary 1. Order Flow Signal. Given exchange fee fi and a mass j11 of speculators in
the upstream market, the equilibrium order flow signal ps is given by (1), that is, it either
perfectly reveals the asset value or is completely uninformative. The probability that it reveals

the asset value (order flow informativeness) is

MIU_S%k(l/Q)_fl,l}' (9)

@ (pu, f1) :min{%g—s (1/2) = f1

With uniformly distributed liquidity demand, the order flow is fully revealing in the tail
realizations that cannot be generated by liquidity traders alone. Otherwise, it does not reveal
anything, which is why ps is given by (1). The size of these tails determines the order-flow
informativeness ¢, which is proportional to informed demand relative to liquidity demand.
In particular, informativeness increases with the mass of upstream speculators, p;. This
order flow informativeness, ¢, is an upper bound for the quality ¢, of exchange data.

Next, consider the value of exchange data for the downstream market maker. This value,

24The characterization of equilibrium quotes when p; = % is valid only if the conditions stated in Proposi-
tion 1 hold. Condition f; < ¢ is obviously satisfied in equilibrium because the exchange would never choose
f+ > e, since there would be no trading. If the second condition (positive MM profit) fails, the market breaks
down due to adverse selection. While this outcome could arise if u; is large, we show in the proof of Lemma
1 below that it is ruled out in equilibrium under our maintained assumptions when g, is endogenized.
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denoted V D(ua, f2, q2), corresponds to the incremental expected profit for MM2 from buying

exchange data, gross of the data fee. The following result follows from Proposition 1.

Corollary 2. Given data quality qz, downstream trading fee fo, and speculator mass o in

the downstream market, the value of exchange data for MM2 is

q m
VD(ps, for ) = T52 | = (20 <) = f3| (10)

Intuitively, the value of the exchange data increases with its quality, g2, because more
precise data allow MM2 to better mitigate adverse selection vis-a-vis speculators in the
downstream market. The value of data increases with the mass of speculators, ps, as this
increases MM2’s exposure to adverse selection.?® Indeed, as shown in the proof of Corollary
2, the scaled data value, V D/qy, measures the increase in MM profit from being perfectly
informed, thus facing no adverse selection, relative to being uninformed. As the uninformed

profit itself decreases with the mass of speculators, the value of data increases with us.

Corollary 3. Equilibrium Trading Volume. At datet € {1,2}, in equilibrium, the

expected trading volume and informed volume share are respectively

E%(Mtv ft7 Qt) = E(Dt + gt) =
E(D{ +5})

VS, fr qr) = 12
t(:ut ft Qt) E%(Mt,tht) ( )

25 Formally, taking the partial derivative of V' D with respect to po, we obtain

(=)= (1 —a)fe (11)

§|| 3

ovD a2 m2

e _AN\2 g2
aPJQ - 4]76 (m+#2)2 (20 E) f2 )

which is positive when s3(1/2) < o — fo. This condition is necessary for equilibrium speculation, and we will
verify that it holds under our maintained assumptions.
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The expected trading volume in market ¢ € {1,2} decreases with the exchange’s trading
fee f;, which is akin to a trading tax. Expected trading volume also decreases with the
mass of speculators in the market, p;. As p, increases, the MM charges a larger spread
(Proposition 1), which more than offsets the positive effect of speculation on trading volume.
This explains why expected trading volume in the downstream market increases with data
quality, go: speculators trade only when quotes do not reveal the asset value (probability
1—¢2). The informed volume share, defined in (12), is the fraction of order flow generated by
speculators. It is a model counterpart of the PIN measure in empirical market microstructure

(Easley et al., 1996).

4.2 Speculative Entry and the Data-Quality Frontier

Now, we endogenize the mass of speculators in each market, which was taken as given in
Section 4.1. This step completes the characterization of the equilibrium and allows us to
express all relevant equilibrium objects as functions of the exchange’s policy variables.

To determine the equilibrium mass of speculators, consider their decision to acquire
information about the asset value at date 0, at cost ¢. Speculators in market ¢ profit from
their private information only when exchange data does not reveal v, which happens with
probability (1—¢;). In this case, speculators trade if their information advantage, o, exceeds
their total trading cost, given by the sum of the MM spread, s*(3), given by (8), the exchange
fee, f,, and their private trading cost, k ~ U[0, k]. The net profit from information acquisition

for date-t speculators is thus

o—s*(1/2)—fi
(1—qt)/0 [a—s:u/z)—ft—k}d—:—c (13)
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In equilibrium, two cases are possible. Either speculation is strictly unprofitable and p; = 0,
or the mass of speculators adjusts such that the net profit from private information is 0. We

recall that K = Vv 2ke.

Lemma 1. Given trading fee f, and data quality q;, the mass of market-t speculators is

. B _ 20 —¢
i (fe, q¢) = max {O,m (2K(1 )2y, - 1)} (14)

The equilibrium mass of speculators increases with the volatility of the asset, o, the
amount of liquidity trading, m, and decreases with liquidity traders’ willingness to pay, &,
and the exchange trading fee, f;. Equation (14) further highlights a key force of our model:
in the downstream market, speculation decreases with the quality of exchange data, ¢;. As
the quality of data purchased by MM2 increases, its information gap with perfectly informed
speculators narrows. This reduces speculators’ willingness to pay for a private signal, and
ultimately the mass of speculators in equilibrium, u3, via the entry condition.

Lemma 1 closes the preliminary steps of the analysis. Indeed, the equilibrium objects de-
rived in Section 4.1 can now be expressed as functions of the exchange policies. In particular,
we characterize the data-quality frontier for the exchange by expressing the informativeness

of the upstream order flow as a function of the exchange’s upstream trading fee alone.

Corollary 4. Order Flow Informativeness. Given exchange fee fi, the equilibrium

informativeness of the order flow in the upstream market is

B(h) = B (.0), ) = min (it (8855 =1) 1) Ai<do = K) = (15)

0 otherwise

The informativeness of the upstream order flow increases with o, which measures profit
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opportunities for speculators, and it decreases with ¢—the willingness to pay of liquidity
traders. Corollary 4 further shows that informativeness decreases with the exchange fee,
f1. This nonobvious result obtains because the mass of speculators in the upstream market,
w1, is endogenous. Holding u; fixed, both speculative and liquidity volume decrease with
f1, with an ambiguous impact on order flow informativeness. With endogenous speculation,
liquidity volume does not change with the trading fee. To see this, consider the liquidity

trader who is indifferent between trading and abstaining, who has private trading cost

=c-s(1/2) - "2 0 — K, (16)
where the equality follows from the zero-profit condition for speculators when pj > 0. Eco-
nomically, when the exchange increases its trading fee f;, adverse selection decreases, which
induces the MM to lower its spread s*(1/2). In equilibrium, these two conflicting effects on
total trading costs exactly offset each other. Hence, a higher trading fee reduces speculative
volume but leaves liquidity volume unchanged, which reduces order flow informativeness.

To conclude, the trading fee in the upstream market controls the technological frontier
for data quality. Lowering this fee increases the informed share of the order flow, which

relaxes the constraint go < @»(f1) on data quality.

5 Selling Access and Data

In this section, we study how data sales affect the exchange’s business model and market
quality. Section 5.1 shows that data quality affects both trading-fee revenue and data rev-
enue. Section 5.2 instead characterizes the welfare impact of the data market. Sections 5.1

and 5.2 are useful in their own right and they also provide the building blocks for the analysis
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of optimal data policies and regulation in Section 6.

5.1 Exchange Profit Sources

The exchange derives revenues from trading fees, denoted IIZ_,, and from selling data at

price ®. The expected revenues from trading fees are given by

HtErad(fla f27QZ) = EV(:U’; f170) fl + EV(M;: f27QZ) f2 (17)

with EV,(uf, fi,q:) the expected trading volume in market ¢, given by (11). It depends on
the data quality, ¢; (with ¢; = 0), the trading fee, f; and the equilibrium mass of speculators

py. Next, under laissez-faire, the monopolistic exchange sets the data fee, ®, equal to the

value of the data for MM2, that is, ®*(f1, f2, q2) = V. D(u3, f2, q2), given by (10).

Overall, the exchange chooses policies to maximize profits from trading and data services:

(ff?fék?q;) = a(ffgfrnai( HE(fh f27 Q2) = Hgﬂad(fb f27q2) + VD(M; f27QZ) (18)
1,J2,92

S.t. g2 € [0,q_2<f1)], (19)

where the equilibrium mass of speculators, puy, is expressed as a function of the exchange

policies in (14). The order flow informativeness, g»(f1), is given by (15). We recall that

constraint (19) states that data quality cannot exceed the order flow informativeness.
Before solving this problem in Section 6, we study how each policy instrument affects the

exchange’s two profit sources.

Lemma 2. The profit from trading fees, 1Z_,, is single-peaked in trading fees (f1, f2) and

strictly increasing with data quality qo. The optimal data fee, ®*, is single-peaked in data
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quality qo and strictly (weakly) decreasing with trading fee fo (f1).

The exchange’s profits from trading fees, ITZ_,, are hump-shaped in these fees because
expected trading volume in market ¢, E'V;, is decreasing with the trading fee f; (Corollary
3). This profit component from trading fees also depends on the exchange’s data policy,
because I1Z_, increases with data quality ¢». Higher data quality sold to MM2 discourages
speculation in the downstream market (Lemma 1), which increases trading volume (Corollary
3) and thus revenues from trading fees. Hence, disseminating high-quality data supports the
exchange’s traditional business of matching traders, even if it cannot monetize data. This
effect will be at the center of the analysis of a cap on data fees in Section 6.2.

When the exchange monetizes data, its profit has a new component, ®*, equal to the
MM'’s value for data in the downstream market. The value of data does not increase mono-
tonically with quality because it reflects MM2’s exposure to adverse selection. Higher data
quality reduces this exposure and can erode the value of data because it reduces the mass
of speculators in the downstream market (Lemma 1). Equation (14) shows that above a
certain quality, data has no value, as speculators stop acquiring private information. Hence,
monetization does not necessarily induce transparency: if the order flow is too informative
(high @), the exchange could prefer to degrade the data quality, that is, set gz < 2.2

Finally, Lemma 2 shows that data revenues are decreasing with the trading fees (f1, f2).
The downstream fee, fo, reduces MM2’s value for data via two channels. First, it directly
lowers MM2’s profit and its incentives to acquire information. Next, it reduces speculation in
the downstream market and thus MM2’s exposure to adverse selection. This reduces MM2’s

willingness to buy data to reduce its information gap vis-a-vis speculators (see Corollary 2).

26This observation relates to a result by Admati and Pfleiderer (1986) who show that a data seller optimally
adds noise to a trading signal. In particular, we share the observation that the value of data increases with
speculators’ information advantage, and that excessive data quality erodes this information advantage. In
our model, however, a third party, MM2, buys the data, not speculators themselves.
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Finally, the upstream trading fee f; weakly lowers data revenues via its negative impact on

the order flow informativeness, g»( f1)—the upper bound for data quality (Corollary 4).

5.2 Market Efficiency

The exchange maximizes profit, but regulation is concerned with market efficiency. We con-

sider two metrics for efficiency: information revelation and overall social welfare.

Data Quality as Information Revelation. Regulators often view the production of
information about fundamentals as a key role of financial markets. Although information
revelation matters in the model only through welfare, it is useful to track separately because
public information about fundamentals can affect allocative decisions outside the model.
Our model-based measure of information revelation about the asset value is data quality,

@2, which measures the probability that quotes publicly reveal the asset value before date 3.%7

Utilitarian Welfare. Next, consider (utilitarian) welfare, which captures all aspects of
market efficiency. Because agents are risk neutral, transfers cancel under a utilitarian objec-
tive. Welfare is realized surplus from liquidity trading, net of traders’ private trading costs
and speculators’ information-acquisition costs. To express welfare, it is useful to introduce

the marginal traders in the liquidity and speculator groups. Extending equation (16), these

27An alternative definition could be total information revealed by the order flow. However, we emphasize
that all information produced need not be publicly and freely observable, at least in real time. Instead, data
quality g» corresponds to the informativeness of public information about the asset value.
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marginal traders have private trading cost

» e—sip)—fr if 0=1L
kt (pt) = ’ Dt € {07 1/27 1}7 te {1? 2} (20)

O'—S:(pt)—ft if 6=1

where p; is the realization of the data sold by the exchange. Social welfare in market ¢ is

EL (pr) " El(pe)
/ (e~ k| — (1 - ) / kdk — e, (21)
0 0

with the expectation taken over realization of the MM data, p;, which is degenerate in the
upstream market (p; = 1/2) and distributed according to (2) in the downstream market.
The first term of (21) is liquidity-trader surplus net of trading costs. The second term
measures trading costs incurred by speculators: speculative trading creates no social benefit
and occurs only when MM data do not reveal the asset value. The final term measures
aggregate costs from private information acquisition by speculators.

As when we studied the impact of the trading fees and data quality on the exchange’s

profit in Section 5.1, we characterize the effect of these policies on social welfare.

Lemma 3. Social welfare Wy, given by (21), increases with data quality q,. The date-t
trading fee, f; has an ambiguous impact on Wy. In the upstream market, W1 strictly increases

with fy, provided that there is speculation in equilibrium, that is, when pi(fi,0) > 0.

In equilibrium, data purchased by the MM is revealed via its quotes. Thus, data quality
levels the playing field between uninformed liquidity traders and speculators. Welfare in-
creases via two related channels. First, for a given mass of speculators, pu;, the MM is more
likely to be informed as data quality increases. The informed MM spread is lower than when

it is uninformed (s*(0) < s*(1/2)), which crowds in liquidity traders, and speculators do

25



not trade in this case, which avoids wasting resources to pay private trading costs. Second,
higher data quality reduces speculation, which reduces resources spent on socially wasteful
private information.

Next, Lemma 3 shows that trading fees have an ambiguous effect on welfare. On the
one hand, exchange trading fees increase total participation costs for liquidity traders, which
reduce welfare. On the other hand, higher trading fees deter speculators from acquiring
socially wasteful private information. Welfare increases with trading fee f; because only
the latter effect is present in the upstream market. This result follows again from the
observation that the marginal upstream liquidity trader, defined in (20), does not change
with f;. As explained in the discussion of Corollary 4, the decline in MM spread due to
reduced speculators’ entry exactly offsets the impact of the exchange fee. In the downstream
market, however, both channels are active, which explains why the result is ambiguous. If
data quality g is so high that it eliminates downstream speculation (u5 = 0), the total
trading cost is s + fo = %(5 + f2) and we obtain the classic effect that higher trading fees

reduce participation by liquidity traders.

6 Optimal Data Policy and Regulation

This section studies the problem of an exchange that jointly chooses its trading fees and its
data policy. The solution to Problem (18)-(19) can be characterized analytically, albeit not in
closed form, save for specific cases. Instead, we study exchanges’ data policies by comparing
the laissez-faire outcome with two benchmarks. In Section 6.1, the no-data benchmark shuts
down data dissemination completely. In Section 6.2, the no-monetization benchmark allows

dissemination but prevents the exchange from monetizing the data.

26



6.1 Data Sales Lower Trading Fees

In this section, we study the overall impact of the exchange’s data business by comparing
the laissez-faire outcome to the no-data benchmark. This benchmark allows us to capture
technological or regulatory impediments to the dissemination of data. The no-data bench-
mark in our model corresponds to data quality g2 = 0. In what follows, we use subscript

| =0 1O index equilibrium variables in the no-data benchmark.

Proposition 2. Relative to the no-data benchmark (qo = 0), exchange data lowers exchange
trading fees f and total (expected) trading costs, E[s}(p;)] + f in both markets t € {1,2}.

Yet, the upstream (downstream) MM spread st (E[s5(p2)]) increases (may increase).

The key result from Proposition 2 is that the exchange lowers its trading fees when it
sells data, relative to the no-data benchmark. As shown in the proof, this also implies that
total trading costs—exchange fees plus MM spreads—decrease. It is worth pointing out that
MM spreads move in the opposite direction. In the upstream market, any reduction in the
trading fee f; is offset one for one by an increase in the MM spread.?® Hence, empirical
measures based on spreads alone can misidentify the effect of data sales on trading costs.

Now, we explain why the exchange lowers trading fees when it sells data. First, lower
upstream trading fees increase the quality of data by making the order flow more informative.
By definition, the no-data trading fee f;| ;=0 Maximizes upstream profits from trading fees.
With data sales, the exchange would only alter this fee to relax the technological constraint

g2 < q(f1) if it wants to set data quality ¢ above the baseline level ( ff| _,). Instead, if the

q2=0

target data quality satisfies g3 < q( f{],,—y), the exchange sets fi = f{| _, and garbles the

28This observation implies that the total upstream trading cost s3(1/2) + f1 does not change, relative to
the no-data benchmark. Hence, the statement in Proposition 2 about total trading costs is strong only for
date 2.
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order flow, which avoids reducing upstream profits. The result then follows from Corollary
4, which shows that pushing the data frontier requires decreasing the upstream fee, f;.

The exchange also sets the downstream trading fee f5 below the benchmark level f5| =0
this time because the value of data to MM2 decreases with f, (Lemma 2). For a given mass
of downstream speculators jo, a lower fee has a direct positive effect on MM2’s willingness

to pay. In addition, a lower fee also stimulates speculation, which increases MM2’s exposure

to adverse selection and ultimately its willingness to buy exchange data. These two forces

29

induce the exchange to lower its trading fee fo, relative to the benchmark level f5| =0

These results suggest that exchange data increases trading volume, which we verify next.

Corollary 5. Trading volume increases in both markets relative to the no-data benchmark.

The informed volume share in the upstream (downstream) market increases (may decrease).

When the exchange sells data, trading volume weakly increases in the upstream market,
as the exchange may lower its trading fee to stimulate speculative trading (Proposition 2). As
this change does not affect participation by liquidity traders (see Corollary 4), the informed
share of the order flow also increases. In the downstream market, total volume increases
relative to the no-data benchmark because data increases trading volume (Corollary 3) and
the exchange lowers its trading fee (Proposition 2). Finally, the effect of the data market on
the informed volume share of the downstream market is ambiguous. Data sales crowd out
downstream speculators, as we explained above. However, when it sells data, the exchange
lowers its downstream fee to stimulate speculation and increase the value of its data for MM2

(Proposition 2). The net effect on speculative activity is ambiguous, as confirmed by the

29For completeness, there is a conflicting effect that incentivizes the exchange to increase fo when it sells

data. Indeed, when go > 0, Corollary 3 shows that expected volume is less sensitive to the trading fee because
2

speculators enter less and trade less; formally, g fj;v > 0. However, we show in the proof of Proposition 2

2
that the negative effect of trading fees on revenues $r0m data sales dominates.
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numerical analysis reported in Figure 2.
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Figure 2. Laissez-faire vs. no-data benchmark

In all panels, the z-axis (y-axis) is the normalized liquidity traders’ private benefit /o (private trading cost
parameter k = K /o). Each panel plots the difference between the laissez-faire variable and the no-data
benchmark variable. Green (red) values indicate that the laissez-faire variable is higher (lower) than the
benchmark variable. The total welfare panel reports wi + we, where wy = ﬁf—ngt is market-t normalized
welfare. For parameters in the gray area, there is no speculation in both cases. Parameters in the striped
area violate Assumption 2.

Finally, we discuss the impact of exchange data on our two metrics for market efficiency.
Since data quality is the measure of information revelation, the latter improves by construc-
tion when exchange data becomes available, as data quality increases from 0 to ¢5 > 0. On
the other hand, the welfare impact of data sales is a priori more nuanced. First, Lemma 3
implies that welfare in the upstream market decreases, because the drop in trading fee f;
only attracts more speculators. Next, the welfare impact of exchange data sales in the down-
stream market is ambiguous. Data quality increases from 0 to ¢;, which increases welfare for

a given trading fee (Lemma 3). However, the exchange lowers its downstream fee to stimu-
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late speculation, which has an ambiguous effect on welfare (again, Lemma 3). The numerical
analysis in Figure 2 reveals that total welfare aggregated across the two markets increases
relative to the no-data benchmark. This implies that the positive effect of data sales on the

downstream market’s welfare outweighs the negative impact on upstream welfare.

6.2 Data Monetization and Data Quality

Regulators view the creation of low-cost data feeds as key to market efficiency. Yet, exchanges
often contend that such interventions weaken their ability to provide high-quality data. To
analyze this tension, we compare the laissez-faire outcome to a no-monetization benchmark.
In this benchmark, the exchange can disseminate data, but it cannot charge data buyers,
that is, ® = 0. This constraint can proxy for an extreme regulatory cap on data fees.

First, contrary to the argument often advanced by exchanges, our model predicts that

an exchange would still disseminate high-quality data even without monetization.

Proposition 3. When the exchange can disseminate data but cannot monetize them, it sets
the mazimum data quality ¢sle_o = q( [ |e_) and sets the upstream trading fee below the

no-data level to increase data quality, that is, [{[e_y < f1l,,=o-

Proposition 3 follows from the result in Lemma 2 that high-quality data increases the
exchange’s profit from trading fees. Remember that higher data quality crowds out spec-
ulation, which increases trading volume (Corollary 3). Hence, without data monetization,
the exchange’s objective strictly increases with data quality. Thus, it sets data quality equal
to the informativeness of the order flow: ¢3|s_q = G(fi|p_o). Furthermore, the exchange
strictly lowers its upstream fee below the no-data benchmark to relax constraint (19) on

data quality, that is, f{]gs_y < f7l,,—0, Which reduces its upstream profit from trading fees.
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Hence, even absent monetization, the exchange disseminates high-quality data, not only as
a free byproduct of operations, but also to raise its profits from downstream trading fees.

Proposition 3 should be contrasted with Lemma 2, which shows that the exchange may
instead have an incentive to degrade data quality when it can monetize it. Indeed, data
of excessive quality loses its value to MM2 because it shuts down downstream speculation
and removes any exposure to adverse selection. This latter observation and Proposition 3
suggest that a cap on data fees may increase rather than decrease data quality. The numerical
analysis reported in Figure 3 confirms that the ranking between ¢3 and ¢3|4_, is ambiguous.
The highest data quality obtains without monetization for a large range of parameters.

Even if data-fee regulation increases data quality and thus information revelation, a
complete assessment requires considering the adjustment of trading fees by the exchange. It
follows from the discussion above that when ¢5 < ¢3|,_,, the exchange’s upstream trading
fee is lower without monetization than under laissez-faire, as the exchange seeks to attract
speculators to maximize the quality of its data. However, the effect of the data-fee cap on the
downstream trading fee is ambiguous. In particular, absent data monetization, the exchange
no longer has incentives to lower this fee to increase MM2’s value for data. As a result, when
the exchange cannot monetize the data, it may increase its downstream trading fee relative
to laissez-faire, with a potentially adverse impact on welfare (Lemma 3).

To determine the overall effect of a cap on data fees, we solve the model and the no-
monetization benchmark numerically. Figure 3 reports the results of this analysis by showing
a heat map of the difference between variables’ values in the laissez-faire equilibrium and
their counterparts without monetization. The top panel represents the exchange’s policies:
data quality and trading fees in both markets. The bottom panel depicts statistics of interest:

the total volume, the informed volume share, and social welfare.

31



Data Quality

\\

NN
\\k

SN

MM
LA
DAL

0.8 0.85 0.9 0.95
r=¢/o

Total Volume

NN
\N\

]\\\

NN
LAMAN
\\%%&

0.8 0.85 0.9 0.95
r=c¢/o

42Informed Volume Share (t=2)

-0.13

Date-1 fee

W\

NN
NN
LI
NN

LALLM
DAL

NN\\&

0.8 0.85 0.9 0.95
r=¢/o

Nk
\N\
MMM
nnnmy
LALLM

\\%%\

0.8 0.85 0.9 0.95
r=c¢/o

Figure 3. Laissez-faire vs. no-monetization benchmark

The x-azis (y-axis) is the normalized liquidity traders’ private benefit €/o (private trading cost parameter
k= K/o). Each panel plots the difference between the laissez-faire variable and the no-monetization
benchmark variable. Green (red) values indicate that the laissez-faire variable is higher (lower) than the
benchmark variable. Welfare (volume) is normalized by the scaling factor mo?/(2k) (mo/(2k)). For
parameters in the gray area, there is no speculation in both cases. Parameters in the striped area violate
Assumption 2.
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The top panel of Figure 3 confirms that, while the ranking is ambiguous, data quality is
lower with monetization for a significant range of parameters. The comparison for upstream
trading fees mirrors the pattern for data quality, as upstream fees are reduced to achieve
higher data quality. Interestingly, the numerical analysis confirms the intuition above that
the exchange tends to increase its downstream trading fee when it cannot charge for data
services. These observations explain the patterns observed in the bottom panel of Figure 3.

The bottom panel of Figure 3 reveals that total volume and welfare are higher with data



monetization for most parameter values. This result also holds in the parameter region where
data quality is lower with monetization. This might seem counterintuitive, as volume and
welfare increase with data quality, by Corollary 5 and Lemma 3, respectively. However, data
monetization incentivizes the exchange to keep the downstream trading fee low. Numerical
results show that the no-monetization constraint raises that fee enough to offset the welfare
and volume gains from higher data quality. Again, this result speaks to the importance of

accounting for the joint determination of data fees and trading fees by exchanges.

7 Extensions

Finally, we consider two variants of our baseline model. In Section 7.1, we characterize the
data policy of an exchange that enjoys market power over the sale of data but competes for
trading services. In Section 7.2, we compare the baseline model with common ownership of

both markets to the situation in which each market is run by a distinct exchange.

7.1 Competitive Trading Services

In our model, the exchange has market power over both trading services and data services.
The model allows us to proxy for competition in trading services by setting the exchange
trading fees to zero in both markets.>® In this benchmark, the exchange derives profits only
from the sale of data. Formally, it solves Problem (18)-(19) facing the constraint that trading

fees are equal to zero, in both the upstream and downstream markets.>!

308etting f = (f1, f2) = (0,0) is only a proxy for competition in trading services, as our framework does
not incorporate a venue choice for traders. In particular, profits from data services could theoretically allow
competing exchanges to pay market participants for trading, that is, to set negative trading fees.

31The converse analysis of an exchange with market power over trading services but competitive data
pricing is partly covered by our analysis in Section 6.2 in which we impose a zero data fee.
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We compare the outcome under monopolistic trading fees to the competitive trading
outcome, with a focus on optimal data quality. We denote ¢j] F=0 the optimal data quality

in the competitive trading benchmark.

Proposition 4. Under competitive trading services, the optimal data quality is

* . — 1 - q26/2 20- — &
q2‘f=0 = mln{qg(()), QQC}, 'LUhe?"e m = Imax {1, T} . (22)

Data quality increases with asset volatility o and decreases with liquidity traders’ private
benefit € and private information cost c. When K < o — %5, the upstream order flow is fully

revealing (q2(0) = 1) but the exchange data is optimally noisy.

Proposition 4 characterizes the optimal data quality chosen by an exchange that provides
competitive trading services. Unlike in the general case, a tight characterization of ¢} F=0
exists because the exchange problem becomes one-dimensional. The comparative statics
reflect the negative impact of exchange data on speculative trading in this model. As ex-
plained before, data sales reduce speculative trading, which ultimately lowers the value of
the data to MM2. As a result, the exchange optimally reduces data quality as speculation
becomes costlier (e.g. lower ¢ or higher ¢). The same intuition explains why the exchange
data never fully reveal the asset value if the upstream order flow itself is fully informative.
Doing so would shut down downstream speculation, so data would have zero value to MM2.
While incentives to limit the quality of data also exist with noncompetitive trading, these
are stronger here, because the upstream order flow is very informative. Indeed, Corollary 1
shows that the informativeness of the order flow is decreasing with the upstream trading fee;
it is thus maximized with competitive trading services because f; = 0 in that benchmark.

The discussion above suggests that exchanges produce better data in a competitive envi-
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Figure 4. Market power in trading services and efficiency

The x-azis (y-axis) is the normalized liquidity traders’ private benefit €/o (private trading cost parameter
k= K/o). Each panel represents, as a heat map, the difference between the variable in the main model
(with market power in trading services) and the competitive trading services benchmark. Welfare is
normalized by the scaling factor mo?/(2k). Parameters in the striped area violate Assumption 2.
ronment. Indeed, the order-flow informativeness, which is an upper bound on data quality,
decreases with the exchange’s upstream trading fee, f;. Competition in trading services thus
expands the data frontier. However, the impact on the ultimate data quality sold by the
exchange is not straightforward. Indeed, the exchange can degrade the data quality, and
optimally does so when the order flow is very informative (Proposition 4). Furthermore,
Lemma 2 shows that, for a fixed downstream trading fee, the exchange’s target data quality
is higher when it enjoys market power in trading services, because data quality increases
trading-fee profits. We use a numerical analysis to determine which force dominates. The
results reported in Figure 4 show that, for most parameter values, the exchange sells higher-
quality data when it competes on trading services. That is, the positive effect of competitive
trading fees on the technological frontier dominates. Still, the result can flip for K and o

low enough; then, data quality is highest with market power in trading services.

The second panel of Figure 4 reports the effect of market power in trading services on
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welfare. It shows that social welfare can increase with market power in trading services,
although data quality tends to be lower. This result arises because noncompetitive trading
fees can increase welfare by acting as a tax on speculation (Lemma 3). In particular, while
a competitive trading fee in the upstream market increases the order flow informativeness
and thus data quality, it may foster too much speculation. If that effect is strong, welfare

may decrease as the market for trading services becomes more competitive.

7.2 Separate Exchange Ownership

So far, the model featured a single exchange running both markets. However, data sold by an
exchange can be used on other trading platforms. To isolate the role of exchange ownership,
we compare the common-ownership baseline with the case of separate ownership. Under sep-
arate ownership, an upstream (downstream) exchange controls the upstream (downstream)
market. We solve for a Nash equilibrium in exchanges’ policy choices.

Exchange ownership has implications for data policy. Under separate ownership, the up-
stream exchange no longer internalizes the effect of data sales on the downstream exchange’s
profit.?? As we explained, common ownership induces the exchange to increase data quality,

because it raises downstream profits. The next result follows from this observation.

Lemma 4. For a given downstream trading fee, fo, data quality g5(f2) is lower under separate

exchange ownership than under common ownership.

As explained above, under common ownership, the exchange has strong incentives to sell

high-quality data because it internalizes the positive effect of data on its downstream profit

320bserve that without a data market, exchange ownership plays no role in our model, because data is the
only element that connects trading across markets. Even with a data market, exchange ownership is also
irrelevant if the market for trading services is competitive as in Section 7.1. Hence, the analysis is nontrivial
only if both the upstream and the downstream exchanges enjoy some market power over trading services.
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Figure 5. Common exchange ownership vs. separate ownership

The x-azis (y-axis) is the normalized liquidity traders’ private benefit €/o (private trading cost parameter
k= K/o). Each plot represents as a heat map the difference between the variable value under common
ownership and its value under separate ownership. Welfare (volume) is normalized by the scaling factor

mo?/(2k) (ma/(2k)). Parameters in the striped area violate Assumption 2.

from trading fees. With separate ownership, these incentives are no longer present for the
upstream exchange. This alone may not imply that equilibrium data quality is higher under
common ownership. Indeed, Lemma 4 keeps the downstream trading fee constant, but this
fee depends on the ownership regime. Hence, the effect of exchange fragmentation on data
quality is more subtle.
intuition from Lemma 4 applies: data quality is highest under common exchange ownership.

To complete the comparison between ownership regimes, Figure 5 reports additional

statistics of interest. In particular, it shows that the downstream trading fee is typically
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lower under common ownership.?® Since the integrated exchange sells higher-quality data
and sets lower trading fees, total volume is higher in this case. Finally, we find that social

welfare is higher under common ownership than under separate ownership.

8 Conclusion

This paper studies the joint pricing of data services and trading services by exchanges.
Our analysis shows that these two businesses are intimately linked: trading fees affect the
informativeness of order flow, and data dissemination affects revenues from trading services.
The analysis delivers two main insights. First, the ability to sell data induces the exchange
to lower trading fees, which increases trading volume and welfare. More surprisingly, we find
that a cap on data fees may raise data quality, but the exchange can respond by increasing
trading fees, with adverse effects on volume and welfare. These results can help reassess
regulation of exchanges’ data policies and empirical findings related to data policy changes
by exchanges. Our analysis leaves several directions for future research. In particular, unlike
in our model, exchanges sell differentiated data products to heterogeneous data users. In
addition, future research could study data market outcomes in a setting where exchanges

compete for the production and provision of data.

33For a fixed data quality ¢o, we can show that the integrated exchange chooses a lower downstream
trading fee than the downstream exchange under separate ownership, because the former internalizes the
negative effect of fo on the value of data.
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Appendix

A  Proofs

A.1 Proof of Proposition 1

The MM profit function is separable in the bid and ask price, that is,

LM (a, bis pe) = E[(D] + D)@ = 9) |pe ] +E[(S] + 5/)(@ = b)) | pt ] (A1)
El'lﬁgfj(aﬁpt) Enévifd%r(bt;pt)

By symmetry,, for any p; € {0,1/2,1}, we have II2M (by; p;) = MM (—b,, 1—p;). This implies
that the optimal bid price is given by b*(p) = —a*(1 — p). We thus solve for the optimal ask
price a*(p) below and obtaint the optimal bid from that relationship.

First, consider the cases p; € {0,1}. Since speculators have no information advantage in
this case, no speculator trades when b*(p) — f < v(p) < a*(p) + f, which holds because the

MM is a monopolist. When the MM sells only to liquidity traders, the optimal ask solves

(e —ar — fi)(ar — o) (A.2)

§\| 3

max %G(E —a; +v(pe) — fi)(as —v(pe)) =

ag

We obtain a*(p;) = v(p) + 3(¢ — f) and thus b*(p,) = —a*(1 — p;) = v(p) — 3(e — f) for
pe € {0,1}. As claimed above, speculators do not trade, because the bid (ask) is strictly
lower (higher) than the asset value, v(p).

Next, consider the case p; = % in which the MM is uninformed about the asset value.

Under Assumption 1 , two equilibrium outcomes are possible. Either the MM does not post

quotes and enjoys zero profit or it sets a; € (0,e — f) and enjoys positive profit. In this
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second case, given v(1/2) = 0 the MM profit from the ask component is

H%%(até 1/2) = %G@ —ay — f)ag + %MtG(U —ay— fi)(a; — o)
:%(5_at—ft)at+%(U—at—ft)(at—a) (A.3)

This expression is concave in a; so the first-order condition is necessary and sufficient:
0= 77_1(5 — ft — 26Lt) + /Lt(QO' — ft — 2045)

We obtain a;(1/2) as given by equation (8), and b;(1/2) = —a;(1/2) from the argument
above.

We will verify the conjectures that s7(1/2) < e — f; and the MM finds it optimal to quote
(b7(1/2),a;(1/2)) instead of not trading at date t € {1,2} in the proof of Lemma 1 in which
we derive the equilibrium mass of speculators. For now, we observe that the first condition

writes

e— fi > i —(20 — ¢), (A.4)

and that the profit of the uninformed MM when quoting (b5 (1/2),a;(1/2)) is given by
* * 7.— — * 2
(b7 (1/2), a7 (1/2):1/2) = k7 |:(m+luft)(5t(1/2)) — (o — fi) (A.5)
where s7(1/2) is given by equation (8).

A.2 Proof of Corollary 1

In equilibrium, speculative demand at t = 1 when is given by
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B(o—s1(1/2) = fi) if v=0
DI*(n) = (A6)

0 if v=—-0o

The equilibrium demand from liquidity traders is given by

. mit
it =T (e —5i(1/2) = fi), k* ~ U0, (AT

From (A.6) and (A.7), the conditional density of total equilibrium demand, D}, when v = —¢

is given by:

Z(e—s1(1/2) = fr) o Dy € [0, 7(e —51(1/2) — f1)
h(Dj|v=—-0)= ( ) | }a (A.8)

0 otherwise

while the conditional density when the asset value is high is
h(Dj|v=0)=h(D} — D{*(0)|v=—0) (A.9)

By Bayes law, the posterior that the asset value is high satisfies

_ B o h(Di|v =0)Pr[v = 0]
=Py =Dl = S P = o £ h(Di [0 = o) o = o] 10)
h(Dj|v=o0)

" W(Di|v=0)+h(Di|v=—0)

(A.11)
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(A.12)

From (A.8) and (A.9), we obtain
if Dj e [0,D{*(0)]
€ [Di*(0), %(e = si(1/2) — f1)]

if D:

N |

if D € [2(c— 5i(1/2) — ). 2(e — 1(1/2) — ) + Df*(0)]

p2(Dj
\
This proves the conjecture that the order flow either perfectly reveals the asset value (when

G2

pa € {0,1}) or provides no information (when py = 1/2).
To complete the proof, we characterize the conditional distribution of p, in equilibrium.
(A.13)

Conditional on v, py takes either value 1/2 or value % + 5-. Furthermore, by symmetry

Prjpp=1|v=0]|=Pr[ps =0]v = 0]

v=o]
ZLEE(IE )

Hence, the order flow informativeness, g, is given by
m
Prlp, = 1]v = o] = Pr [ D] > (e = si(1/2) = fi)
: Di*(0) } : {
= min 4 = ,1p =min< — " )
{%(8—ST(1/2)—f1) me—si(1/2) = fi
(A.15)

This concludes the proof of Corollary 1.
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A.3 Proof of Corollary 2

Due to the symmetry of the market maker’ problem on the ask and bid sides, the equilibrium

profit of MM2 with data ps € {0,1/2,1} is

3" (p2) = 3™ (a3 (p2), b3 (p2); p2) = 2110425 (a3(p2), p2). (A.16)

where II3" (a, b; p2) is given by (7) and ;1Y the ask component, is defined in (A.1).
First, consider the cases p = 0 and p = 1. We showed that speculators do not trade.

From equation (A.2), the ask component of the MM profit is

M (a3(0), 1) = 22(e — a3(1) — f)as(1) = == — fo)? (A17)

?[\52|| 3

Next, consider the case in which py, = % From equation (A.3), we obtain

ez (a5 (

|
_ A e {5—f2+ . 2 _ (20_5)}2_ N—Eo'(o'—fQ) (A.19)

where we obtain (A.19) from (A.18) by substituting s3(3) thanks to equation (8).
The value of data to MM2 is its incremental profit relative to the case when it is unin-

formed. When MM2 purchases the data, its gross profit is
"™ (na, fo,a2) = 2{(1 — g2) g (a™(1/2),1/2) + goTI550n(a" (1), 1)}

Its gross profit when it does not buy data is given by TI}™ (s, f2,0) as having no data is
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equivalent to having data with zero quality. Hence, the value of exchange data to MM2 is:

VD(MQ? f2>(I2) = HMM(:“Q; f27(I2) - HMM(MQ? f270)7

_ _ 2
= ¢ {2(5—f2)2 B m;%m la—fg—l— M;fm@a—e)} + %a(a—fg)},

= e o = 2o = )20 —6) - (27— 9 dalo - )]

4k Mo +m
q m
— % {m " uz(% —e)? — fg} . (A.20)

The second equality follows from (A.17) and (A.19). The final expression is equivalent to

expression (10). This concludes the proof.

A.4 Proof of Corollary 3

Consider first the expected trading volume for a given data realization p; € {0, %, 1} at date

t. The expected volume from liquidity traders is

BV (p) = B(DE + 5% | i) = 2 e = si(m) — fo) (A.21)
= ﬁ — — @ 'ut g — 1
= G (6= 1) = gt 2 =, (A.22)
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Informed speculators submit buy or sell orders (depending on the value of v) only if p;, = %

Thus, the informed volume as a function of the data realization p; € {0,1/2,1} is

V(1) = V(0) = 0 (A.23)
() Hr ) 0) 5o aa).
— % (u Tm(za —e)— ft> . (A.25)

Summing VX (p;) and V! (p;) and taking expectations over p;, we obtain equation (11), using

p1 = 1 and equation (2) for the distribution of ps.

A.5 Proof of Lemma 1

In Step 1, we prove the result in Lemma 1. In Step 2, we verify our claim that the necessary
conditions stated in Proposition 1 hold when the mass of speculators is endogenized. For
this proof, we define K; = K(1 — q)~/2.

Step 1: Endogenous Speculator Mass

As mentioned in the main text, two outcomes are possible. First, suppose that there is

no speculator entry, that is, p; = 0. Proposition 1 implies that s*(%) = %(5 — f). Given

such spread, speculators indeed find it optimal not to enter if and only if the net profit from

private information, given by (13), is negative. This condition writes

2
02 (-ahy (a-s@)] - 5) ~c (226
2, > 0 — %(g 1), (A.27)

which is consistent with formula (14) in Lemma 1.
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Next, if condition (A.27) does not hold, there must be positive entry by speculators
in equilibrium. In this case, u; is pinned down by setting the net profit from information

acquisition in (13) to zero. We obtain

1 1
Kt:a—§(€+ft)—§uﬁm(20—5) (A.28)
o 2K, — Hlm(% -, (A.29)

Equation (14) follows directly from this last equality.

Step 2: Necessary conditions for Proposition 1

Now, we show that the characterization of the equilibrium in Proposition 1 is valid
when g, is given by (14). For simplicity, we write p;(f:, K¢) for u;(fi,q:). The quote
s7(1/2) given by (8) is optimal only if s7(1/2) < e — f; and MMt achieves a positive profit,
MM (s#(1/2);1/2). In that proof, we maintain € > f;,. This condition holds because f; is
chosen by the profit-maximizing exchange and there is no trading if it does not hold.

Case 1: p;(f1, K;) =0

Setting p; = 0 in equation (A.5) and substituting s;(1/2)] = (e — f;), we obtain

=1
=0 2

MM
Ht ko

(e - ft)2

?d 3

which is strictly positive when € > f;.
Case 2: 5 (fy, Ki) >0

By the speculators’ zero-profit condition, we have s;(1/2) = o — f; — K}, which implies

8:(1/2)§8—ft =4 Kt>0'—€ <A30)
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Observe that K; > K for any ¢; > 0, so the inequality above is implied by Assumption 2.

From equation (A.5), the MM profit at quote s*(%) ‘m:ut* (@f) is given by
I — () [om 4 i 500 (°0/2))” = i oo = 1) (A31)
= (k)" {(m + 1 (s, ft))(U — Ji— Kt>2 — i (s, fr)o(o — ft):| (A.32)
m| 20 —¢ 2 20 — ¢
m 20 — ¢ 2
= {0(0 —fi) — K+ T, {U(U — ft) — (U —fi— Kt) H (A.34)

After simplification, the condition ITMM* > 0 is equivalent to Q(f;, K;) > 0 where
Of, K) = f2(0 —¢) — f(o —e)(0 — 2K) + K [K(za — &)~ 20(0 — 5)} (A.35)

Next, we verify that this inequality holds for all f; € [0,2(0c — K;) — €] where the upper
bound on f; is implied by p; > 0. Q(f, K) is a quadratic polynomial in f with Q¢ > 0.
Hence, its minimum is attained at L =0/2 — K;. Two cases are possible.

First if K; < 0/2, f, € [0,2(c — K;) —¢]. Hence, the mimimum of Q(., K¢) in the interval
[0,2(0 — K¢) — €] is attained at f,. Using the fact that Q(f, K) is quadratic in f, we obtain
QU K) =0 -2) (5 - K) + K[Ri(20 )~ 20(0 — )

=oK} —o(0c—¢)K; — %2(0 —¢)
This expression is quadratic in K; with Qxx > 0 and Q(L, K;) < 0. Hence, when K; > 0,
it is positive if and only if K, is above the positive root, which is the lower bound on K

imposed by Assumption 2. The conclusion follows from K; > K.
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Finally, suppose that K; > ¢/2, which implies that L < 0. Hence, the minimum of
Q(., K;) in the interval [0,2(0 — K;) — €] is attained at f; = 0. We have

20(0 —¢)

QO0,K)>0 & K>
20— ¢

(A.36)

20(0c—¢)
20— °

Since, again, K; > K, the desired result follows from o/2 >

A.6 Proof of Corollary 4

From equation (9), we obtain

@(f1) = %(lﬁ(fl,o), f1)) = min {,u’{(fl,()) o —s1(1/2) = fl,l} (A.37)

1
m e —si(1/2) = fi

If fi > 2(0c — K) — ¢ and thus pj(f1,0) =0, then ¢(f;) = 0. If instead f; < 2(c — K) — ¢

and thus pi(f1,0) > 0, use the zero-profit condition of speculators to obtain:

@ (f1) :min{“i(g’o)g_fﬂ(ﬂ} (A.38)

Substituting for i (f1,0) thanks to equation (14), we then obtain equation (15).

A.7 Proof of Lemma 2

Part 1: Profit component from trading fees
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Consider first the profits from trading fees at date ¢

Wi aai(frr0t) = EV (15 (fr, a1), foo @) fo (A.39)
_jm i (fe, qe)
= {ﬁ (e—fi) — T or (1- Qt)ft} Ji (A.40)

Case 1: 15 (fi,q:) =0

Then Hgad’t( ft,q:) is independent of ¢; and a quadratic and concave function in f;. This
proves that IIf7 , , is single-peaked in f;.

Case 1: pf (fi,qt) > 0

In this case, we have

20 —
Hgad,t(qut) = {5 —fi— (2[((1 _th)é;/z + £ o 1) (1 - qt)ft} i

§\| 3

Thus,

1L}, AK(1—q) 2 +
Wit o oy fy— (1= g2 — ) LW DTSy )
O (2K = )72+ fi)
4K?(20 — ¢
= £ — 2qtft — (]. — %)(20 — 5) + ( 12 ) 5 <A42)
(2K(1— )72 + fi)
211E
It follows that g;:;d’t < 0, which means that II},;, is concave in f,. To prove that it is

single-peaked, observe that

o11E otLE
lim trad,t = 0’ lim trad,t
ft—o0 aft ft~)0+ aft

<0 (A.43)
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Next, to see why I}/ 4, (fi, ¢:) increases with g, observe that

2 —
g = (L= aq)pi (fe.q) = (1 — @) (2[((1 —i]t)gl/2 +f 1)

is decreasing with ¢;.

Part 2: Profit component from data sales
Next, consider the effect of the exchange policies on profits from selling data. Corollary
2 shows that data has no value when uj = 0. We are thus left to consider the case in which

s > 0 at date 2. From equation (10), we have

/Lz(fza_fh)fh

2 42
4k m + p5(f2, q2) S (A-44)

VD<f27 q2) =

First, to see that V. D(fs, g2) decreases with fo, observe that

_ ovVD a/fz‘(fzyfh) oV D

VD A.45

T T AT (54)

Lemma 1 implies that %ﬁ’@) < 0 from and E’(;/Tf < 0 follows immediately from equation
(A.44). Hence, to prove that V Dy, <0, it is sufficient to show that %VT? > 0. We have

oV D q2 mQ 2 2
= — — 2 —_— —
Opia 4k | (m + M2)2( 7= /2
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In any equilibrium of the trading game with speculation, we have

osU—s;u/z)—fQ:a—%@—fﬂ—%ﬂjﬁm(za—s)—f?
1 m
25 M2+m(20_5)_f2

This implies that %VTf > 0 and thus that VDj, < 0.

Finally, consider the impact of data quality on profits from data sales. From Lemma 1,
for every fy € [0,2(0c — K) — €] , there exists ¢(f2) such that u3(f2,q2) = 0 for all g2 > G(f2).
This implies that

Va2 >q(f2), VD(f2,q2) = VD(f2,0) =0 (A.46)

We are left to consider the interval [0, ¢(f2)]. Equation (A.46) implies that VD is single-
peaked on [0, ¢(f2)] with a strict interior maximizer if it is concave. To prove concavity, we

use the following parameterization:

xr =

S Az=2-z =0 k=
g g

: z == (A.A47)

Normalizing the value of data, V D(f2, ¢2) in equation (A.44), we obtain

2k , A?
vd(6,q) = ——VD(f2.2) = Z“’j” [1 i ﬂ , (A.48)
with
2(¢,q) 4 -1 (A.49)

T ot2k(l—q)
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Consider the following change of variables y = (1 — ¢)'/?, such that

:gby—{—Qrz_ - oY + 2K

A A— ¢y —
(6.1) y i (A—d)y 2k

Hence, we can write the normalized value of data as

1—y*[(A— @)y — 2k] [2AK + ¢(A — ¢)y]
2 y(oy + 2r) '

vd(,q(y)) = F(¢,y)

Using the chain rule, we have

vdgq (9, q(y)) = T3 [y Fyy (6, y) — Fy(0,y)]

4y
Cumbersome but direct calculations give

AR? 2627 + 6K% + 3koy® + Irdy + 4¢°y?]
dgq (0, = — <0
v QQ((b Q(y)) y5(2/€+¢y)3

This shows that V' D is concave in data quality for any ¢a € [0, G2(f2)), which corresponds to

the speculation region with p3(f2,g2) > 0.

A.8 Proof of Lemma 3

Part 1: Impact of f; on W,

When p; =0

which is strictly decreasing in f;.
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When instead p; > 0, the free entry condition for speculators implies

c=1-q)

~| 5

Bam g R
/ [k (1/2) — k]dk = (1_%)?/ kdk
0 0

Hence, we can rewrite equation (21) as follows

kE(1/2) iE(0)
Wy = / (e — k)dk + Qtf (e = k)dk| — 2pc (A.50)
0 k

?r\| S

£(1/2)
Equation (20) shows that kZ(1/2) is independent from the trading fee f,. Hence, we have

oW, m_0kH0)
of, — k™ of,

Oy
(e — f)a — 20—’;tc

~ 8ut m
— k)] — 22t = 2

where the second equality obtains by definition of l;‘tL (0)=e—s5(0)— fr = %(6 — f). Hence,

oWy
Oft

since g—‘]ﬁtt < 0 by Lemma 1, the sign of the derivative

is ambiguous. At date 1, however,
¢1 = 0, which implies that the derivative is positive, as claimed in Lemma 3.

Part 2: Impact of ¢; on W,

Observe that kZ(0) is independent of ¢,. Differentiating the right-hand side of equation
(A.50), we obtain

oW, m /’94?(0) okL(1/2), -, Oy
= — e—kdk+(1—q)————=(e— k. (1/2 —2—-c A.bl
o0 = T [ Wm)( Jdk + (1= )5 (e = kr(1/2) 94, (A.51)

We know that g—‘;: < 0 from equation (14). Besides, from speculators’ free entry condition,

K(1/2)=e-5i(1/2) = fi=e—a+ K(1—q)"/?, (A.52)
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kF(1/2)

which implies that 2 o 0. Since the first term of (A.51) is strictly positive as well, it

follows that %—‘Zt > 0, which concludes the proof.

A.9 Proof of Proposition 2

Let (f7(q), f5(q)) be the optimal fees for data quality ¢ € [0,1]. The exchange’s objective
function is concave in (f1, f2), so the first-order conditions are necessary and sufficient.
Part 1: Optimal trading fees (f;(0), f5(0)) without data sales
We determine the optimal fees when ¢ = 0. In this case, the exchange problem is

identical across dates, so we abstract from the time subscript. We have

F1(0) = £3(0) = 5°(0) = axgmax BV (4 (7,0 £,0)f = 7o (e — )7 ~ 02 (asm)

f

§|| 3

Lemma A.1 (Optimal trading fees without data sales). If g = 0, the optimal trading fee is

K( 2(2“—_8)—2>, if K < K,

g —¢&
J1(0) = 20 — ¢ — 2K, if K! < K < KV,

if K > KV,

with

Speculation is strictly positive at the optimum, that is, p*(£*(0),0) > 0 if and only if K < K.

Proof. Given that the objective is concave by part, there are three candidate solutions.

Case i) u* =0 and f*(0) =¢/2
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This case is valid if p*(¢/2,0) = 0 which is equivalent to K > o — 3¢
Case ) p*(f*(0),0) > 0

Substitute for p*(f,0) in equation (A.53) thanks to equation (14) to obtain

BV (101000 = 52 (= N = 3o+
_m 2K (20 —¢)f
e {2<€“’>f+w}

The first-order condition writes

ol oy A0 —¢) “(0) = 2(20 —¢) _
0= —2 )+[2K+f*(0)]2 o f(O)_K[ ~— 1]

This conjecture is valid if ©*(f*(0),0) > 0, which is equivalent to

20— ¢

f0)<20—c—2K < 4K <% —¢

g —¢&

This holds if and only if K < 4/ w, which is strictly lower than o — 3¢

(A.54)

(A.55)

(A.56)

(A.57)

Case i1i) K € {\/ w, o— %5} In this case, the optimal fee is determined by the

condition p*(0, f*(0)) = 0. Using equation (14), we get

f7(0) =20 —ec - 2K

Part 2: Data Sales Lower Exchange Trading Fees
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Upstream Trading Fee The first-order condition with respect to f; is

dg
df,’

— aHﬁad(fl?f?aQQ) _’_/\@ . i

’ o ah o

JHEV (u1(f1,0), f1,0)| +A (A.59)

-~

=H(f1)

where A > 0 is the Lagrange multiplier on the constraint ¢o < ¢ (f1). By definition,
H(f;(0)) = 0. Since ngif < 0 by Corollary 4, the right-hand side of (A.59) is weakly negative

at f7(0). By concavity of the objective function, this implies that f;(¢) < f7(0) for all ¢ > 0.

Downstream Trading Fee

First, suppose that p5(f5(0),0) = 0, that is, there is no speculation at date 2 without data
sales. Them since p* decreases with its first argument, it must be that for any fo > f5(0),
we have p5(f5(0),q) = 0. This implies that for any fo > f5(0), the exchange can strictly
benefit by lowering fo until fo = f5(0). Hence, the downstream fee with data sales must be
lower than f5(0).

Now, consider the more interesting case in which p3(f5(0),0) > 0. For the rest of this

proof, let ¢ = ¢ and K, = K(1 — q)~'/? and A = 20 — . The profit component of (19)
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relevant for the choice of f5 is

105 (f2:0) = EV(15(f2,), f2,0) fo + VD(pi3(f2, 0), f2. q) (A.60)
= ”;—]? {6 —f2—(1— @f2%] (A.61)
A R R (A.62)
= f;—ZL [5 —qfa— Al —q)+(1- Q)%] (A.63)
+ 2 [A(A — 2K, — fo) + [ - mf] (A.64)
The first-order derivative of the exchange profit with respect to f, is given by
i P 2K - 24K ) (4.65)
_ _m\p( f2,q), where (A.66)

U(f2q) = (0= ) o[22 + 8K, | — 4eK3(q) + g folfo + 2K,)* + 2020 = 2)K2(g) ). (A.67)

By definition, ¥(f5(¢),q) = 0. This implies that f;(q) < f5(0) if and only if U(f5(0),q) >0

since I1Z( f2, q) is concave with respect to fo. We use the following result

Lemma A.2. Let r = (1 —¢)7"/? and £ = f;(0)/K and y = 2=, then

—e’

U(f3(0),q) = i s)K;(O)(T —b <r3c3 +1%cy +1ey + co>, with (A.68)
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cg = —&2 4+ 4 — 4€ 4 4, (A.69)

Co = 4% — €2 + 4 + A€ + 4, (A.70)
6 = (€ +4), (A7)
co = E3y. (A.72)

Proof. Substituting in equation (A.67), we obtain

W(3(0),9) = (0 — &) KE[2K¢ + 8Kr| — 4K 4 70271_;1 (K€ +2r)* + 2(20 — &) K*r2)
= [:—22 {7“2(0 —e)¢ [2{ + 87“] —dert + (r* = 1) <K§(§ +2r)% 4+ 2(20 — 5)r2>}
- [:—22 {—K§3 _AKE + [2(0 )2 4 KE — AKE — 2(20 — g)]ﬁ}

K? 27| .3 4
— +F{[8§(0—5)+4§ K}r + [—45+2(20—e)+4]r }
Using the first-order condition for f3(0), given by ¥(f5(0),0) = 0, which can be written
(0 — &) (€% +4€) = 2¢ (A.73)

and identifying power terms, we obtain equation (A.68). O]

Lemma A.2 implies that the desired result follows if ¢; > 0 for all i € {0,1,2,3}. This

result holds trivially for ¢y and ¢;. To prove the result for ¢ and c3, observe that Assumption

K, 1 2o—z2\ 1 €49
- > (1 — (1422 A.74
Y 0—5_2(+ 0—6) 2(+\/§)’ (A.74)

2 implies that
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We then obtain

e3> —E24+E242V2) 4+ V2 —464+4>0

c > 2685 (1+V2) - +44+46+4>0

oy
f2

This concludes the proof for Part 1.

Hence, (f3(0),q) < 0 which implies that f5(0) > f;(q) for all ¢ > 0, by concavity of TTZ.

Part 2: Total Trading Costs
Now, we prove that total trading costs also decrease when the exchange sells data. At

date 1, when p7 > 0, the zero profit condition for speculators implies

i1+ fr=0-K (A.75)

This proves that total trading costs, si(1/2) + f; are unchanged at ¢ = 1 and that the

upstream spread, s7(1/2), increases strictly relative to the no-data benchmark when f;(¢*) >

17(0).

Finally, consider total expected trading costs decease at date 2:

Els3(p2)] + f5 = 55(1/2) + f2 — g5 [s5(1/2) — 5*(0)] (A.76)
<o—K(1—g) (A7)

<o — K < (Elsy(p2)] + /)] (A.78)

q2=0

The inequality in (A.77) follows from Proposition 1 and the free-entry condition for specu-

lators. The inequality in (A.78) follows from ¢; > 0 and the final inequality follows again
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from the free-entry condition for speculators when ¢go = 0. This concludes the proof.

A.10 Proof of Corollary 5

Consider first expected volume at date 1. Combining equations (14) and (11), we obtain

“(f1,0) +m

EVi(f)=2e— o+ KH

=3

Given that p*(f1,0) is decreasing with f; and f; < ff] it follows that expected volume

q2=0"

at date 1, EVi(ff) is weakly higher when the exchange can sell data, relative to gz = 0.

Next, consider date 2. From equation (11), we obtain

EV(fs,q2) = % [8 —fo—(1- %)@ﬁ} (A.79)
= [a — o= (=) fo (2K(1 _222;_‘;2 T 1)] . (A.80)

The first-order derivatives are characterized by

1d[(1 = g)s(fo,
EVe, (f2,q2) ok [ qi;:;(ﬁ )] f2>0 (A.81)

EVi,(f2,q2) o< —q2 — 2K (g2)(1 — g2)

20— ¢
(2K (q2) + f2)

5 <0 (A.82)

Relative to the no-data benchmark, ¢ > 0 and f5 < f5| _,. Equations (A.81) and (A.82)

q2=

thus imply that EV) > EVY| =0 which proves the result for date 2 and concludes the proof.
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A.11 Proof of Proposition 4

First, consider the case without speculation at date 1. If K > 0 —¢/2, we obtain uf(0,0) =0
which implies that ¢2(0) = 0 by Corollary 4 and thus ¢;| s=0=0.
Next, consider the case K < o —¢/2. When f; = f; = 0, the exchange solves

maxg,efo,z(0)] VDO (15(0,¢2),0,¢2) . By Lemma 1,

115(0, g2) (20 —e)(1 — g2)"/?
= max {O, 5

Thus, speculation is positive if and only if

nospec 2K ?
g2 < g5 El_(Qg—g) : (A.83)

Given that the value of data is zero when p3 = 0 and that this is the only source of revenue

for the exchange, it must be that ¢;|,_, =0 < ¢;**. Using the expression for the value of

data from Corollary 2 and substituting for u5(0, ¢2) using Lemma 1, we obtain

o #5(0. )

m
(112(0,42),0,42) = (20 14 115(0, g2) /m
i 2K
= — 2 - 2 1_ ’
4]€q2( g 5‘) < (QU—S)M)

We show in the proof of Lemma 2 that this expression is concave in ¢, and that the optimum

is characterized by the first-order condition:

0 (A.84)

OVD (20 —¢)? 2K 1—¢/2
= = = ]_ -
0qa 4k 20 — e (1 —qo)3/?

which leads to the implicit definition of ¢§ in equation (22) for the case K < 0—&/2 considered
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here. Imposing the feasibility constraint go < g(0) therefore gives the stated result.

1—q/2

Next, we establish the comparative statics. Let h(q) = g

which is strictly increasing

with ¢. Hence, when g¢3|,_, < ¢2(0), the strict monotonicity follows directly from the implicit

function theorem applied to ¢3|;_, in equation (22). When instead g5|;_, = ¢2(0), it must
nospec

be that ¢2(0) < 1 as g3l < @ < 1 from the argument above. Then, in this case,

equation (15) in Corollary 4 implies that

20— —2K

32(0) = WK —ot2)

This expression is indeed increasing with ¢ and it is decreasing with ¢ and K.

Finally, the result that g»(0) = 1 when K < o—3¢ follows from equation (15). In this case,
the upstream order flow is fully revealing and, by the argument above, g;| oo < 1= 3(0),
which means that the exchange data is strictly less precise than the order flow. This concludes

the proof.
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B Separating Equilibrium of the Signaling Game

In this section, we prove the claim that the unique separating equilibrium of the signaling
game is the equilibrium of the game in which the exchange data p € {0,1/2,1} is public
information. Proposition 1 describes the equilibrium of this latter game, which we henceforth

refer to as the public data game.

B.1 Description of the Signaling Game

In the signaling game, the exchange data p € {0,1/2,1} is the MM’s private information,
which we call the MM type. Equation (2) implies that the probability distribution over this
type is given by (q/2,1 — q,q/2) for some q € [0,1]. Liquidity traders form beliefs 3 : R?
[0, 1] about this type for each pair of quotes (a,b) € R?, including out-of-equilibrium quotes.
Speculators, on the other hand, know the asset value perfectly, so the MM’s quotes possess
no informational content for them. Given a belief system 3 of liquidity traders, the MM

with type p who quotes (a, b) earns payoff

1 (a,b:p, B) = 2'G (1 S f) o)

N %G (1 B —b+;(ﬁia, b)) + f) (0(p) — b)
w6 (75 ) =+ a6 (T ) oo, )

where G is the CDF of a uniform random variable on [0, 1]. The last line of (B.19) corresponds
to the MM payoff component with speculators, denoted I (a, b; p) for future reference.
It is identical to the expression in the public data game, and independent of B because the

speculators are perfectly informed about the asset value. Let 1M (a,b;p,3) be the MM
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payoff component with liquidity traders, such that3*

1M (a, b;p, B) = TY™M (a, b; p, B) + 1Y (a, b; p) (B.2)

In what follows, we use superscript * (#x) to refer to equilibrium variables of the public-
data (signaling) game. A pure strategy equilibrium of the signaling game is given by a set
of quotes @ = {(b**(p), a**(p)) }pefo,1/213 and a belief mapping 4** : R? — [0, 1] such that
(i) quotes (b**(p), a**(p)) maximize ITMM (a, b; p, 3**) for each p € {0,1/2,1}, and (ii) belief

mapping 3** : R? — [0, 1] satisfies Bayes rule for any quotes (a,b) € Q**.

B.2 Existence and Uniqueness of a Separating Equilibrium

Below, we state the main result that proves the statement in the main text.

Proposition B.1. The only separating equilibrium of the signaling game is the equilibrium

of the public data game, characterized in Proposition 1

We prove Proposition B.1 using a series of intermediate claims. For expositional clarity,

we first state these claims and their implications and then provide the proofs in Section ?7.

Claim B.1. For each p € {0,1/2,1}, the MM payoff in the public data game, TIMM:*(p) is

HMM’**(

a lower bound for the MM payoff in the signaling game, denoted p).

Claim B.1 implies that the only separating equilibrium is the equilibrium of the public

data game. Indeed, in a separating equilibrium, the MM’s type is revealed in equilibrium.

34The expression of the MM payoff in the public data game in (??) can be obtained from (B.19), substi-
tuting S(a, b) with p, since, in the public data game, liquidity traders know the MM data p € {0,1/2,1}.
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This implies, that an upper bound for the MM’s payoff in a separating equilibrium is

T (p) < max I (a, b, p, p) = I (p), (B.3)

The rightmost equality obtains by definition of optimality in the public data game. Com-
bining this observation with Claim B.1, which states that ITM**(p) is a also a lower bound
for IIMM*(p) it follows that in a separating equilibrium ITM**(p) = IIMM:*(p). Unicity of
the separating equilibrium then follows from the fact that (a*(p), b*(p)) is the unique pair of
optimal quotes for the MM with type p in the public data game.

Thus, the separating equilibrium is unique if it exists. The next result establishes
existence by characterizing a belief mapping that supports the public-data game quotes

{(a*(p),b*(p))} as a separating equilibrium of the signaling game.

Claim B.2. The set of quotes Q* constitute a separating equilibrium of the signaling game

together with the clipped-midpoint belief mapping

0 if 3+ med <o,
* = m(a,b a,b
F7a,b) = 14 med) g 1y med) ¢ g q), (B.4)
1 if 14 med s

where m(a,b) = aT*b is the midpoint of the (a,b).
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B.3 Proofs of Intermediate Results
B.3.1 Proof of Claim B.1

To prove this result, we compute the MM profit at the equilibrium quotes (b*(p), a*(p)) of
the public data game and show that it is weakly higher than II™**(p). For ease of notation,
we write 3*(p) = B(b*(p), a*(p))-

First, observe that the MM profit component with speculators, TI¥(a, b;p) depends
only on the quotes. Hence, by quoting (b*(p), a*(p)) in the signaling game the MM with type

p achieves the same profit with speculators as in the public data game, that is,
* * M M %
g™ (a*(p), b*(p); p) = g

To show that the MM achieves a weakly larger profit with liquidity traders in the signaling

game than in the public data game with quotes (b*(p), a*(p)), we prove the following result:

Vpe{0,1/2,1} vV el0,1], M (0" (), a*(p); p, B) > M (0 (p), a”(p); p, )

Observing that the public data game quotes (b*(p), a*(p)) are symmetric around the midpoint

v(p), and denoting s*(p) = a*(p) — v(p) = v(p) — b*(p), we obtain

I (" (p), ' (0); . B) = 5" ()G (1 ) o) - )
LR (REDETDEIEIIES ) RS
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We show that this expression is minimized for 5 = p to prove our claim. Let

u(p) =e—f—5"(p), x(p)=v(p)—v(B(p) (B.6)

Thus, condition (B.5) can be written:

%S*(p) {G (u(p) ;ra:(p)) e (u(P) — :B(P))} > ms*(p) (@) (B.7)

3

Let Hy(z) =G <M> By symmetry, condition (B.7) holds if

Va>0, Hy(r)+ Hy(—x) > 2H,(0) (B.8)

£

Proposition 1 implies that u(p) € [0, §

}, wich means that there are three cases to consider.
1. if x € [0,u(p)], Hp is linear, which implies that (B.8) holds as an equality.

2. If x € [u(p), e — u(p)], we have H,(—z) =0 and

3. if x > ¢ — u(p), condition (B.8) follows from H,(—z) =0, Hy(z) =1, and H,(0) <

Hence, condition (B.8) holds, which implies that the sufficient condition (B.7) holds as well.

This concludes the proof of Claim B.1.
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B.3.2 Proof of Claim B.2

First, the belief mapping given by (B.4) is consistent with Bayes rule on the conjectured

equilibrium path. Indeed since, m(a*(p), b*(p)) = v(p), we have

p*(a*(p),b*(p)) =p, VYpe{0,1/2,1} (B.10)

by definition of that belief.

The key step of the proof is to verify that no type p € {0,1/2,1} wants to deviate from
quotes (a*(p), b*(p)) when facing the clipped-midpoint belief mapping in (B.4). Given the
symmetry of the problem, the proof for type p = 0 is identical to the proof for type p =1,

so we only present the latter. For future reference, define three subsets of quotes:

Qo = {(a,b) € R*|5*(a,b) = 0} (B.11)
Qint = {(a,b) € R* |B*(a,b) € (0,1)} (B.12)
Qi = {(a,b) € R*|5*(a,b) = 1} (B.13)

No Deviation for MM with type p=1

First, by optimality of (a*(1),b*(1)) in the public-data game, these quotes are optimal
when (a,b) = 1 for all (a,b) € R?% This implies that they dominate all quotes in Q;, and
thus, that no deviation in Q; is strictly profitable for the MM with type p = 1.

Next, consider quotes (a,b) € Qp. We show that the constraint m(a,b) < —o binds,

which leaves only the case (a,b) € Q;u to analyze. To prove this result, consider the payoff

73



of the MM with type p = 1 when ((a,b) = 0:

HMM(a,b;m:(J):%G(b@) (a—a)+TG(1—_b_—“+f) (o —1b)

+ G (%) (a—o) (B.14)

Let (b, a) be the quotes that maximize (B.14), abstracting from the constraint m(a,b) < —o.

The bid b that maximizes the expression above is given by

~ ) 1

bzm1n{—cr+f,—§(6—f)} (B.15)
Due to the presence of speculators, the ask price @ that maximizes (B.14) satisfies

> (e f) (B.16)
Hence, the unconstrained maximizer (@,b) of (B.14) satisfies m(a, b) > 0. This implies that
the best possible deviation in Qq satisfies constraint m(a,b) < —o as an equality, and thus,
that it also belongs to Q;,;. The next step rules out deviation in Q;,;.

Finally, consider quotes (a,b) € Q. To prove the desired result, we show that the MM
obtains a weakly lower payoff with liquidity traders than in the conjectured equilibrium. For

all (a,b) € Qint, the payoff component with liquidity traders is given by

HfM(a,b;m*):%G <1_ “_m(“’b>+f) <a—a)+%e <1— _b+m(a’b>+f) (o —b),

£ 9

(B.17)

where we used that v(8*(a,b)) = m(a,b) for all (a,b) € Q. Letting s(a,b) = a—m(a,b) =
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m(a,b) — b be the half-spread relative to the midpoint for quotes (a,b), we have

M (a,b; 1, %) = mG (1 — W) s(a,b)

That payoff is maximized for s = %(8 — f), which is equal to s*(1) in the public data game.
This proves that the MM cannot increase its payoff with liquidity traders by deviating to some
(a,b) € Qint. On the other hand, such a deviation causes a weakly greater loss from trading
with speculators, relative to the conjectured equilibrium quotes (a*(1),5*(1)). Indeed, the
payoff component with speculators, TI¥ (a, b; 1) is weakly negative, and the upper bound

of 0 is attained for the conjectured equilibrium quotes. Overall, this shows that
YV (a,0) € Qine, MM (a,b51,87) < MM (a*(1),0%(1);1,87),

which concludes the proof for the MM with type p = 1 and by symmetry for the MM with

type p = 0.

No Deviation for MM with type p = %

Consider first a deviation to (a,b) € Q;. By symmetry, the same proof applies to
deviation to (a,b) € Qp. We use a similar argument as above to establish that the best
possible deviation in Q; also belongs to Q,,;. For this, we show that the best deviation in

Q; satisfies m(a,b) > o as an equality. Consider the payoff of MM with type p = 1/2 when
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the liquidity traders assign belief 1 to all quotes:

MM 1, N\ _m a-o+f T _—bto+f

m (a,b,§,6_>_5G(1 eotd ) 2@(1 S )b (B.15)
1 o+b—f 1 o—a—f
— §uG (T) (0 +0b)+ §uG <T) (a—0o) (B.19)

Observe that the optimal ask a satisfies @ < 0. Indeed, the ask price that maximizes the
profit component with the liquidity traders is %*f < o. This implies that the MM will
never ask more than o since for any a > o, no speculator buys the asset and its profit with
liquidity traders is decreasing with a. The unconstrained best bid satisfies

- o—ce+f

b< ——

2

Together these observations imply that, when liquidity traders assign belief 5 = 1 to any
deviation, the best deviation satisfies m(a,b) < o. Hence, the constraint m(a,b) > o binds
for the best deviation in Q;, which implies that such deviation also belongs to Q;,;. The
argument below rules out such deviations.

Finally, consider a deviation to (a,b) € Q. Under the clipped-midpoint belief 5*, we

__ a+b

can reparametrize the MM profit as a function of the midpoint m(a,b) = “3* and the spread

s =a—m(a,b) =b—m(a,b). The payoff component with liquidity traders is:

T (a,b,%,ﬁ*) -2 (1— a—m(Z’b)+f)a—%G (1— _b+m(€“’b)+f)b

(B.20)
=mG <1 - M) s(a,b) (B.21)
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The payoff component with speculators as a function of (m(a,b), s(a,b)) is
1 1 o—a—f 1 o+b—f
MM — * — — P — PR -
ITg (a,b,2,ﬁ> 2,uG( p )(a o) 2uG< - )(U+b)

. G("_mfs_f> (m+s—0)+G(0+m__S_f) (s— 0 —m)

2 k k
EFE:n,s) EF(:rm,s)
Thus for any quotes (m, s) € Qjns,
1 1
MM <m,s; §,ﬁ**> = mG (1 st f) s+ §,u(F(—m,s) + F(m, s)) (B.22)
€

We are left to show that this expression is maximized for the equilibrium quotes of the

public-date game, that is, for

(m*(1/2), 5" (1/2)) = (0, O T e>) .

By definition of optimality in the public data game,

1
s*(1/2) = arg max [TMM (O, 8 5 6**) (B.23)

Hence, to prove the desired result, the following claim is sufficient.
Claim B.3. For any s >0, m >0 F(m,s) + F(—m,s) < 2F(0,s)

Proof. By symmetry it is enough to consider m > 0. Let us define the following two thresh-
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olds

ma(s) =0 —s—f (B.24)

my(s) =k — (0 —s— f) =k —mu(s) (B.25)

Assumption 3 implies that for any s > 0 and f > 0, my(s) > m4(s). We show that
m — F(m,s) + F(—m,s) is decreasing on the three relevant intervals.

When m € [0,m,(s)], F'(m;s) is a quadratic function of m, which implies

2
gﬂng = 2F(0;8) — %mQ (B.26)

F(m,s)+ F(—m,s) =2F(0;s) +

This proves that m — F'(m, s) + F(—m, s) is decreasing for all m € [0, m,(s)].
Next, for m € [mq(s), my(s)], we have
o+m—s—f

F(m,s)+ F(—m,s) = 7 (s —o—m) (B.27)

The term s — o — m is negative and decreasing with m while the term ¢ + m — s — f is

positive and increasing with m. O]

From Claim B.3, we conclude that the conjectured equilibrium quotes (m*(1/2), s*(1/2)) =
<O, %(6 -+ %%(20 — e)) are optimal among quotes in Q;,,;. This proves that no strictly
profitable deviation exists for the MM with type p = 1/2 under the clipped-midpoint belief

mapping given by (B.4), which concludes the proof of Claim B.2.
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