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Abstract in German

Im Kapitel “When to Introduce Electronic Trading Platforms in Over-the-Counter Markets?” Bestimme ich
ein Gleichgewicht in einem Markt, in dem Händler die Wahl haben, eine elektronische Plattform mit einem
RFQ-Protokoll zu verwenden oder einen Dealer direkt anzurufen. Die wichtigste Erkenntnis ist, dass Plat-
tformen die Verhandlungsmacht von Händlern mit Suchkosten erhöhen und dadurch ihre Marktbeteiligung
und möglicherweise auch die Wohlfahrt erhöhen. Eine weitere Reibung, die den Handel auf OTC-Märkten
beeinflusst, sind Informationsreibungen. Marktteilnehmer können aus Handelsaktivitäten auf Plattformen
lernen und mit diesen Informationen an anderen Handelsplätzen handeln. Das Zusammenspiel zwischen
einer elektronischen Handelsplattform auf dem Händler-Kunden-Markt und dem Interdealer-Markt wird im
Kapitel “Electronic Trading in OTC Markets vs. Centralized Exchange” analysiert. In diesem Kapitel wird
ein zweistufiger OTC-Markt mit einem vollständig zentralisierten Markt verglichen und es wird gezeigt, dass
informierte Händler möglicherweise die zweistufige Struktur bevorzugen, um von ihren Informationen zu
profitieren. Diese Fähigkeit der dezentralen OTC-Märkte, mit asymmetrischen Informationen umzugehen,
ist auch ein großer Vorteil der OTC-Märkte im Vergleich zu den Börsenmärkten, wenn Wohlfahrt betrachtet
wird. In dem Kapitel “Informed Traders and Dealers in the FX Forward Market” wird analysiert, ob solche
Informationsprobleme bestehen, ob Händler in der Lage sind, diese zu verringern, indem sie unterschiedlichen
Kunden unterschiedliche Aufschläge in Rechnung stellen, und ob das Verhalten der Marktteilnehmer mit der
Verringerung von asymmetrischen Informationen konsistent ist.

Abstract in English

In the chapter “When to Introduce Electronic Trading Platforms in Over-the-Counter Markets?” An equi-
librium in a market is determined in which traders have the choice between using an electronic platform with
a request-for-quote protocol or calling a dealer directly. The main takeaway is that platforms increase the
bargaining power of traders with search costs, thereby increasing their market participation and potentially
also welfare. Another friction that affects trading in OTC markets are informational frictions. market par-
ticipants may learn from trading activity on platforms and trade on that information in other trading venues.
The interplay between an electronic trading platform in the dealer-to-customer market and the interdealer
market is analysed in the chapter “Electronic Trading in OTC Markets vs. Centralized Exchange.” In that
chapter, a two-tiered OTC market is compared with a fully centralized market, showing that informed traders
may prefer the two-tiered structure in order to benefit from their information. This ability of decentralized
OTC markets to deal with asymmetric information is also a major benefit of OTC markets compared to ex-
change markets in welfare considerations. In the chapter “Informed Traders and Dealers in the FX Forward
Market,” it is analyzed whether such informational frictions exist, whether dealers are able to mitigate those
by charging different markups to different clients and whether we behavior consistent with the alleviation of
informational frictions.
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Introduction

Over the last 20 years, over-the-counter (OTC) markets have undergone a significant transformation. Where,

traditionally, the only option for obtaining a price was to call a dealer, one now has a wide menu of different

options of how to ask for a price. In particular, electronic trading platforms offer many diverse trading

protocols like request-for-quote, request-for-market, streaming quotes and, to a limited extend, some form

of central-limit-order book trading.

Given those diverse options, it is not obvious for participants in financial markets how to use those

trading protocols optimally. Related to that question, it is unclear what the effects of introducing new

trading protocols are on market equilibria or when financial regulators should mandate certain forms of

trading.

This thesis addresses those questions. In the chapter “When to Introduce Electronic Trading Platforms

in Over-the-Counter Markets?” I determine an equilibrium in a market in which traders have the choice

between using an electronic platform with a request-for-quote protocol or calling a dealer directly. The main

takeaway is that platforms increase the bargaining power of traders with search costs, thereby increasing their

market participation and potentially also welfare. Another friction that affects trading in OTC markets are

informational frictions. market participants may learn from trading activity on platforms and trade on that

information in other trading venues. The interplay between an electronic trading platform in the dealer-to-

customer market and the interdealer market is analysed in the chapter “Electronic Trading in OTC Markets

vs. Centralized Exchange.” In that chapter, a two-tiered OTC market is compared with a fully centralized

market, showing that informed traders may prefer the two-tiered structure in order to benefit from their

information. This ability of decentralized OTC markets to deal with asymmetric information is also a major

benefit of OTC markets compared to exchange markets in welfare considerations. In the chapter “Informed

Traders and Dealers in the FX Forward Market,” it is analyzed whether such informational frictions exist,

whether dealers are able to mitigate those by charging different markups to different clients and whether we
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behavior consistent with the alleviation of informational frictions.

To conclude, new trading protocols in OTC markets have the potential to increase efficiency. Different

traders may optimally choose different trading protocols to suit there needs. One should however be cautious

when trying to centralize markets, as decentralized markets may have their merits.
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Chapter 1

When to Introduce Electronic

Trading Platforms in

Over-the-Counter Markets?

Electronic trading platforms are currently transforming the way investors trade in over-the-counter (OTC)

markets. They also played a central role in an EU investigation1 and a class action in the U.S. resulting in

a $1.87bn settlement in 2015.2 In this class action, a number of buy-side investors accused 13 dealer banks,

along with Markit and the ISDA, of colluding to keep competition from electronic platform providers out

of the market. Besides a large fee, the resulting settlement included promises by the defendants to promote

electronic trading in the future. The settlement was welcomed by investors and regulators as a significant

step toward market efficiency. The rather reluctant introduction of electronic trading in the CDS market

stands in sharp contrast to trading practices in the bond market. The first electronic trading platform for

bonds has been established in 19883 and new bond trading platforms easily gain traction.4

What do these disputed trading platforms do? In general, electronic trading platforms are meant to

facilitate trading in OTC markets by increasing competition among dealers and leading to higher price

transparency. A trader who wants to buy corporate bonds (Hendershott and Madhavan (2015a)), interest-

rate swaps (Benos et al. (2018)) or foreign exchange securities (Hau et al. (2017) and Bjonnes et al. (2017)),

1For details regarding the investigation that started in 2011, see White and Bodoni (2015) and White (2016).
2See Drucker and Voris (2015) and McLannahan and Rennison (2015) for details.
3See MTS’s timeline: http://www.mtsmarkets.com/about-us/company-timeline.
4See Marsh and Detrixhe (2015).
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most of which are not traded on exchanges, usually has the choice between (i) calling a single dealer to

ask for a price at which this dealer is willing to trade a certain quantity of the bond and (ii) submitting a

so-called request-for-quote (RFQ) via an electronic trading platform to multiple dealers at once. A dealer

who has received an RFQ may or may not reply by quoting a price at which the dealer is willing to trade

a certain quantity of the bond. If some of the contacted dealers reply to an RFQ, the trader can pick the

most attractive quote and trade the bond at this price. Thus, submitting an RFQ on an electronic trading

platform means performing a first-price auction among the contacted dealers.

A number of questions arise from the anecdotes on the CDS and bond markets mentioned above. Why

have electronic trading platforms been used in the bond market for such a long time, while dealers were very

reluctant to introduce them in the CDS market? How do electronic trading platforms affect the ability of

the market to match buyers and sellers of financial assets? How do dealers’ quoting strategies change when

there is a platform introduced in an OTC market? Is there room for a regulator to improve a given market

structure?

To address these questions, I develop a model of a hybrid market (HM) in which traders have the

opportunity to buy an asset in a bilateral market or on an electronic trading platform. In the bilateral

market, each dealer has to be contacted separately, whereas a trading platform allows to contact all dealers

at once. The assumptions on dealers and traders are as in Duffie et al. (2017), who model a pure bilateral

market (PBM). There is a continuum of traders who want to buy one unit of an asset. A fraction of these

traders find search costless and the other traders have positive search costs. Traders with search costs are

called “slow” and traders without search costs are called “fast.” A finite number of dealers can provide the

asset at some cost.

One can assess the effects of introducing an electronic trading platform in an OTC market by comparing

the equilibrium in an HM (modeled in this paper) with the equilibrium in a PBM (modeled in Duffie et al.

(2017)). It turns out that introducing an electronic trading platform increases slow traders’ market partic-

ipation and makes slow and fast traders better off. However, the dealers’ markups may decline sufficiently

to make an HM undesirable for them. Introducing a trading platform increases competition among dealers

and trading on a platform may be associated with less search effort. Thus, entering the market is more

attractive for slow traders in the HM. Since the dealers’ profits are mainly generated by trading with slow

traders, dealers have incentives to introduce electronic trading if the slow traders’ market participation is

very low. The latter is the case if (i) the slow traders’ search costs are very high, if (ii) most traders are slow

and the lack of competition in the PBM results in high markups or (iii) if the number of dealers is large,
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which results in dealers charging high average markups and making slow traders to stay out of the market.

If slow traders already participate actively in the market or if competition on the platform is too intense,

dealers prefer the PBM.

If one views institutional investors as fast traders and retail investors as slow traders, then these model

implications are consistent with the anecdotes about the CDS and bond markets mentioned above. There

may be relatively more retail investors interested in trading bonds than in trading CDSs, which are used by

institutional investors to hedge certain risks. The model in this paper suggests that it may be profitable for

dealers to introduce a platform in bond markets while it may not be profitable for dealers to do so in CDS

markets. This may explain why electronic trading platforms have been used in bond markets for many years,

while they have been introduced in CDS markets only recently and under pressure from regulators. That the

presence of institutional investors is a critical determinant of an endogenous market structure is in line with

Biais and Green (2007). The latter suggest that the migration of bond trading from exchanges to the OTC

market was related to the growing importance of institutional investors in bond markets. Analogously, my

model suggests that bond trading migrated back to more centralized OTC markets due to a more dominant

role of retail investors in the bond markets compared to the CDS markets.

A regulator, who wants to maximize the aggregate benefits of trade between traders and dealers net of

the slow traders’ search effort, faces a slightly different tradeoff: On one hand, an HM is generally associated

with higher market participation by slow traders compared to the PBM. On the other hand, searching for

a quote is more complicated in the HM than in the PBM and, even conditionally on entering the market,

slow traders may exert a higher search effort in the HM than in the PBM, if the cost of using the electronic

trading platform is high. If, however, the cost of using the electronic trading platform is very low, introducing

electronic trading actually lowers the slow traders’ aggregate search effort and mandating electronic trading

always increases welfare by reducing aggregate search effort.

The policy recommendations that can be derived from the model are as follows. If dealers prefer the HM

to the PBM, the HM is always efficient. The latter is arguably the case in the bond market, judging by

the dealers’ lack of opposition against electronic trading compared to the CDS market. If dealers prefer the

PBM to the HM, a regulator may still want to mandate electronic trading if the searching on the electronic

trading platform is sufficiently easy for slow traders. Search-theoretic arguments will imply simple estimators

for the key model parameters determining the policy recommendation based on summary statistics of data

on transactions or quotes.

To the best of my knowledge, this is the first paper providing an equilibrium model of a hybrid OTC
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market comprising a traditional (bilateral) voice market and electronic trading via RFQs, the common market

structure for many assets like bonds, interest-rate swaps or foreign exchange securities.

The first contribution of the paper consists in the derivation of equilibrium search strategies of the traders

and equilibrium quoting strategies of the dealers in an HM, drawing on results and techniques of Duffie et al.

(2017). The latter develop a model of bilateral dealer markets in which traders have to contact dealers

sequentially to obtain prices for an asset. They combine random-pricing strategies from consumer search

models5 with insights on optimal search by Weitzman (1979) and show that a benchmark can improve both

dealer profits and welfare. In this paper, I am making similar assumptions on traders and dealers as those

in Duffie et al. (2017), in particular that dealers’ quotes do not change when a trader returns after having

contacted other dealers. Zhu (2012a) models a bilateral OTC market under the assumption that a dealer will

renegotiate an offer if a trader comes back to him after having visited other dealers, showing that dealers give

less attractive quotes in equilibrium when contacted repeatedly since other dealers likely gave unattractive

quotes as well in this case. These search-for-quotes models of bilateral OTC markets in the style of Duffie

et al. (2017) or Zhu (2012a) have to be distinguished from intensity-driven search models as for instance

Duffie et al. (2005), Weill (2007a), Lagos and Rocheteau (2009a), Gârleanu (2009), Lagos et al. (2011a),

Feldhütter (2012), Philippon and Pagnotta (2011), Lester et al. (2015a) or Glebkin (2016), in which buyers

and sellers trade with each other after waiting a random time. In search-for quotes models, a buyer exactly

knows where to find the asset, but reaching out to the seller takes effort. Search-for-quotes models also

allow bargaining and market entry to be inefficient, whereas in intensity-driven search models it is generally

simply assumed that bargaining is efficient. Indeed, this paper argues that market entry in OTC markets is

generally inefficient, but can be improved by electronic trading.

The model presented in this paper extends the search-for quotes model of Duffie et al. (2017) by intro-

ducing an electronic trading platform as a second trading venue in addition to the bilateral voice market.

On the trading platform, dealers have different incentives to compete than in the bilateral market. On

the platform, each dealer only responds with a certain probability less than one. In that sense, this paper

relates to the literature on auctions with entry of bidders as in McAfee and McMillan (1987), Levin and

Smith (1994) or Menezes and Monteiro (2000), in which equilibrium strategies for bidders in an auction

are derived in case sellers do not know what types of other bidders or how many of them are competing.

Jovanovic and Menkveld (2014) and Yueshen (2017) use techniques from this literature to model competition

between market makers in limit order books. This paper differs from all of these models in that I study the

5See for example Varian (1980b), Burdett and Judd (1983a), Stahl (1989a) and Janssen et al. (2005, 2011). Dennert
(1993)uses similar techniques to study market makers’ quotes in limit order books.
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interaction between an auction market with random entry of dealers and a bilateral dealer market in which

each trader can only contact one dealer simultaneously. Due to the traders’ endogenous choice of trading

venue, interactions between trading venues affect what kinds of traders the dealers face in each market and

the level of their reservation prices.

Thus, this paper also relates to a large strand of literature on interactions between trading venues. While

Glosten (1994) states condition under which an electronic limit order book does not invite competition from

third-party dealers, Seppi (1990a) and Lee and Wang (2018) study the interaction between an exchange and

an upstairs or, respectively, and OTC market, arguing that investors that are likely to be informed mainly

trade on the exchange in equilibrium while investors that are likely to be uninformed trade off the exchange.

Similarly, Zhu (2014) argues that, if the volatility of the asset is not too high, informed traders trade on

the exchange and only uninformed traders trade in a dark pool. As opposed to Seppi (1990a), Grossman

(1992) argues that intermediaries in an upstairs market mitigate through their knowledge on future order

flow the negative effects on liquidity of the fact that traders do not continuously participate on the exchange.

Hendershott and Mendelson (2000) study electronic crossing networks and exchanges with market markers

and argue that introducing crossing networks increases market liquidity, but crowds out high-net-gain traders.

Parlour and Seppi (2003) argue that order preferencing plays a key role in determining how much volume

is traded in a pure limit order market and a hybrid market structure also including specialists. Vayanos

and Weill (2008) show how the different repo rates may arise for liquid and illiquid bonds and how this

explains the on-the run phenomenon, namely that just-issued bonds have lower yields than previously issued

bonds. This paper differers from all of the above, since I focus on an OTC market and study the interaction

between two OTC trading venues for the same asset. OTC markets function very differently from exchanges.

Whereas on exchanges, investors can either trade with each other or through an intermediary that quotes the

same spread for all investors, trading in OTC markets requires search effort by investors and is associated

with bargaining between buyers and sellers.

Hendershott and Madhavan (2015a) perform an empirical analysis of the hybrid OTC market structure

comprising a bilateral voice market and an electronic trading platform. Whereas they propose a statistical

model to estimate trading costs, controlling for the endogenous choice of trading venue, this paper provides an

equilibrium model, in which trading decisions and the choices of trading venues are determined by primitive

parameters. Hendershott and Madhavan (2015a) suggest that a bond is more likely to be traded electronically

if the trader wants to sell or if the trade happens at the end of the month. Interpreting these trades as urgent

trades that are made by traders with high costs of waiting, the model implies that these trades should indeed
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more likely happen on electronic trading platforms. Benos et al. (2018) provide evidence on the effect of

electronic trading on price dispersion. Their claim that electronic trading lowers price dispersion is largely

consistent with the model in this paper, which implies precise equilibrium price distributions for each trading

venue and allows conditions under which the decrease in price dispersion is large to be derived. Bjonnes et al.

(2017) and Hau et al. (2017) study how markups differ for different types traders and show that sophisticated

traders get better prices, consistent with the implications of the model in this paper. The results of Hau

et al. (2017) suggest that especially unsophisticated traders benefit from electronic trading, consistent with

the model in this paper. Other empirical papers on electronic OTC markets that are different from the HM

considered in this paper include Collin-Dufresne et al. (2018) and Riggs et al. (2018) who study the index

CDS markets in which electronic trading is mandatory. In these markets, dealers have access to a central

limit order book and trade with customers mostly through RFQs.6

As a second contribution, the model provides conditions under which a regulator can improve a given

market structure by introducing electronic trading platforms. In this way, this paper is related to the lit-

erature comparing alternative market structures, usually centralized to decentralized ones. While Pagano

(1989) argues that a single exchange welfare dominates a market with multiple exchanges, Malamud and

Rostek (2017) show that a fragmented exchange market may be more efficient if traders have different risk

aversions. Biais (1993) argues that spreads are, albeit equal in expectation, more variable in decentralized

markets than in centralized markets and De Frutos and Manzano (2002) and Yin (2005b) use similar models

to argue that decentralized markets may be more efficient. Biais et al. (1998) and Viswanathan and Wang

(2002) compare different trading protocols on exchanges and Duffie and Zhu (2011) and Acharya and Bisin

(2014) study how counterparty risk in OTC markets may be affected by clearing through central counter-

parties (CCPs). Babus and Parlatore (2016) study how fragmented markets may arise in equilibrium even

through a centralized exchange market would be more efficient. An exchange market is more efficient than

a hybrid market with exchange and OTC trading in Lee and Wang (2018), if and only if there is sufficiently

much uninformed trading. Glode and Opp (2017b) argue that a bilateral OTC market may be more efficient

than an exchange market because of different incentives for sellers of an asset to acquire information. This

paper differs again from all of these papers, because it focuses on a market structure that has not been stud-

ied in any of the papers mentioned above. Moreover, electronic trading in OTC markets is fundamentally

different from an exchange market: In Lee and Wang (2018) dealers charge higher spreads on the exchange

than in the OTC market. Empirical evidence as for instance in Hau et al. (2017) suggests that unsophisti-

6Dealers have access to central limit order books also in other OTC markets. For instance, Östberg and Richter (2018) and
Schneider et al. (2018) study the centralized interdealer market for European bonds.
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cated traders receive more favorable prices in the electronic market. Consistent with this empirical evidence,

this paper allows dealers to quote lower average markups in equilibrium in the electronic market than in the

bilateral voice market, meaning that slow traders will receive better prices on the platform. In general, OTC

markets are viewed as exhibiting price dispersion, which means that different traders pay different prices for

the same asset due to dealers’ markups. Other related models comparing centralized to fragmented markets

either do not feature price dispersion in the OTC market in equilibrium (Lee and Wang (2018)) or do not

model dealers’ markups at all since traders are assumed to be able to trade directly with each other (Babus

and Parlatore (2016)). In this paper, dealers quote according to endogenously determined nondegenerate

probability distributions.7 Whereas Glode and Opp (2017b) and Lee and Wang (2018) consider informa-

tion asymmetries as the dominant friction in their models, the results in this paper are driven by search

costs. This can by motivated by empirical evidence suggesting that most trading in OTC markets is not of

speculative nature.8

The rest of the paper is organized as follows. Section 1.1 describes the PBM and reviews results from

Duffie et al. (2017). Section 3.6 introduces an electronic trading platform into the model setup from Section

1.1 and provides first results on traders’ and dealers’ equilibrium strategies. In Section 3.6.2, an equilibrium

is established and characterized. Section 1.4 discusses results on market design. In Section 1.5, policy

implications and empirical predictions are derived. Section 1.6 evaluates the appropriateness of important

model assumptions and discusses limitations of the model. Section 1.6 concludes. Appendix 1.8.1 contains

details on the derivation of the HM equilibrium. Proofs are relegated to Appendix 1.8.2.

1.1 Benchmark: The Pure Bilateral Market

This section describes a PBM as modeled in Duffie et al. (2017) with no uncertainty about the dealers’

cost. For expositional purposes, I will briefly review the main results regarding the equilibrium in the PBM

below. Afterwards, I will present a model of the HM in which there is an electronic trading platform as an

additional trading venue.

There are N 3 N > 1 risk-neutral dealers and a continuum of risk-neutral traders with measure 1.

Traders want to buy an asset to which they attribute value v ∈ R. Dealers can provide the asset at cost

7Empirically, bargaining plays a major part in determining prices in OTC markets. Costs related to bargaining have been
extensively studied for the bond markets. See for instance Edwards et al. (2007) and Goldstein et al. (2007). Harris and
Piwowar (2006) compare costs of trading municipal bonds to costs of trading equities on exchanges. Green et al. (2007) suggest
that dealers possess substantial bargaining power.

8For instance, Hilscher et al. (2015) argue that informed traders are primarily active in the equity market as opposed to the
CDS market. Han and Nikolaou (2016) argue that due to the low risk of repo transactions, trades are plausibly motivated by
liquidity needs and Oehmke and Zawadowski (2016) argue that speculative activity is very low in the bond market.
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c ∈ R. A fraction µ ∈ (0, 1) of traders is fast and does not find search costly. The other traders are slow

and have to pay cost sb > 0 when contacting a dealer in the bilateral market. Traders are called “fast” or

“slow,” because the cost associated with search can be interpreted as the cost of waiting. It is assumed that

v, c, µ and sb are common knowledge. In the following it will also be assumed that v > c+ sb, which means

that market entry by slow traders is efficient.

In a PBM, traders have to contact each of the N dealers separately to obtain a quote. A dealer does not

observe whether the trader who contacts him is fast or slow. After each contact with a dealer, a trader has

the option to buy the asset at one of the quotes obtained up to that point, leave the market without buying

the asset or continue to search.

Duffie et al. (2017) derive the following equilibrium. Fast traders will always contact all dealers in

the PBM. Slow traders will enter the market with a probability γPBM ∈ (0, 1] and follow a reservation

price strategy with reservation price rPBM . Each dealer independently draws a price p from a continuous

distribution HPBM without atoms or gaps and finite support [pPBM , rPBM ] ⊂ R. On its support, this

distribution is given by

HPBM (p) = 1−
(
γPBM (1− µ)(rPBM − p)

Nµ(p− c)

)1/(N−1)

.

The distribution HPBM is determined such that a dealer is indifferent between quoting any price in the

support of HPBM . The slow traders’ reservation price satisfies

rPBM =

∫ rPBM

pPBM
pdHPBM (p) + sb.

The reservation price in the PBM satisfies an indifference condition. When a slow trader is offered the

reservation price, he is indifferent between accepting the offer and continuing to search in the PBM. The

reservation price rPBM is a strictly monotone increasing function in γPBM with limγPBM→0 r
PBM (γPBM ) =

c+ sb.

Finally, the slow traders’ probability of market entry is given by

γPBM =





1, if rPBM (1) < v,

x, if rPBM (1) ≥ v,

where x is uniquely determined such that rPBM (x) = v and satisfies x ∈ (0, 1]. Thus, when a slow trader
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expects a positive profit of entering the PBM even if all other slow traders enter with probability one, he

enters with probability 1 as well. Otherwise, there is a unique equilibrium value γPBM ∈ (0, 1] such that

expected payoffs of entering the PBM are zero.

1.2 A Model of the Hybrid Market

In this section I present the setup for the model of the hybrid market structure. The setup builds on the

model of Duffie et al. (2017) that was partially reviewed in Section 1.1. In the model of the HM, the

assumptions on traders and dealers are the same as those laid out in Section 1.1. In the HM, however,

traders have the choice between two different trading venues:

• Bilateral market: As in section 1.1, a trader may contact each of the N dealers individually and

ask for a quote. After each contact with a dealer, a trader may buy the asset at one of the prices

obtained so far, leave the market or continue searching in the bilateral market or on the electronic

trading platform (see next bullet point). Continuing to search in the bilateral market is only feasible if

there are dealers who have not yet been contacted individually by the trader. Similarly, continuing to

search on the platform is only feasible if the trader has not yet submitted an RFQ though the platform,

e.g. because the cost of returning to the platform is prohibitively high for reasons that are not modeled

in this paper, like reputation concerns or information leakage. It is also assumed that each dealer can

be contacted bilaterally at most once by every trader. Slow traders have to pay cost sb each time they

contact a dealer.

• Electronic trading platform: Traders can also submit a so-called “request-for-quote” (RFQ) via

an electronic trading platform to all N dealers at once. Every time a trader submits an RFQ on the

electronic trading platform, each dealer can decide to respond to this RFQ and provide a quote at

which he is willing to sell the asset. Thus, the trader gets a number n ∈ N of quotes, with 0 ≤ n ≤ N .

It is quite possible that n = 0, as Hendershott and Madhavan (2015a) show empirically. Each dealer

independently responds to an RFQ with probability η ∈ (0, 1), which is an exogenous parameter of

the model. After having received the n quotes, a trader can either decide to buy the asset at the most

attractive quote he has received so far, continue searching in the bilateral market or go out of the

market without buying the asset. Continuing to search in the bilateral market is only feasible if there

are dealers left in the bilateral market who have not yet been contacted by the trader. Slow traders

have to pay a cost sp ≥ 0 when submitting an RFQ. Fast traders find it costless to use the platform
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and submit an RFQ. Each trader is allowed to submit at most one RFQ via the electronic trading

platform.

Notice that the slow traders’ search costs in the bilateral market sb may be different from their search

costs on the platform sp. In order for a nontrivial equilibrium to exist, I assume that sb > 0, i.e. it takes

at least some strictly positive effort for slow traders to contact a dealer in the bilateral market. However,

sp = 0 is allowed in this setup, taking into account that electronic trading platforms are meant to facilitate

the access to dealers in OTC markets. Each dealer has a separate trading desk for the bilateral market and

for the platform. The objective of each trading desk is to maximize its own profit.9

Traders can visit the N dealers in the bilateral market and use the platform in any order. Potentially,

they can contact all available dealers and also go to the platform once to request quotes. Thus, there are

potentially N + 1 periods in which traders can search for quotes. After that they can either choose the

most attractive quote that has been offered and buy the asset wherever they found this offer or they can

choose not to buy the asset if the quotes offered by the dealers were too expensive. In the event that a

trader has received several lowest quotes and he decides to buy the asset, he is equally likely to choose any

one of those lowest quotes. Traders can terminate their search early or stay out of the market completely.

Terminating the search early or staying out of the market may be optimal for slow traders who find search

costly. The dealers’ RFQ response rate η is exogenously given and can represent the cost of paying attention

as in Yueshen (2017). Risk management considerations might also prevent dealers from responding to every

RFQ. In particular, operational risk may impose an exogenous restriction that makes dealers respond at

a lower rate in the electronic market than in the bilateral voice market.10 One may thus interpret η as a

restriction on the RFQ response rate that banks impose on their electronic trading desks out of (to other

parameters unrelated) fear that algorithms “go rogue.”

Since dealers are identical, dealers’ quoting strategies are assumed to be symmetric on both the platform

and in the bilateral market. As in the PBM described in Section 1.1, a dealer does not observe the trader’s

9Some readers may find the assumption that trading desks within one dealer are competing with each other strange. However,
anecdotal evidence suggests that competition between different trading departments within a dealer bank is not uncommon. For
instance, Rodgers (2017) describes how letting prop traders compete with the options traders helped Deutsche Bank implement
automatic pricing of currency options, which required options traders to update inputs for an algorithm regularly: “The beauty
of the scheme was that I knew that the prop guys would scour the screens all day long looking for discrepancies but, if they
found them and dealt, the money that they’d make (and the options guys would lose as a consequence) would stay within the
FX department [...].” In any case, the model assumption that all trading desks compete with each other will play a very minor
role. Much more important are the interactions between the two trading venues as a whole.

10Relatedly, Basak and Buffa (2017) provide several anecdotes of trading failures of financial firms and study operational
risk in the context of an investment problem. Rodgers (2017) writes, when describing the adoption of electronic trading in
the foreign exchange market, on this particular source of risk: “Indeed, within Deutsche Bank and its rivals (and, I’m told,
algorithmic funds) this is the main focus of internal controls - how ensure that systems don’t ‘go rogue’ and accumulate huge
positions that could cause financial harm.”
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type and does not know how many dealers the trader has contacted before. Therefore, dealers do not observe

any information on which they can condition their quotes. The prices each dealer quotes in the bilateral

market can therefore be assumed to be independent and identically distributed. Similarly, the prices each

dealer quotes on the electronic trading platform can be assumed to be independent and identically distributed.

Notice, however, that dealers’ quoting strategies in the bilateral market may be different from those they

use on the electronic trading platform.

A dealer would never want to quote a price below his cost c, since doing so may result in losses when a

trader buys the asset from that dealer. Quoting below c is clearly never optimal. Without loss of generality it

can therefore be assumed that a dealer quotes according to probability distributions with support in [c,∞).

This means the following:11

1. In the bilateral market, dealers quote prices drawn independently from a distribution function H :

R→ [0, 1] with support(H) ⊂ [c,∞).

2. On the electronic trading platform, dealers quote independently from other dealers according to a

distribution function G : R→ [0, 1] with support(G) ⊂ [c,∞).

Since the dealers’ strategies are symmetric, H and G are the same for all dealers. Traders’ decisions

about market entry and exit and the dealers’ quotes are assumed to be essentially pairwise independent.

This makes the exact law of large numbers by Sun (2006a) applicable when referring to prices and quantities

of traders in the market.

This section proceeds as follows. First, the traders’ optimal search strategies conditional on the dealers’

quoting strategies are derived. A search strategy specifies where to start the search, when to accept an offer,

when to leave the market as well as when and where to continue to search. Second, the dealers’ optimal

quoting strategies are determined given that the traders use specific search strategies.

Overall, the following discussion is meant to convey the central ideas in the derivation of the equilibrium.

For the sake of conciseness and clarity, technical details have been relegated to Appendix 1.8.1.

1.2.1 Traders

The equilibrium search strategies are different for slow and fast traders. Since fast traders can costlessly

canvass the entire market, a fast trader will always take advantage of this ability. Obtaining another quote

can potentially result in a lower price the trader has to pay for the asset, while the other offers received

11In the following, “support(D)” refers to the support of the distribution D.
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before remain valid. The exact order in which a fast trader contacts dealers or goes to the platform does

not influence his expected payoff. A fast trader will choose the lowest offer received from the N dealers in

the bilateral market and from the n dealers who responded to the RFQ on the platform.

Slow traders, on the other hand, have to carefully consider whether entering the market or continuing to

search is worth the cost sb or sp, respectively. Slow traders also have to determine the exact order in which

they go to the platform or contact dealers in the bilateral market. This paper will focus on the case in which

slow traders follow the following reservation price strategy.

Definition 1. A trader’s reservation price strategy with reservation price r ∈ R and probability of continued

search γ ∈ (0, 1] is defined by the following actions:

• The trader almost surely enters the market by submitting an RFQ to the dealers on the trading platform.

• The trader buys the asset at the most attractive quote as soon as he has received a quote less than or

equal to r.

• The trader keeps searching for quotes with some probability γ ∈ (0, 1] in the bilateral market if the

trader did not receive a quote less than or equal to r on the platform or from a dealer in the bilateral

market. Searching in the bilateral market means that the trader contacts with equal probability one of

the dealers that the trader has not yet contacted.

In the following, it will be determined when following a reservation price strategy in the sense of Definition

1 is optimal for slow traders if dealers in turn follow optimal quoting strategies in response to the slow traders’

reservation price strategy.

1.2.2 Dealers

This section derives the dealers optimal quoting strategies given that slow traders follow a reservation price

strategy as described in Definition 1. For now, the slow traders’ reservation price r and the probability of

continued search γ will be taken as given. In Section 3.6.2, r and γ will be endogenized. In any equilibrium,

it must be the case that r > c, which can be seen as follows. If a slow trader can obtain the asset (on the

platform or in the bilateral market) at a price between c and c+ sb, the slow trader optimally buys the asset

at this price, since continuing to search in the bilateral market12 will result in the search effort sb > 0 and a

price for the asset greater than or equal to the dealers’ cost c. Thus the slow trader is better of by buying

12According to Definition 1, only searching in the bilateral market is still a feasible option.

18



the asset immediately contradicting the optimality of r ≤ c. The following discussion therefore assume that

r > c.

The fraction µ of fast traders plays two important roles. First, a positive fraction of fast traders eliminates

the possibility of a situation in which all dealers in the bilateral market charge the monopoly price r. Such a

situation is also known as the Diamond (1971) paradox. Second, fast traders connect the two trading venues,

since they search for the best price in the overall market. Thus, a dealer making a decision on either trading

venue has to consider what is happening on the other trading venue.

If slow traders use a reservation price strategy with reservation price r > c and probability of continued

search γ > 0 as described in Definition 1, standard search-theoretic arguments like those in Varian (1980b)

and Duffie et al. (2017) can be used to derive some properties of the dealers’ strategies (see Lemma 3 in

Appendix 1.8.1). Dealers will not quote prices greater than the slow traders’ reservation price r, because

they will not be able to sell the asset by doing so. It now follows that slow traders will buy the asset as soon

as they receive a quote. This means that one can calculate the masses of slow traders that a dealer faces

in the bilateral market or on the platform, respectively. By Definition 1, the mass of slow traders kp that a

dealer on the platform faces is given by

kp := 1− µ. (1.1)

Slow traders will only continue to search in the bilateral market if they did not get a quote on the

platform, which happens with probability (1 − η)N . In this case, a slow trader chooses each dealer in the

bilateral market with equal probability. Thus, the mass of slow traders that a dealer in the bilateral market

faces is given by

kb := (1− η)Nγ(1− µ)
1

N
. (1.2)

It turns out that there cannot be any atoms in the distributions G and H according to which dealers

quote on the two trading venues. Intuitively, a dealer would always try to avoid ties with other dealers if

there were atoms in G or H at prices above their cost c. An atom a price equal to the dealers’ cost c can be

ruled out since dealers would not earn a profit in this case, while a positive profit can be achieved by quoting

r all the time and sell to the strictly positive mass kp or kb, respectively, of slow traders in the market.

Dealers are only willing to quote random prices if the expected payoffs from quoting these prices are the

same. In the proof of Lemma 4 in the appendix it is shown that the suprema of the supports of G and
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H are both equal to r, i.e. trading desks always want to make use of their ability to charge high markups

to slow traders. Thus, the profit from quoting any price in the support of G (H) on the platform (in the

bilateral market) must thus be equal to the profit that results from quoting r, the supremum of supportG

and supportH, respectively. Formally, this means that for every p in the support of H it has to hold that

(p− c)
[
kb + µ(1−H(p))N−1

(
1− ηG(p)

)N]
= (r − c)kb. (1.3)

Analogously,

(p− c)
(
1− ηG(p)

)N−1
[
kp + µ(1−H(p))N

]
= (1− η)N−1(r − c)kp (1.4)

has to hold for every p in the support of G.

The intuition behind the condition in equation (1.3) is similar to the intuition in the case of a pure

bilateral market as in Duffie et al. (2017). One option for the dealer is to quote the slow traders’ reservation

price r and get only slow traders as customers, since the fast traders almost surely get a better offer elsewhere.

The expected profit in this case is expressed by the right-hand side of equation (1.3). Another option is to

lower the price in order to be able to sell to slow traders and a positive measure of fast traders. The expected

profit in this case is expressed by the left-hand side of equation (1.3). There is one difference between (1.3)

and an analogous condition for a pure bilateral market (without coexisting platform). In a hybrid market, a

dealer also has to take the probability (1 − ηG(p))N of not being undercut by dealers on the platform into

account.

Equation (1.4) expresses a similar trade-off for the dealers on the platform. A dealer on the platform

can only sell, if he is not undercut by other dealers on the platform. This event happens with probability

(1 − ηG(p))N−1. Then, the dealer has to be indifferent between selling only to slow traders at price r and

being able to sell also to a positive measure of fast traders, but at a lower price.

1.3 Equilibrium

Having characterized the traders’ and dealers’ strategies, an equilibrium can be constructed. This means

that the slow traders’ reservation price r and their probability of continued search γ needs to be endogenized.

Also, it needs to be determined when following a reservation price strategy in the sense of Definition 1 is

indeed optimal for slow traders.
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The slow traders’ optimal behavior is determined as follows. The reservation price r must be such that a

slow trader prefers buy the asset at a price below r to continuing the search. Since slow traders start their

search on the platform and at most one dealer is contacted in the bilateral market, the search will always

be continued in the bilateral market. Similarly, a slow trader prefers continuing the search in the bilateral

market to buying the asset at a price which is greater than r. If being offered a price equal to the reservation

price r, a slow trader is indifferent between taking the offer and continuing the search in the bilateral market:

v − r︸ ︷︷ ︸
payoff from taking offer immediately

= v − E
(
min(r, pb

)
)− sb,︸ ︷︷ ︸

expected payoff from searching

(1.5)

where pb denotes the price a dealer in the bilateral market quotes when contacted, a random variable

with distribution H. A trader always receives the value of the asset v when buying the asset. When deciding

to search instead of taking the offered price equal to r, a slow trader almost surely receives a better price,

since dealers do not give quotes greater than r. The expected price a trader has to pay after contacting a new

dealer is therefore lower than r. However, the slow trader has to exert the search effort sb. The reservation

price r makes (1.5) hold, i.e.

r = sb +

∫ r

c

pdH(p). (1.6)

Slow traders will always continue to search in the bilateral market after not having received a quote on

the platform, i.e. choose γ = 1, if it is profitable to do so. Searching in the bilateral market is profitable

for slow traders if the right-hand side of (1.5) is positive. Now, (1.5) implies that slow traders choose γ = 1

whenever v > r. Analogously, slow traders are willing to choose any probability of continued search in [0, 1],

if r = v. If the reservation price r as defined in (1.6) is greater than v, slow traders do not want to enter the

bilateral market. However, if only fast traders are in the bilateral market, the resulting Betrand competition

would make dealers quote their cost c, in turn implying r = c + sb < v. Thus, there is no equilibrium in

which slow traders continue searching in the bilateral market with probability γ = 0. Either r > 1 and γ = 1

or r = v and γ ∈ (0, 1]. The following definition summarizes the above reasoning and defines the notion of

the equilibrium in the HM considered in this paper.

Definition 2. The equilibrium in the HM is defined by the following conditions:

• Fast traders visit every dealer in the bilateral market and on the platform and buy from the dealer that

offered the best quote.
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• Slow traders find it optimal to follow a reservation price strategy according to Definition 1. The

reservation price r solves (1.5). The slow traders’ choice of γ satisfies

γ =





1, if r < v or

x ∈ (0, 1], such that r = v.

• The dealers quote according to continuous distributions that satisfy (1.3) and (1.4) on their respective

suppports. The suprema of the supports of these distributions are equal to r.

Trading desks have different incentives to compete with each other depending on whether they operate

in the bilateral market or on the platform. In the bilateral market, there is only one reason why dealers

compete with each other: the presence of fast traders who can compare quotes of different dealers. On the

platform, there is, besides the presence of fast traders, another source of competition: Since a dealer on

the platform can only sell if no other dealer provides a better quote, the RFQ trading protocol incentivizes

dealers to undercut each other. However, since slow traders start their search on the trading platform and

often do not even enter the bilateral market, the relative amount of fast traders compared to slow traders

asking for quotes is lower on the platform. Thus, although dealers on the platform compete with each other

through the RFQ trading protocol, they still have a relatively high incentive to extract high rents from slow

traders who will buy the asset at the first price they receive. This reasoning is summarized in Table 1.1.

Table 1.1: Incentives for dealers to quote low prices to attract fast or slow traders.

trader
type

Platform Bilateral market

slow
traders

low incentives:
RFQ incentivizes to compete,
but slow traders always buy

no incentives:
slow traders always buy

fast
traders

moderate incentives:
RFQ incentivizes to compete,

competition with bilateral market

high incentives:
competition with other trading desks,

few slow traders in the market

Looking at Table 1.1, competition should be higher in the bilateral market if there are many fast traders,

i.e. if µ is high: In this case, competition is moderate on the platform and high in the bilateral market. If

the fraction of fast traders µ is low, competition is low on the platform as opposed to basically nonexistent
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in the bilateral market. Besides establishing the existence of an equilibrium in the sense of Definition 2, the

following proposition confirms the intuitive reasoning on competition, if an inverse measure of competition

is given by a trading desk’s profits per quote. This means that competition is said to be higher if a trading

desk’s profits divided by the mass of its quotes sent to customers are lower.

Proposition 1. For any combination of the exogenous parameters N, v, c, sb, sp, µ and η, there is a positive

threshold s > 0 such that a unique equilibrium in the HM as characterized in Definition 2 exists if and only

if sp ≤ s. Moreover, there exists a threshold µ > 0 that depends only on N and η such that the following

statements are true for any equilibrium:

(i) If µ > µ, profits per quote are higher on the trading platform than in the bilateral market.

(ii) If µ ≤ µ, profits per quote are higher on the trading platform than in the bilateral market if and only

if the search cost in the bilateral market sb is sufficiently high.

A high search cost sb of searching in the bilateral market intensifies competition for fast traders in the

bilateral market, since many slow traders will stay out of the bilateral market if searching there is costly.

Therefore, part (ii) of Proposition 1 states that competition on the platform is higher on the the platform if

and only if µ and sb are small. Figure 1.1 illustrates for which specific parameter choices competition must

be higher in the bilateral market and for which parameter choices competition can be higher on the platform.

Profits per quote can be higher in the bilateral market only for very low values of µ. This result shows that

a common intuitive reasoning that competition in electronic markets is automatically higher might be too

simplistic. Since slow traders endogenously choose trading venues, competition is for most parameter choices

lower in the market with otherwise more incentives to compete.

In Definition 2 it has been assumed that slow traders start their search on the trading platform. Doing

so is only optimal for slow traders if the cost of searching on the platform is not too high. For this reason,

Proposition 1 states that an equilibrium as described in Definition 2 exists if and only if the cost of searching

for a quote on the platform is not too high. In particular, an equilibrium of the type described in Definition

2 always exists if sp = 0. If sp is very high, any equilibrium, in case one exists, must be different from the

type of equilibrium described in Definition 2.

In the following, some properties of the equilibrium in the HM are established. A statement of the next

proposition will use the notation

q := inf
[
support(G)

]
and b := inf

[
support(H)

]
(1.7)
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Figure 1.1: Parameter space. This figure shows the threshold µ referred to in Proposition 1 with η = 0.2
and various combinations of the number of dealers N and the fraction of fast traders µ. Given that sp is
sufficiently low so that an equilibrium exists, profits per quote are higher on the platform for all (µ,N) pairs
to the right of the dashed line. For all (µ, η) pairs to the left of the dashed line, profits per quote are higher
in the bilateral market if and only if sb is sufficiently small.

to link profits per quote to the smallest markup the trading desks are willing to quote. In the fifth

statement of the following proposition, q refers to the random variable that represents the best quote on the

platform conditional on at least one response by one dealer to an RFQ. Furthermore, pb refers to the random

variable that represents the price a dealer quotes when contacted in the bilateral market.

Proposition 2. For any equilibrium in the HM that is described by Definition 2, the following holds:

(i) On the choice of trading venue: Fast traders are more likely to trade in the bilateral market than

slow traders are. Slow traders are more likely to trade on the platform than fast traders are.

(ii) On profits per quote: A trading desk’s profits per quote are higher on the platform than in the

bilateral market if and only if b < q.

(iii) On average markups for slow traders: The expected price E(q) a slow trader has to pay on the

platform conditional on at least one response by a dealer satisfies the following inequality:

E(q) ≤ E(pb) + sb −
sp

1− (1− η)N
. (1.8)
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The first statement of Proposition 2 describes how the hybrid market separates fast and slow traders to

some extent: fast traders execute a larger proportion of their trades in the bilateral market than slow traders

do. The reason for this behavior is that fast traders make use of their ability to costlessly search the entire

market for the best quote, whereas slow traders often terminate their search on the platform.

The second statement of Proposition 2 states the following. Whether profits per quote are higher on the

trading platform or in the bilateral market can also be determined based on the supports of the quoting

strategies G and H. While it has been derived in Section 3.6 that the suprema of the quoting strategies’

supports are equal to the slow traders’ reservation price r, nothing has been said about the respective lower

bounds. The result in the second statement of Proposition 2 has a simple intuition: Suppose b < q. Then, a

dealer on the platform can decide to quote b at each RFQ response and expect the same profit per quote as

a dealer in the bilateral market expect when quoting b, since such a dealer would expect to sell to all traders

requesting quotes. However, because b < q, the dealer on the platform optimally never quotes b since this

would lower the dealer’s profit. Thus, the profits per quote must be higher on the platform. An analogous

reasoning applies to the case in which b ≥ q.

The intuition for the third statement of Proposition 2 is as follows. If slow traders find it optimal to start

their search on the platform, the expected quote is better than the expected quote in the bilateral market,

adjusting for search costs. The search cost on the platform is adjusted to account for the possibility that

there is no response from dealers.

The following proposition compares the HM equilibria to equilibria in the PBM from Duffie et al. (2017).

Proposition 3. Let the exogenous parameters N, v, c, sb, sp, η and µ be fixed. Moreover, let s be defined as

in Proposition 1 and let sp < s such that a unique equilibrium in the HM that is described by Definition 2

exists (see Proposition 1). Then, the following is true for the equilibrium in the HM and the equilibrium in

the PBM described in Section 1.1:

(i) On reservation prices: The slow slow traders’ reservation price in the PBM is at least as large as

the reservation price of the slow traders in the HM, i.e. rPBM ≥ r.

(ii) On slow traders’ probability of bilateral search: The equilibrium values of γ and γPBM satisfy

the following.

• If γPBM = 1, then γ = 1.

25



• If γPBM < 1, then

γ =





1, if r < v,

x ∈ (0, 1], otherwise,

where x is determined such that r = v and satisfies x > γPBM .

(iii) On total turnover: Slow traders trade at least as much in the HM as they do in the PBM. If the

market participation γPBM in the PBM is less than 1, slow traders trade strictly more in the HM

compared to the PBM. Thus, since fast traders always trade, total turnover in the HM is at least as

high as total turnover in the PBM and total turnover in the HM is strictly greater than total turnover

in the PBM if γPBM < 1. Moreover, turnover is strictly higher in the HM or r > rPBM .

(iv) On turnover in the bilateral market: Slow traders are less likely to request a quote in the bilateral

market of the HM than they are in the PBM, i.e. γ(1− η)N < γPBM holds. Also, fast traders are less

likely to request a quote in the bilateral market of the HM than they are in the PBM. Thus, turnover

in the bilateral market of the HM is lower than in the PBM.

(v) On profits per quote in the bilateral market: The infimum of the quoting strategy’s support in

the HM is lower than infimum of the quoting strategy’s support in the PBM:

b < pPBM . (1.9)

This implies that profits per quote in the bilateral market of the HM are lower than profits per quote in

the PBM.

(vi) On average markups: The expected price a fast trader is paying for the asset is lower in the HM

than in the PBM. The expected price a slow trader has to pay in the bilateral market of the HM is not

greater than the expected price a slow trader has to pay in the PBM.

The intuition for statement (i) in Proposition 3 is that more competition in the bilateral market of the

HM, compared to the PBM, can never make continuing to search less attractive in the HM than in the

PBM. Thus, the introduction of an HM never increases the slow traders’ reservation price, since an increase

in the reservation price makes slow traders more likely to accept given offers and stop searching. The same

intuition applies for statement (ii): If entering bilateral market with a certain probability was worth doing

in the PBM, it should also be worth doing in the HM, where dealers compete more. A consequence of the
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slow traders’ higher probability of continuing to search in the bilateral market is that total turnover in the

HM is greater than or equal to the turnover in the PBM, which is the claim in statement (iii) in Proposition

3. However, as described in statement (iv), slow traders’ market participation does not increase sufficiently

to also make turnover in the bilateral market of the HM larger than the turnover in the PBM. That total

turnover in the HM is larger than in the PBM is due to the relatively large volume traded on the platform.

Statement (v) in Proposition 3 is reminiscent of statement (ii) in Proposition 2 linking the profits per

quote to the lower bounds of the quoting strategies’ supports. Competition, inversely measured by profits

per quote, is more intense in the bilateral market of the HM than in the PBM, since trading desks in the

bilateral market of the HM compete with trading desks on the platform. These differences in the amount of

competition are reflected in the relative magnitudes of the lower bounds of the quoting strategies’ supports.

The same intuition that was given for statement (ii) in Proposition 2 also applies here: a dealer in the PBM

could obtain the same profits per quote as a dealer in the bilateral market of the HM by quoting b all the

time, but optimally choses not to do so.

Higher competition in the bilateral market of the HM enables fast traders to obtain on average a better

price for the asset in the HM compared to the PBM, as claimed in statement (vi) in Proposition 3. Without

further knowledge on the parameters of the model, it cannot be assessed whether slow traders also obtain

on average a lower price in the HM than in the PBM, since slow traders execute a large portion of their

trades on the trading platform. Theoretically, it is possible that average prices on the platform are much

higher than in the PBM or the bilateral market of the HM and slow traders nevertheless prefer trading on

the platform if the search cost sp on the platform is very low compared to the search cost sb in the bilateral

market. However, conditional on trading in the bilateral market, slow traders will on average not pay more

for the asset in the HM than in the PBM. Figure 1.2 illustrates most of the properties of HM equilibria

derived so far in a concrete numerical example.

The slow traders’ market participation in the PBM, γPBM , is less than 1 in both equilibria considered

in Figure 1.2 and determined such that rPBM = 1. Introducing a trading platform lowers the reservation

price such that γ = 1 in both equilibria, consistent with statements (i) and (ii) in Proposition 3.

In Panel A of Figure 1.2, approximately 0.3% of fast traders and 71% of slow traders buy the asset on

the platform. On the other hand, approximately 99.7% of fast traders and 29% of slow traders buy the asset

in the bilateral market. Thus, fast traders mainly trade in the bilateral market, while slow traders mainly

trade on the platform. In Panel B of Figure 1.2, approximately 88.6% of fast traders and 89.3% of slow

traders buy the asset on the platform. On the other hand, approximately 11.4% of fast traders and 10.7%
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Figure 1.2: Numerical example. The distributions in Panel A correspond to HM and PBM equilibria for
the following exogenous parameters: N = 20, v = 1, c = 0.5, sb = 0.11, sp = 0, µ = 0.8 and η = 0.06.
Endogenous parameters are γ = 1, γPBM ≈ 0.692, r ≈ 0.968 and rPBM = 1. The distributions in Panel
B correspond to HM and PBM equilibria for the following exogenous parameters: N = 10, v = 1, c = 0.5,
sb = 0.005, sp = 0, µ = 0.01 and η = 0.2. Endogenous parameters are γ = 1, γPBM ≈ 0.975, r ≈ 0.983 and
rPBM = 1.

of slow traders buy the asset in the bilateral market. Thus, both fast and slow traders mainly trade on the

platform. However, fast traders execute a higher fraction of their trades in the bilateral market than slow

traders do, as stated in statement (i) in Proposition 2. Profits per quote are higher on the platform than

in the bilateral market of the HM in Panel A of Figure 1.2 and higher in the bilateral market of the HM

than on the platform in Panel B. This fact can be observed from the lower bounds of the supports of the

respective quoting strategies, as claimed in statement (ii) of Proposition 2.

1.4 Endogenous Market Design

Now that the equilibrium in the hybrid market is characterized, one can deal with the question of when to

introduce electronic trading platforms in OTC markets. When trying to find an answer to this question,

different perspectives can be taken:

It turns out that both fast and slow traders are better off in in the HM equilibrium, described in Definition

2, than in the corresponding equilibrium in the PBM. However, dealers may be better or worse off in the HM

than in the PBM, depending on whether higher turnover in the HM makes up for potentially lower average

markups. Moreover, aggregate welfare may be higher or lower in the HM compared to the PBM, depending

on whether more realized benefits of trade between dealers and traders make up for potentially higher search
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effort by slow traders.

1.4.1 Welfare

Revisiting the numerical example corresponding to Figure 1.2 in Section 3.6.2, one finds that it would be

inefficient from a social point of view, if an HM were not introduced. This has two reasons. First, there is a

higher turnover in the HM, which has an increasing effect on welfare, since each trade is beneficial. Second,

since there is no search cost on the platform, search effort by slow traders is reduced, which also has an

increasing effect on welfare.

Let total welfare Ω be defined as the sum of the benefits of trade and the negative search effort exerted

by slow traders, i.e.

Ω := (1− µ)

[(
1− (1− η)N

)
(v − c) + γ(1− η)N (v − c)

]

︸ ︷︷ ︸
benefits from trades with slow traders

− (1− µ)(sp + γ(1− η)Nsb)︸ ︷︷ ︸
total search effort

+ µ(v − c).︸ ︷︷ ︸
benefits from trades with fast traders

(1.10)

The first term in (1.10) refers to the net benefits of trade generated by slow traders. Slow traders always

pay the cost of going to the platform. Then they obtain the asset with probability 1 − (1 − η)N or visit

the bilateral market. The second term refers to the total search effort exerted by slow traders who always

are always paying the cost of searching on the platform sp and may also pay the cost sb in case they decide

to also search in the bilateral market. Fast traders always generate net benefits v − c per trade which is

expressed in the third term in (1.10).

In an analogous way, the welfare in the PBM ΩPBM can be expressed as the sum of the benefits of trade

generated by trades with slow traders (1− µ)γPBM (v− c− sb), an adjustment for the search effort and and

the benefits of trade generated by trades with fast traders µ(v − c).

ΩPBM := (1− µ)γPBM (v − c− sb) + µ(v − c). (1.11)

When determining whether to mandate a hybrid market structure instead of letting market participants

trade in a pure bilateral market, a regulator should consider the following effects that the introduction of a
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platform has on welfare:

• market participation effect: As statement (ii) in Proposition 3 states, market participation in the

HM is never lower than in the PBM and strictly higher whenever market participation γPBM in the

PBM is less than 1. Since traders value the asset more than dealers do, higher market participation

results in more realized benefits of trade.

• market fragmentation effect: Slow traders do not find a satisfactory quote on the platform if

none of the contacted dealers respond to the RFQ. Since dealers independently respond with some

probability η < 1,the trader will not find a satisfactory quote on the platform with strictly positive

probability (1− η)N . A slow trader then keeps searching in the bilateral market with strictly positive

probability γ and exerts search effort sb. Thus, some slow traders exert some search effort twice in the

HM whereas they only exert effort once in the PBM. This market fragmentation effect may increase

welfare, if the cost of searching in the electronic market sp is low, but decrease welfare if sp is high.

A practical decision rule can be found in the following proposition, which says that an HM is never

inefficient if dealers prefer the HM. The claim follows from the fact that slow traders are better off in the

HM than in the PBM. Since fast traders always get better prices in the HM, which has been stated in

Proposition 3, all market participants are better off in the HM if dealers are also better off in the HM.

Proposition 4. Let the exogenous parameters be fixed such that sp ≤ s, with s defined as in Proposition 1.

Then an equilibrium in the HM exists. If dealers prefer the HM to the PBM, the HM is efficient, because

slow traders are always better off in the HM.

Moreover, an HM equilibrium exists and the HM is efficient if one of the following conditions holds, where

s is again defined as in Proposition 1.

1. N →∞, holding other parameters constant with sp < v − c,

2. µ→ 0, holding other parameters constant with sp < s,

3. sb → v − c, holding other parameters constant with sp < s,

4. η → 1, holding other parameters constant with sp < s,

5. sp < min
[
(1− (1− η)N )sb, s

]
.

Either an HM equilibrium as described in Definition 2 does not exist or a PBM is efficient if one of the

following conditions holds.
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6. sp > 0 and sb → 0,

7. sp > (1− (1− η)N )sb and µ→ 1,

8. η → 0 and sp > 0.

Sometimes, dealers seem to be opposed to an introduction of electronic trading platforms in OTC markets,

as illustrated in the anecdote on the CDS market mentioned in the introduction. In those cases, an HM

may still be the efficient market structure, which is optimally mandated by the regulator. Proposition 4 also

mentions conditions under which a regulator optimally mandates a hybrid market structure irrespective of

what dealers prefer. Given that the search cost on the platform is not too high (this condition ensures the

existence of an equilibrium and that the market fragmentation effect does not excessively increase search

effort of slow traders), the HM is efficient if N →∞, µ→ 0, or sb → v − c. This is because all of the three

latter conditions result in γPBM → 0 and the introduction of an electronic trading platform leads to a jump

in the slow traders’ market participation. The economic intuition for this result goes as follows. As the

number of dealers N becomes large, dealers have a low chance of offering the best quote in the entire market.

Thus, in equilibrium, dealers focus to a large extent on extracting high rents from slow traders as N → ∞

and many slow traders will not enter the market, since doing so is not attractive in this case. Similarly,

competition among dealers is low as the fraction of fast traders µ is small and many slow traders stay out of

the market in equilibrium. If the search cost of slow traders sb is large, dealers can only sell to slow traders

if their markups are sufficiently low. This can only be the case in equilibrium if many slow traders do not

enter the market and thus increase competition through the higher ratio of fast to slow traders asking for

quotes.

If η → 1, as required in condition 4 in Proposition 4, slow traders buy the asset on the platform that goes

to 1. Now welfare in the HM is higher than in the PBM if the search costs on the platform are sufficiently

low. Moreover, the platform can always be used to decrease search effort by slow traders if search costs on

the platform are sufficiently low. This is why the HM is efficient under condition 6.

The PBM is efficient if slow traders already fully participate in the market and a platform would only

increase search effort, i.e. if sp is sufficiently high. Slow traders will fully participate fully in the PBM, if

searching is easy (sb → 0) or if fast traders ensure that competition leads to favorable markups (µ → 1).

The introduction of a trading platform would only increase search effort for any positive search cost sp if

the chance of obtaining the asset after an RFQ is low enough, as stated in condition 8. in Proposition 4.

Note that by Proposition 3 and Proposition 4, traders are always better off in the HM. A regulator who
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is only concerned about investor welfare may therefore introduce an HM even if Ω < ΩPBM . In this case

however, traders gain less from the introduction of an HM than dealers lose due to lower markups. The

reason for this is that slow traders’ search effort in the HM outweighs any additional benefits of trade due

to higher market participation.

Proposition 4 states that an HM is efficient whenever the dealers prefer the HM to the PBM. If the

converse would also be true, a regulator who wants to maximize welfare could just leave the decision whether

to mandate a hybrid market structure or keep a bilateral market up to the dealers. However, as will

be discussed in the following subsection, dealers may sometimes prefer the PBM even though an HM is

efficient. In these cases, a regulator could improve welfare by mandating electronic trading.

1.4.2 The dealers’ perspective, the need for regulation and other effects of

introducing a platform

Dealers prefer the HM to the PBM, if their joint profits are higher in the HM than in the PBM.13 Since

there are N dealers in total, the indifference conditions (1.3) and (1.4) give the following collective profit

ΠHM in the HM.

Π = N(r − c)kb︸ ︷︷ ︸
profits from bilateral market

+Nη(r − c)kp(1− η)N−1

︸ ︷︷ ︸
profits from platform

. (1.12)

The first term on the left-hand side of (1.12) expresses the profit the trading desks in the bilateral market

makes by always quoting the slow traders’ reservation price r. This value is equal to the trading desks’ actual

profit since trading desks are indifferent between any price they are willing to quote. The second term on

the left-hand side of (1.12) expresses the profit a trading desks on the platform make by always quoting r,

conditional on quoting at all. Analogously to the argument for the bilateral market, this value must be equal

to the trading desks’ actual profit.

Also in the PBM, dealers are indifferent between quoting rPBM and quoting any other price in the

support of HPBM . The dealers’ aggregate profit in the PBM is thus given by

ΠPBM = (rPBM − c)γPBM (1− µ). (1.13)

With these expressions for the dealer profits under the two market structures, one can revisit the numerical

13Since dealers are identical, joint dealer profits are higher in the HM if and only if individual dealer profits are higher in the
HM.
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example considered in Figure 1.2. In Panel A, dealers make a profit of approximately 0.069 in the PBM

compared to 0.062 in the HM. In Panel B, dealers make a profit of approximately 0.482 in the PBM compared

to 0.180 in the HM. Thus, despite a higher turnover in the HM, dealers earn less in in the HM in both cases,

because transaction prices are lower on average. In general, there are two main effects the introduction of

an electronic trading platform has on dealer profits:

• Volume effect: This effect is analogous to the market participation effect discussed in the previous

subsection. The introduction of an electronic trading platform always weakly increases the slow traders’

market participation, which results in a higher trading volume. This volume effect always positively

affects dealer profits.

• Price effect: Due to the increased competition in the HM, average markups that dealers charge their

clients may decline. This effect potentially harms dealer profits.

Thus, dealer profits are highest in the PBM if and only if a negative price effect dominates the weakly

positive volume effect of the introduction of the trading platform. The formal conditions under which this

is the case are stated in the next proposition.

Proposition 5. An HM equilibrium exists and the HM is preferred by the dealers if one of the following

conditions holds, where s is defined as in Proposition 1.

1. N →∞ and η < sb
v−c , holding other parameters constant with sp < v − c,

2. µ→ 0, holding other parameters constant with sp < s,

3. sb → v − c, holding other parameters constant with sp < s,

Either an HM equilibrium as described in Definition 2 does not exist or a PBM is preferred by the dealers

if one of the following conditions holds.

4. sb → 0,

5. µ→ 1,

6. N →∞ and η > sb
v−c ,

The intuition behind the conditions in Proposition 5 is analogous to that behind the conditions in Propo-

sition 4. In general, dealers prefer the HM if the introduction of a platform increases turnover significantly,

i.e. if the slow traders market participation in the PBM γPBM is very low. The latter will be the case if
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the cost of searching in the bilateral market sb is very high, the fraction fast traders µ is very low or the

number of dealers N is very large, as described in the discussion after Proposition 4. However, if the number

of dealers is very large, competition on the platform is also very high. Thus, if N is very high, dealers only

prefer the HM, if the dealers response rate η is below a certain threshold to ensure that competition is not

too high. If η is too high and N is large, dealers prefer the PBM, because competition on the platform would

be too intense. Dealers also prefer the PBM, if slow traders already participate actively in the market. This

is the case if sb is low or µ is high, as discussed in the text following Proposition 4.

A platform can be seen as a device that allows dealers to commit to lower markups in order to make more

slow traders enter the market. Since slow traders have to make their market entry decision before dealers

decide which price to quote, the slow traders’ search cost is already a sunk cost when the dealer has to make

a decision. This may incentivize the dealer to quote markups ex post that are larger than the markups that

would maximize dealer profits ex ante. Duffie et al. (2017) argue that benchmarks may alleviate this problem

by reducing information asymmetries with respect to the dealers’ costs of providing the asset. This paper

takes a different perspective: a platform increases bargaining power of the dealers’ customers. Introducing

a platform may be beneficial even if information with respect to dealers’ costs is perfectly symmetric, as in

this paper.

Figure 1.3 illustrates the effect of the different parameters on the need for regulation. Consistent with

Propositions 4 and 5, dealers efficiently want to use electronic trading protocols if µ is small, which can be

observed in all four panels. In Panel C and D it is observable that dealers prefer the HM as the number

of dealers N becomes large. This is the case because the RFQ response rate η is sufficiently low. In the

cases for which the regulator’s and the dealers’ preferences are aligned, a regulator could leave the decision

whether to introduce electronic trading platforms up to the dealers For lower values of N and larger values

of µ, a dealer may want to mandate electronic trading unless the costs of searching in the electronic market

are too high, as shown in Panel B. Comparing Panels A and B to Panels C and D, one can observe that

dealers are more willing to introduce a platform if searching in the bilateral markets is costly, i.e. sb is high.

Comparing Panels A and C to Panels B and D, one can observe that an HM is inefficient only if searching in

the electronic market is relatively expensive, compared to searching in the bilateral market. An equilibrium

exists for most parameter choices considered in all four panels.

Whereas Propositions 2 and 3 stated some general properties of the HM and comparisons to the PBM,

the aim of the following proposition is to asses under which conditions changes in certain trading patterns

are large or small when a trading platform is introduced into a PBM.
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Figure 1.3: When to regulate markets? The red crosses indicate where the welfare-maximizing regulator’s
preferences are aligned with the dealers’ preferences. The blue circles indicate the cases in which the regulator
needs to mandate the electronic trading and the black dots indicate when the HM is inefficient. Extended
white areas indicate cases in which the equilibrium described in Definition 2 does not exist. In all four panels,
the parameters not mentioned in the figure are chosen as follows: η = 0.2, v = 1 and c = 0.5.

Proposition 6. Let sp = 0.14 Then an equilibrium in the HM as described in Definition 2 exists and,

holding other parameters constant, the following statements are true:

(i) On the increase in turnover: Consider the cases in which N → ∞, sb → v − c or µ → 0. Then,

compared to the PBM, turnover in the HM experiences a jump, whose size is specified in the proof of

the proposition. However, turnover is the same in HM and PBM if µ→ 1, sb → 0 or η → 0.

(ii) On volume traded on the platform: There are three extreme cases:

• As η → 0, almost all traders who decide to trade at all trade in the bilateral market.

14This condition is overly restrictive and made for expositional reasons to avoid keeping track of the precise threshold for sb
that ensures the existence of the equilibrium.
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• As N →∞ or η → 1, almost all slow traders trade on the platform. As sb → v − c a fraction of

1− (1− η)N slow traders trade on the platform and almost no slow traders trade in the bilateral

market. Almost all fast traders trade in the bilateral market in all three cases.

• As µ→ 0, almost all traders who decide to trade trade on the platform

(iii) On average markups for slow traders across trading venues in the HM:

• sb → v − c, expected markups are higher on the platform.

• As N →∞ or η → 1, expected markups are higher in the bilateral market.

• As sb → 0, there is no difference in expected markups across trading venues.

(iv) On average transaction prices across trading venues in the HM:

• sb → v − c, transaction prices are higher on the platform.

• As sb → 0, N → ∞ or η → 1, transaction prices in the HM are in the interval [c, c + ε] with

probability 1, where ε > 0 is arbitrary.

(v) On average markups for slow traders in the bilateral market: As η → 1, expected markups in

the bilateral market will jump from some positive number to zero after a platform has been introduced.

As η → 0 or sb → v − c, average markups for slow traders remain unchanged in the bilateral market.

Proposition 6 states that there is a significant increase in turnover after the introduction of a platform if

slow traders’ market participation in the PBM is low, i.e. γPBM ≈ 0. The latter is the case if the number

of dealers is large (N → ∞), search costs are large (sb → v − c) or almost all traders are slow (µ → 0), as

has been discussed in the text following Proposition 4. If market entry in the PBM is large because search

is easy (sb → 0) or competition is high because of many fast traders (µ → 1), a platform does not yield

more turnover. Straightforwardly, a platform also does not increase turnover if dealers do not reply to RFQs

(η → 0), in which case almost all traders who trade at all trade in the bilateral market and average markups

compared to the bilateral market do not change.

There is an almost complete separation between fast and slow traders if the number of dealers is large

(N → ∞) or dealers reply actively to RFQs (η → 1). Then, slow traders execute trades on the platform,

while fast traders trade in the bilateral market. With many dealers or high response rates, slow traders

very likely get a response to an RFQ and trade on the platform, not continuing to search in the bilateral

market. Fast traders however benefit from the competition they can establish in a bilateral market, which
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is more intense if the number of dealers is large or if dealers on the platform are competitive (η → 1). If

slow traders find bilateral search very costly (sb → v − c), they trade on the platform if they can, which is

the case with probability 1− (1− η)N and mostly stay out of the bilateral market, while fast traders benefit

from the lack of slow traders in the bilateral market that leads to intense competition. If almost all traders

are slow (µ → 0), almost no trader will enter the bilateral market due to the lack of competition in that

trading venue.

That slow traders trade more on the platform, as in the cases mentioned in statement (ii) of Proposition

6, is not necessarily related to more attractive prices on the trading platform. For instance, if the main

benefit of the platform lies in the reduction of search costs (sb → v−c), slow traders are better off trading on

the platform even though average markups are lower in the bilateral market. As a result, transaction prices

are higher on the platform than in the bilateral market. However, if the main benefit of the platform consists

in the improvement of the slow traders’ bargaining power, e.g. if on average many dealers respond to an

RFQ (N →∞ or η → 1), a high share of trades of slow traders is executed on the platform corresponds to

lower average markups on the platform. As slow traders become fast (sb → 0), they make dealers compete

more and make differences in markups across trading venues disappear. Indeed, expected markups go to

zero in this case, implying that also the variance of transaction prices vanishes. Dispersion in transaction

prices also vanishes if the number of dealers N becomes large. Then, slow traders benefit from competition

on the platform and fast traders benefit from many opportunities to search in the bilateral market. In

general, prices in the bilateral market are also affected by the introduction of the platform. With extreme

dealer response rates (η → 1), markups go to zero after a platform has been introduced. If dealers are very

inactive on the platform (η → 0) or search costs sb are very high, markups do not change. In the latter case,

dealers keep charging prices that will make slow traders just indifferent between entering and not entering

the market even after a platform has been introduced.

1.4.3 Competition and the role of quoting activity in HM and PBM

Some of the key results of this paper are driven by the fact that the introduction of a trading platform

increases competition among the dealers. Since an HM has twice as many trading desks as a PBM, some

readers may wonder whether the economic mechanism in this paper can simply be expressed as “more

competitors lead to more competition.”

Besides yielding the non-trivial result that dealers may actually benefit from more competition (see

Proposition 5), the model presented in this paper makes features specific to the RFQ trading protocol
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explicit. The key characteristics of an HM do not result from increased quoting activity. Instead, the way in

which quotes are are sent to different traders determines key properties of the HM and the PBM. In order

to show this, I am considering a modified setup in this section.

In the following, I am assuming that a dealer cannot simultaneously quote on the platform and in the

bilateral market after a platform has been introduced. Thus, the number of active trading desks will not

increase after a platform has been introduced. It will even turn out that the total number of quotes that

are provided in the market may be lower in the HM than in the PBM. This suggests that the way dealers

compete on the platform is the driving force that leads to an increase in traded volume: In the PBM, a lot

of quoting activity is concentrated toward the fast traders, whereas slow traders trade with the first dealer

they meet (if they trade at all). However, once a platform is introduced, even slow traders have a chance of

obtaining multiple quotes.

Suppose that there are 2N dealers in a PBM, with N 3 N ≥ 2 as before. If a platform is introduced in

this market, a dealer can no longer operate both on the platform and the bilateral markets. Instead, each

dealer is exogenously assigned to one of the two trading venues (e.g. by a regulator). Specifically, consider

the case in which N dealers quote on the platform and N dealers quote in the bilateral market. Thus, a

PBM with 2N dealers is compared to an HM with N dealers as previously modeled in this paper.

In the HM, there are ηN quotes on the platform in expectation. Additionally, there are Nµ quotes to

fast traders in the bilateral market and (1− η)Nγ(1− µ) quotes to slow traders in the bilateral market.

In the PBM, one has 2Nµ quotes to fast traders and γPBM (1 − µ) quotes to slow traders. To sum up,

one has

Quotes =





N (η + µ+ kb) in HM

2Nµ+ γPBM (1− µ) in PBM

.

The following proposition illustrates that dealers may still want to establish an HM in this modified

setup. The introduction of an HM by dealers will increase social welfare in the cases considered below. The

intuition for the dealers’ and the regulator’s preferences for the HM in those cases is the same as in the

discussion of Propositions 4 and 5: If N →∞, sb → v − c or µ→ 0, the slow traders market entry is so low

that the introduction of a trading platform is desirable from both perspectives. The proof of Proposition 7

has been relegated to Internet Appendix ??.

Proposition 7. Under conditions 1-3 in Proposition 5, an equilibrium in the HM as described in Definition
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2 exists, dealers prefer the HM also in the modified setup considered in this section and the HM is the efficient

market structure. Moreover, the following is true:

• Under condition 1 (N → ∞) or under condition 3 (sb → v − c) in Proposition 5, quoting activity is

lower in the HM if and only if µ > η.

• Under condition 1 (N → ∞) in Proposition 5, the expected best quote on the platform conditional

on at least one response is lower than the expected quote in the bilateral market of the HM or PBM:

E(q) < E(pb) = E(pPBMb ).

Most importantly, the first bullet point in Proposition 7 shows that the benefits of the HM do not depend

on increased quoting activity. In particular, if the fraction of fast traders µ is large enough relative to the

dealers’ RFQ response rate η, quoting activity is lower in the HM. The reason for this result is that fast

traders can only contact N dealers in the bilateral market of the HM instead of 2N dealers in the PBM.

Thus, unless the dealers’ quoting activity on the platform makes up for this decline in bilateral quoting

activity, overall quoting activity in the HM is lower.

As N →∞, markups on the platform are always lower than markups in the PBM. Thus, the latter effect

is also not driven by quoting activity. The intuition for this result is that a large number of dealers N results

in intense competition on the platform. For reasons discussed after Proposition 4, however, dealers charge

on average high markups in a pure bilateral market as N becomes large.

The reason why dealers can increase the slow traders’ market participation in the cases stated in Proposi-

tion 7 lies in the way quoting activity is directed towards different traders in the HM and PBM. In the PBM,

slow traders receive at most one quote in equilibrium and most of the quoting activity is directed toward

fast traders. In the HM, however, even slow traders can receive multiple quotes on the trading platform,

which substantially increases their bargaining power and, consequently, their market participation.

1.5 Policy Implications and Empirical Predictions

The theoretical results in Sections 3.6.2 and 1.4 can be used by regulators to improve a given OTC market

structure. Furthermore, several testable implications can be derived to either explain empirical observations

or evaluate the mechanisms of the model.
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1.5.1 Estimating parameters

In order to answer questions about real markets, it is important to know how the parameters of the model

can be estimated. Clearly, the number of dealers N , as well as their RFQ response rate can be directly

observed or estimated from data that platform operators like MarketAxess, MTS or Tradeweb are willing

to share.15 The reservation price r of slow traders is simply the maximum price which dealers quote in

equilibrium in the entire market. This endogenous parameter can also be estimated. Regarding the search

cost in the bilateral market sb, the following inequality is implied by (1.6):

sb = r − E(pb).

Using the estimator for r suggested above, the last equation means that the search cost sb is the differ-

ence between the maximum and the average of all quotes given in the bilateral market. One may look at

transactions prices of slow traders instead of quotes, since both have the same distributions conditional on

the trading venue. Using (1.8) in Proposition 2, one can establish an upper bound for the search costs on

the platform:

sp ≤
(

1− (1− η)N
) (

E(pb)− E(q) + sb
)
.

This upper bound can be estimated from data on quotes, since the average of quotes given in the bilateral

market E(pb), the average of quotes given on the platform E(q) and the search cost sb can be estimated.

When categorizing traders into fast and slow traders, one may use one of at least four possible approaches.

The first two approaches use model-independent measures, the last two approaches use implications of the

model. First, the identity of the trader can be used. One may distinguish institutional investors from retail

investors, since the latter arguably find it more costly to contact several dealers. Second, one can categorize

each trade separately, using some measure of demand for immediacy. E.g. a trader has arguably higher

costs of waiting (search costs) if he has to execute a fire sale. Third, the ratio of collected quotes to executed

trades can be used, which is higher for fast traders in the model. Fourth, trades executed on the platform

comprise, according to the model, relatively more trades by slow traders.

RFQ data from platforms will reveal the general trading interest of all traders interested in a given asset

in the economy. Even if a trader does not buy the asset, according to the equilibrium in this paper, a trader

will at least submit an RFQ via the trading platform. The difference between trading interest and actual

15See Hendershott and Madhavan (2015a) for an analysis of such data.
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trades may give insights on market participation.

The parameters v and c, i.e. the value of the asset for the traders and the dealers’ cost of providing the

asset, are the hardest to estimate directly. In general, their estimation would perhaps require a structural

approach. However, most of the policy implications do not depend on these parameters.

1.5.2 Policy implications

Proposition 4 specifies conditions under which a regulator could improve welfare by mandating electronic

trading. In particular, electronic trading is always efficient if dealers themselves earn more in a hybrid

market structure than in a PBM. If dealers voluntarily introduce electronic trading platforms, a regulator

does not need to think about inhibiting electronic trading. In general, and for reasons discussed in the text

following Proposition 4, electronic trading is efficient if the number of dealers is large, if searching for quotes

in the electronic market is very easy (either because searching does not take a lot of effort or because dealers

are quoting very actively in the electronic market), if many dealers are slow or if the slow traders’ cost of

searching in the bilateral market is high. The latter two conditions mean that electronic trading is efficient

if most traders are retail investors or have a high demand for immediacy.

Continuing to interpret Proposition 4, the cost of market fragmentation would outweigh any other welfare

benefits of electronic trading if searching in the electronic market is too difficult relative to searching in the

bilateral market. The latter may be the case, if dealers rarely quote electronically, if fast traders make dealers

compete heavily in the bilateral market or if traders have a low demand for immediacy.

Since traders are always better off in the HM, a regulator that is only interested in investor welfare

should always mandate electronic trading. Then, Proposition 5 suggests when to expect this to be necessary,

namely when the PBM is already very competitive because many fast traders or low search costs. Dealers

also prefer a PBM to an overly competitive HM, in which dealers respond very actively to RFQs, as the last

condition in Proposition 5 states. Thus, the reason why dealers allegedly inhibited electronic trading in the

CDS market and not in bond markets, as discussed in the introduction of the paper, may lie in the fact that

traders in the CDS market are in general very sophisticated and the number of dealers is relatively small,

whereas in bond markets, there are many dealers and traders are more diverse.

1.5.3 Testable implications

The testable implications can be grouped into two categories: (i) implications on trading patterns in the

HM and (ii) comparisons between the HM and the corresponding PBM equilibrium.
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Implications on trading patterns in the HM: Statement (i) in Proposition 2 states that fast traders

trade relatively more in the bilateral market and slow traders trade relatively more on the platform. Moreover,

statement (ii) in Proposition 6 gives conditions under which this separations between fast and slow traders

becomes extreme: as the bilateral market becomes relatively unattractive due to a large number of dealers,

competitive quoting on the platform or high search costs sb or low competition that is generated by fast

traders transactions on the platform are made by slow traders and transactions in the bilateral market are

made by fast traders. Hendershott and Madhavan (2015a) find that bonds are more likely to be traded

electronically, if the trader is selling or trading at the end of the month suggests that urgent trades are more

likely to be executed via RFQs. In other words, if the trader has higher costs of waiting (search costs), the

bond is more likely traded on a platform.

Statement (ii) in Proposition 2 implies that the dealer profits per quote are lowest in the trading venue

in which dealers are willing to quote the lowest prices. Thus, profits per quote should be lowest in the

trading venue in which the lowest quote is observed. This result in particular shows that it may not be

sufficient to look at average markups to determine the amount of competition. For instance, as search costs

are high, the number of dealers are large or dealers respond actively to RFQs, profits per quote are higher

on the platform.16 However, average markups that a slow trader receives upon one dealer contact are higher

on the platform than in the bilateral market if search costs in the bilateral market are large and lower on

the platform than in the bilateral market if the number of dealers is large or if dealers respond actively to

RFQs, as statement (iii) in Proposition 6 states. In particular, empirical results in Hau et al. (2017) suggest

that markups for unsophisticated traders in fact decrease strongly with electronic trading. Statement (iv) in

Proposition 6 states that average transaction prices are higher on the platform if search costs in the bilateral

market are large. Dispersion of transaction prices in the HM becomes very small if the number of dealers is

large, if dealers respond actively to RFQs or if the search cost in the bilateral market is very small.

Comparisons between the HM and the corresponding PBM equilibrium: Statement (iii) of

Proposition 3 states that turnover increases or the slow traders’ reservation price decreases if a platform

is introduces into a PBM.17 Proposition 6 states when these effects are large or small: If the number of

dealers or the search cost in the bilateral market are large or if the fraction of fast traders is small, the

increase in turnover is large. If the fraction of fast traders is large or if search costs or the dealers’ RFQ

response rate is low, the increase in turnover is low. Holding search costs constant, a decrease in the

16For sb → v − c, this follows directly from Proposition 1. For N →∞ or η → 1, this follows from the fact that µ as defined
in the proof of Proposition 1 goes to 0.

17Both may happen at the same time.
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reservation price is equivalent to a decrease in average markups for slow traders in the bilateral market (an

implication of the model that could be tested).18 This means that, according to statement (v) in Proposition

6, the decrease in the slow traders’ reservation price is large if the dealers respond actively to RFQs and

small if the search costs in the bilateral market are large or dealers respond rarely to RFQs.

Statements (iv) and (v) of Proposition 3 state that turnover and profits per quote in the bilateral market

decreases when a platform is introduced.

Dispersion of transaction prices becomes very small in the HM as the search costs in the bilateral market

become small, the number of dealers becomes large or if dealers respond actively to RFQs, as statement (iv)

in Proposition 6 states. Benos et al. (2018) find that price dispersion indeed decreases after the introduction

of electronic trading in a PBM. Statement (iv) of Proposition 6 also states that transaction prices are higher

on the platform if the search costs in the bilateral market are large.

1.6 Discussion

This section discusses some of the critical model assumptions and limitations of the model.

The model has four crucial assumptions that warrant further discussion. First, there are slow traders

with search costs and fast traders without search costs. This is perhaps the most unproblematic assumption,

since it is generally accepted that there are many institutional investors with sophisticated traders who find

it not very costly to either call a trader at a bank or submit an RFQ on the platform. Retail investors,

private high-net-worth individuals, however may find these things much more costly. On the one hand, it

may take more time for them to do these things, causing costs associated with the delay of executing the

trade. On the other hand, many dealers may require their clients to set up margin accounts with them.

While institutional investors may already have those, setting up these accounts is costly for retail investors.

Second, it is assumed that dealers do not observe whether they face a fast or slow trader. This assumption

is plausibly satisfied in the case of anonymous RFQs in which the name of the counterparty is not revealed.

In the case of name give-up RFQs or bilateral trading, this assumption may be justified to the extent that

being fast or slow is not a fixed attribute. Even a sophisticated institutional investor may be under pressure

to execute a certain trade and therefore has high costs of waiting to search for the best quote.

Third, it is assumed that dealer A’s quote remains valid even if a trader visits other dealers before coming

back to dealer A to buy the asset. This assumption is at odds with the claim that dealers’ quotes are “only

18This follows from (1.6) and the expression for rPBM in Section 1.1.

43



as good as the breath is warm” (Bessembinder and Maxwell, 2008). However, given that RFQ auctions

last several minutes and many bilateral transactions are made in email conversations, at least the most

sophisticated institutional investors should be able to compare multiple quotes similar to the way described

in the model. The assumption does not matter in the case of slow investors, since they buy the asset when

they receive their first quote in equilibrium. A formal proof that the equilibrium in this paper will not change

if dealers will increase their price when contacted repeatedly can be found in Appendix 1.9.

Fourth, the dealers’ RFQ response rate η < 1 is exogenously given. Given that dealers give up a profit

by not responding, it may be surprising that dealers do not respond all the time. However, it is an empirical

fact (Hendershott and Madhavan, 2015a) that the dealers’ response rate is very low and that a binomial

distribution of responses is a reasonable approximation. There are many reasons why dealers do not respond

all the time including costs of paying attention or risk management concerns. One may think of dealers as

artificially limiting the RFQ response rate due to their concern that algorithms “go rogue” (Rodgers (2017)).

It is not clear ex ante how this concern may be related in any way to the primitive model parameters, so

that the assumption that η is exogenous seems to be a plausible prior.19 The number of queried dealers at

MarketAxess is generally quite high: Hendershott and Madhavan (2015a) show averages above 25 dealers

per RFQ. In that light, the model assumption that all dealers are contacted by submitting an RFQ seems a

reasonable simplification.

The most important limitations of the model are as follows. There is no uncertainty about the traders’

value of the asset and the dealers’ costs of providing the asset. Furthermore, information about the asset

is symmetric. As Hendershott and Madhavan (2015a) argue, information leakage may incentivize investors

to trade bilaterally as opposed to trading on an electronic trading platform. Information leakage is not

modeled in this paper. Arguably, information asymmetries may vary among different asset classes. U.S.

Treasury bonds are perhaps an asset class with relatively small information asymmetries, while information

asymmetries are stronger for junk bonds.20 Thus, the model presented in this paper can be thought of as

referring to markets like the market for U.S. Treasuries. Alternatively, the model may still apply to other

asset classes, given that search costs are more important in determining the dealers’ quotes than information

asymmetries are.

19There may still be opportunities for future research in this direction: in a different context, Basak and Buffa (2017) shows
how operational risk may affect model selection for forecasting investment returns.

20Even though Hilscher et al. (2015) argue that informed traders are active in the equity market and not so much in the CDS
market, Oehmke and Zawadowski (2016) argue that speculative activity is higher in the CDS market than in the corporate
bond market.
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1.7 Conclusions

This paper provides an equilibrium model in which the interaction between a bilateral market and an

electronic trading platform is analyzed. It may explain why dealers prefer an HM in some cases and a PBM

in other cases. The market participation of slow traders in the PBM plays a crucial role. If slow traders

participate actively in the market, dealers do not want to introduce an HM to avoid excessive competition.

The slow traders’ market participation depends on the fraction of fast traders in the market. With many

fast traders of institutional investors in the market, dealers’ markups are very competitive and slow traders

find it profitable to enter the market. With very few institutional investors in the market, the slow traders’

bargaining power can be increased by introducing a trading platform on which traders can contact many

dealers at once. It has been shown that this result is not simply driven by more quotes in the HM. Instead,

it matters toward whom the quoting activity is directed. In a PBM, slow traders always buy from the first

dealer they contact so that there is no chance of receiving multiple quotes at once. In an HM, substantially

more quotes are sent to slow traders, which makes the HM more attractive to them.

The model provides several policy implications. Since many OTC markets are currently under scrutiny

by regulators, these implications can potentially be used to make more informed decisions when regulating

these markets.

The empirical implications can potentially explain several empirical findings in previous empirical studies.

Moreover, new predictions have been derived that can be used to validate the model mechanism.
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1.8 Appendices

1.8.1 Derivation of the HM Equilibrium

This appendix discusses the missing details that were neglected in the main text. First, the traders’ strategies

are considered, then the dealers’ quoting strategies are derived and finally, an equilibrium is established.

Traders’ search strategies: The derivation of the slow traders’ search strategy builds on the insights

of Weitzman (1979). The key insight from the latter is that one can assign so-called reservation prices to

each trading venue. Then, an optimal search strategy can be constructed solely based on these reservation

prices and quotes received while searching.

Let pb denote the (random) quote that a trader receives when contacting a dealer in the bilateral market

and let q denote the (random) best quote (of all responses) that a trader receives when submitting an RFQ

on the trading platform, conditional on receiving at least one response. Then the reservation prices rb and

rp for the bilateral market and for the trading platform, respectively, are defined by

rb := E(min(pb, rb)) + sb (1.14)

and

rp := (1− (1− η)N ) · E(min(q, rp)) + (1− η)Nrp + sp. (1.15)

One can interpret rb as follows. Assume a slow trader has the opportunity to buy the asset at the price

rb. Then he would be just indifferent between buying the asset at that price and contacting a dealer in the

bilateral market to obtain an expected price improvement rb−E(min(pb, rb)) in exchange for the search cost

sb. An analogous interpretation holds for rp. When defining rp one additionally has to take into account

that a trader may not get a response at all when submitting an RFQ on the electronic trading platform.

The latter event happens with probability (1 − η)N . The first term in (1.15) refers to the expected price

improvement if the trader searches on the platform and at least one dealer responds to an RFQ. The second

term in (1.15) refers to the event in which there is be no price improvement since no dealer responded to the

RFQ. Together with the search cost sp, these terms have to add up to rp, if the trader is indifferent between

buying the asset at rp or searching on the platform.

The random variable q is distributed according to the distribution function F defined by

F (x) :=
1− (1− ηG(x))N

1− (1− η)N
.
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Since support(G) ⊂ [c,∞), one obtains support(F ) ⊂ [c,∞). One can now solve the slow traders’ search

problem as in Weitzman (1979).

Lemma 1. The reservation prices rb and rp as defined in equations (1.14) and (1.15) exist and rb is unique.

If sp > 0, the reservation price rp is unique as well. It is optimal for slow traders to start their search on

the platform if

v ≥ rb ≥ rp. (1.16)

holds. Furthermore, if condition (1.16) holds and rb < v, there is the following optimal continuation rule:

If a trader received no quote or a lowest quote greater than rb on the platform, the trader will continue to

search in the bilateral market until he finds a quote less than or equal to rb.

If (1.16) holds, rb = v and a slow trader did not receive a quote less than or equal to rb on the platform,

then the slow trader is indifferent between continuing to search in the bilateral market and terminating the

search. In this case, continuing to search with any probability γ ∈ [0, 1] is optimal for slow traders.

The following statement gives a lower bound for rb.

Lemma 2. It must be the case that rb ≥ c + s, where rb is defined as in (1.14). The strict inequality

rb > c+ s holds if the probability of the event {pb > c} is positive.

Lemma 2 states that rb is always strictly greater than c. This fact will be used below when determining

the dealers’ optimal quoting strategies. The inequality r > c will imply that dealers make a positive profit

on both the platform and in the bilateral market.

Dealers’ quoting strategies:

The following Lemma states some general properties of the dealers’ quoting strategies.

Lemma 3. Let the slow traders start their search on the platform and let them use a reservation price

strategy with reservation price r. Let the slow traders’ probability γ of continuing the search in the bilateral

market after not having received a satisfactory offer on the platform be positive.

Then, neither G nor H can have any atoms. Neither in the bilateral market nor on the platform, a dealer

ever quotes a price greater than r or less than or equal to c. A dealer on the platform faces a mass kp of

slow traders given by (1.1). A dealer in the bilateral market faces a mass kb of slow traders given by (1.2).

The next Lemma derives conditions that G and H have to satisfy.
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Lemma 4. Let slow traders start their search on the platform and use the reservation price r. Equation

(1.3) has to hold for all prices p in the support of H. Equation (1.4) has to hold for all prices p in the support

of G. The suprema of the supports of both G and H are equal to the slow traders’ reservation price r.

The following lemma states that unique distributions H and G which satisfy the properties mentioned

in Lemma 4 exist for any given reservation price strategy of the slow traders.

Lemma 5. Holding the slow traders’ choices of γ and r > c fixed, there are unique monotone increasing

functions G,H : [c, r]→ [0, 1] with densities h and g, such that the following holds:

• (1.4) is satisfied for all p with g(p) > 0.

• (1.3) is satisfied for all p with h(p) > 0.

• sup supportH = sup supportG = r.

• If p ∈ R \ supportG, one has

(p− c)
(
1− ηG(p)

)N−1
[
kp + µ(1−H(p))N

]
≤ (1− η)N−1(r − c)kp, (1.17)

i.e. dealers on the platform cannot increase their profit by choosing a quoting strategy that differs from

G.

• If p ∈ R \ supportH, one has

(p− c)
[
kb + µ(1−H(p))N−1

(
1− ηG(p)

)N] ≤ (r − c)kb., (1.18)

i.e. dealers in the bilateral market cannot increase their profit by choosing a quoting strategy that differs

from H.

The next Lemma ensures that that slow traders’ choices of r and γ are well-defined.

Lemma 6. Holding γ fixed, there are unique functions H and G and a reservation price r, such that

r = sb +

∫ r

c

pdH(p) (1.19)

holds and the functions G and H satisfy the conditions mentioned in Lemma 4.
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Moreover, the slow traders’ reservation price r is continuous and strictly monotone increasing in γ. One

has limγ→0 r = c+ sb, if an equilibrium exists.

Lemma 6 states that the slow traders’ reservation price for a fixed γ is well-defined. This result is different

from the result in Lemma 1 that the solution to equation (1.14) well-defined. The distribution H is fixed

in (1.14), while H depends on r in equation (1.19). The fact that the reservation price that solves (1.19) is

strictly monotone increasing in γ implies that any equilibrium value of γ is unique. If γ = 1 and r < v, the

equilibrium value of γ is unique by the construction of the equilibrium. If r = v for a γ ≤ 1, one would have

r 6= v for any other γ ≤ 1.

The next lemma describes how the slow traders’ choice of γ must behave as the search cost in the bilateral

market sb varies.

Lemma 7. The slow traders’ equilibrium choice of γ is monotone decreasing inn sb and strictly monotone

decreasing if γ > 1. Moreover, one has limsb→0 γ = 1 and limsb→v−c γ = 0.

Defining q := inf support(G) and b := inf support(H), one obtains the following result.

Lemma 8. For any given reservation price strategy of the slow traders with γ ∈ (0, 1] and r ∈ (c, v] define

µ∗ :=
γ(1− η)− γ(1− η)N

N − γ(1− η)N
.

If µ > µ∗, the following equivalent statements are true: (i) q > b and profits per quote are higher for

trading desks on the platform than for trading desks in the bilateral market.

If µ ≤ µ∗, the following equivalent statements are true: (i) q ≤ b and profits per quote of trading desks

on the platform are smaller than or equal to the profits of trading desks in the bilateral market.

The next lemma gives a sufficient condition for the inequality rp < rb to hold.

Lemma 9. There is an upper bound for the expected best quote on the platform conditional on at least one

response to the RFQ. This upper bound is given by

E(q) :=

∫ r

qp
pdF (p) ≤ c+ (r − c)(1− η)N−1 Nη

1− (1− η)N
. (1.20)

The inequality rp ≤ rb holds if

sp ≤ (1− (1− η)N )(r − E(q)). (1.21)
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1.8.2 Proofs

This appendix contains all proofs that have been omitted in the main text.

Proof of Lemma 1. Recalling that supportH, supportG ⊂ [c,∞), one can rewrite equations (1.14) and (1.15)

the following way:

sb =

∫ rb

c

(rb − x) dH(x) =: ϕb(rb),

sp = (1− (1− η)N )

∫ rp

c

(rp − x) dF (x) =: ϕp(rp).

The integrals in the definitions of ϕb and ϕp indeed exist, since

∫ rb

c

|rb − x|dH(x) ≤ |rb − c|

and

(1− (1− η)N )

∫ rp

c

|rp − x|dF (x) ≤ (1− (1− η)N )|rb − c|.

The functions ϕp, ϕb : R → R are continuous, monotone increasing and strictly monotone increasing in

all rb, rp ∈ R, such that ϕb(rb), ϕp(rp) > 0. Furthermore, limx→∞ ϕi(x) = ∞ and ϕi(c) = 0 for i ∈ {p, b}.

Thus, there exist some rb, rp ∈ R such that ϕb(rb) = sb and ϕp(rp) = sp for sb > 0 and sp ≥ 0. The

Weitzman price rb must be unique due to strict monotonicity of ϕb in any candidate rb. If sp > 0, also rp is

unique due strict monotonicity of ϕp in any candidate rp.

The remaining part of the proof consists of two main steps. First, it is shown that given that the platform

has been contacted, the stated continuation rule is optimal. Then it is shown that prioritizing the platform

is indeed the optimal decision.

Step 1: Optimality of the continuation rule. Suppose the trader received no quote on the platform at all.

Then slow traders at least weakly prefer to continue to search to not searching in the bilateral market, since

rb ≤ v and the definition of rb implies

P(pb ≤ v)E(v − pb|pb ≤ v)− sb = v − E(min(pb, v))− sb ≥ 0.

The last equation means that the trader would get a non-negative payoff from searching in the bilateral

market, since the expected payoff from being able to buy the asset for a price less than or equal to v weakly
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outweighs the search cost s. Thus, it is always at least as good to continue to search as to terminate the

search. If rb = v, continuing to search with any probability γ ∈ [0, 1] is optimal. If rb < v, continuing to

search almost surely is the unique optimal strategy.

Analogously, suppose the trader received a quote p > rb as a response to an RFQ on the platform. Then

it is also at least as good to continue to search in the bilateral market as to terminate the search, since the

definition of rb implies

P(pb ≤ rb)E(v − pb|pb ≤ rb)− sb ≥ P(pb ≤ rb)E(rb − pb|pb ≤ rb)− sb

= rb − E(min(pb, rb))− sb

= 0.

This means that the expected payoff from being able to buy the asset at a price less than or equal to rb

weakly outweighs the search cost sb. If rb = v one obtains again that the slow trader is indifferent between

searching and not searching. Thus, continuing to search with any probability γ ∈ [0, 1] is optimal. If rb < v,

continuing to search almost surely is the unique optimal strategy.

On the other hand, if the trader has received a quote p ≤ rb ≤ v as a response to an RFQ on the

platform, the definition of rb implies p− E(min(pb, p))− sb ≤ 0, i.e. search costs are weakly larger than the

potential benefits of obtaining a price better than p. Thus, terminating the search is always weakly preferred

to searching in the bilateral market. Here it is assumed that a slow trader will terminate the search even

in the case p = rb. It will turn out, however, that this is without loss of generality, since p will have a

continuous distribution in any case and a zero-probability event will not influence a dealer’s behavior.

Step 2: Optimality of prioritizing the platform. Here, rp will stand for any solution to (1.15). It remains

to show that prioritizing the platform is indeed the optimal strategy. This will be shown by induction over

the number m of dealers left to contact in the bilateral market. If m = 0 (for instance, because all dealers

have been contacted), one can verify analogously to the arguments above that it is optimal to go to the

platform if no quote less than or equal to rp has been received until that point, since rp < v. Suppose that

m ≥ 0 and let it be optimal to go to the platform if no offer less than rp has been received. It has to be

shown that it is optimal to go to the platform if m + 1 dealers remain uncontacted in the bilateral market

and no quote less than rp has been received so far. This implies that the trader should start his search on

the platform, when N dealers are uncontacted in the bilateral market.
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Let y be the best current quote at which the trader can buy the asset. If rb > y > rp, search costs

will be greater than the expected price improvement in the bilateral market. On the other hand, the price

improvement on the platform will be greater than the search costs and it is therefore optimal to go to the

platform.

Now, let y ≥ rb or assume that no quote has been received so far. Both going to the bilateral market

and going to the platform is at least as good as not to search. In this case, it is not trivial that prioritizing

the platform is optimal.

Let B denote the expected payoff a trader gets if he goes to the bilateral market first and receives the

quote pb. Now, three cases are possible.

Case 1: pb ≤ rp: It is clearly optimal to buy the asset at the price pb, since search costs dominate any

expected price improvements from searching.

Case 2: rp < pb ≤ rb: The inductive hypothesis states that it is optimal to continue to search on the

platform and receive the quote q with probability ω := 1− (1− η)N . If q ≤ rp, the trader buys the asset at

price q. If q > rb or no quote has been received, the trader will buy the asset at price pb. If rp < q ≤ rb, the

trader will buy the asset at price min(pb, q). Continuing to search is not profitable in either case.

Case 3: pb > rb: The inductive hypothesis states that it is optimal to continue to search on the platform

and receive the quote q with probability ω. If q < rb, the trader buys the asset at price q. Let q > pb or

assume no quote has been received on the platform. Then the trader will continue to search in the bilateral

market (with probability γ).

Notice that only case 1 and case 3 are possible if rb = rp. The following text will also consider events

that require rb > rp and that therefore occur with zero probability if rb = rp.

Let A be the expected payoff the trader gets if he starts to search on the platform and receives the quote

q with probability ω. There are again three different possible cases.

Case 1: q ≤ rb: The optimal continuation rule prescribes to buy the asset at the price q.

In the next two cases, the trader optimally continues to search in the bilateral market and receives the

offer pb.

Case 2: There is no q ≤ rb and one has pb ≤ rb: The optimal continuation rule prescribes to buy the

asset at the price pb.

Case 3: There is no q ≤ rb and one has pb > rb: The optimal continuation rule prescribes to keep

searching in the bilateral market (with probability γ).

If both pb > rb and no quote q ≤ rb has been received, the trader will keep searching in the bilateral
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market (with probability γ) after having visited both the platform and one dealer. The probability of this

outcome and the value of future search opportunities are independent of the order in which one visited the

trading venues. The continuation value in this event multiplied by the probability of occurrence of the event

is equal to some number X (the exact value is not important since it will cancel out later).

One can now calculate the payoffs according to the above reasoning

A = −sp + ωP(q ≤ rp) · E(v − q|q ≤ rp) + ωP(rp < q ≤ rb) · E(v − q|rp < q ≤ rb)

+(1− ωP(q ≤ rb)) · (−sb + P(pb ≤ rb) · E(v − pb|pb ≤ rb)) +X.

Rewriting equations (1.14) and (1.15) and using the expressions sp = ωP(q ≤ rp) · E(rp − q|q ≤ rp) and

sb = P(pb ≤ rp) · E(rp − pb|pb ≤ rp), one gets

A = −sp + ω · P(q ≤ rp) · E(rp − q|q ≤ rp)︸ ︷︷ ︸
=sp

+ω · P(q ≤ rp) · (v − rp)

+ω · P(rp < q ≤ rb) · E(v − q|rp < q ≤ rb)

+(1− ω · P(q ≤ rb)) · (−sb + P(pb ≤ rb) · E(rb − pb|pb ≤ rb)︸ ︷︷ ︸
=sb

+P(pb ≤ rb) · (v − rb)) +X

= ω · P(q ≤ rp) · (v − rp) + ω · P(rp < q ≤ rb) · E(v − q|rp < q ≤ rb)

+(1− ω · P(q ≤ rb)) · P(pb ≤ rb) · (v − rb) +X.

Analogously, one gets
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B = −sb + P(pb ≤ rp) · E(v − pb|pb ≤ rp)

+P(rp < pb ≤ rb)·
{
−sp + ω · P(q ≤ rp) · E(v − q|q ≤ rp)

+ω · P(rp < q ≤ rb) · E(v −min(q, pb)|rp < q, pb ≤ rb)

+(1− ω · P(q ≤ rb)) · E(v − pb)|rp < pb ≤ rb)
}

+P(rb < pb)·
{
−sp + ω · P(q ≤ rp) · E(v − q|q ≤ rp)

+ω · P(rp < q ≤ rb) · E(v − q|rp < q ≤ rb)
}

+X

= P(pb ≤ rb) · (v − rb) + P(rp < pb) · ω · P(q ≤ rp) · (v − rp)

+P(rp < pb ≤ rb) · ω · P(rp < q ≤ rb) · E(v −min(q, pb)|rp < q, pb ≤ rb)

−P(rp < pb ≤ rb) · ω · P(q ≤ rb) · E(v − pb|rp < pb ≤ rb)

+P(rb < pb) · ω · P(rp < q ≤ rb) · E(v − q|rp < q ≤ rb) +X.

After some further manipulations one gets

A−B = (rb − rp) · P(pb ≤ rp) · ω · P(q ≤ rp)

+(rb − E(pb|rp < pb ≤ rb)) · P(rp < pb ≤ rb) · ω · P(q ≤ rp)

+(rb − E(q|rp < q ≤ rb)) · ω · P(rp < q ≤ rb) · P(pb ≤ rp)

+
{
E(min(q, pb)|rp < q, pb ≤ rb)− E(q|rp < q ≤ rb)− E(pb|rp < pb ≤ rb)

+rb
}
·P(rp < pb ≤ rb) · ω · P(rp < q ≤ rb)

≥ 0,

since rb ≥ rp and

E(min(q, pb)|rp < q, pb ≤ rb) = rb + E(min(q − rb, pb − rb)|rp < q, pb ≤ rb)

≥ rb + E(min(q − rb + pb − rb)|rp < q, pb ≤ rb)

= E(q|rp < q ≤ rb) + E(pb|rp < pb ≤ rb)− rb.
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Thus, contacting the platform first is optimal.

Proof of Lemma 2. Rewriting (1.14) gives

sb = E(max(rb − pb, 0)).

The right-hand side of the last equation is continuous and monotone increasing in rb. One has E(max(c −

pb, 0)) = 0, since no dealer quotes below his cost. Thus, rb > c for s > 0. Equation (1.14) now gives

rb := E(min(pb, rb)) + sb ≥ c+ sb.

The last inequality is strict, if prices are greater than c with positive probability.

Proof of Lemma 3. First, there is no demand from slow traders, if a dealer quotes a price higher than r.

Quoting prices above r in order to sell to fast traders cannot be an equilibrium strategy in the bilateral

market due to the resulting Bertrand competition. Since dealers in the bilateral market do not give quotes

above r, dealers on the platform cannot sell to fast traders by quoting above r. Thus, no dealer quotes above

r with positive probability.

On the other hand, a dealer’s profit is zero or negative if he quotes a price at or below his cost c. Now,

let the dealer quote a price p with c < p ≤ r. Lemma 2 ensures the existence of such a p. Now the dealer

gets a positive profit on both the platform and in the bilateral market. This can be seen as follows. With

probability (1 − η)N−1 the dealer is alone on the platform when responding to an RFQ. If a slow trader

requested the quote, the dealer would be able able to sell the asset at price r due to the slow traders’

reservation price strategy. Thus, the dealer’s profits are at least (1−η)N−1(1−µ)(p−c) > 0 on the platform

in the event that the dealer charges p. The same logic can be applied to the bilateral market in which case

the dealer would get at least (1 − η)Nγ(1 − µ)(p − c)/N > 0, since slow traders will not get a satisfactory

offer on the platform with probability (1− η)N . Then they continue to search with probability γ > 0 in the

bilateral market where they choose a particular dealer with probability 1/N . Thus, the equilibrium quotes

are greater than c and less than or equal to r.

kp = 1 − µ follows from the slow traders’ strategy of starting the search on the platform. Since dealers

never quote a price greater than r, the slow traders always buy the asset when they receive a quote on the

platform. The only case in which they continue their search in the bilateral market is when they do not get a
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quote on the platform. Then they continue to search with probability γ > 0 and buy the asset from the first

dealer they contact in the bilateral market. The exact law of large numbers implies kb = (1−η)Nγ(1−µ)/N .

It can furthermore be shown that there cannot be atoms in the distribution G of prices quoted on the

platform, no matter how the distribution H of prices in the bilateral market looks like. Suppose there is

a price p with r ≥ p > c that is quoted on the platform with probability ρ > 0. A single dealer can now

profitably deviate from this strategy as follows. Since the number of prices charged with positive probability

must be countable, one can find for each δ > 0 an εδ, such that δ ≥ εδ > 0 and the price p − εδ is charged

with probability zero. A dealer can now charge price p − εδ with probability ρ and charge price p with

probability zero. Using the fact that limδ→0G(p − εδ) = G(p) − ρ, one can express the difference ∆p in

profits between quoting p−εδ and quoting p for small δ as follows. The quoting dealer only makes a positive

profit if no other dealer on the platform quotes a lower price. If no other dealer quotes a lower price, there

might be j = 0, 1, ..., N − 1 dealers who quote price p. The calculation below considers the cases in which j

dealers quote price p on the platform separately.

I allow H to have atoms. To simplify the algebra, I introduce the function D : Z × R → R. I define

D(j, p) as the expected quantity of fast traders the dealer quoting on the platform faces when he quotes p, j

other dealers on the platform also quote p and no other dealer on the platform quotes a lower price. D(j, p)

cannot be increasing in p. As the j + 1 dealers raise their quote, no dealer in the bilateral market becomes

more likely to quote a higher price than the dealers on the platform do. D is decreasing in j, since sharing

of the total demand reduces the demand for each individual dealer if j increases.

If H has no atom at price p then one has

D(j, p) :=
µ

j + 1
(1−H(p))N .

The last expression says that the j + 1 dealers who quote p on the platform share the demand by fast

traders equally, if all dealers on in the bilateral market quote a higher price.

If H has an atom at price p, then price p is quoted with some probability ρ > 0 in the bilateral market

and D is given by

D(j, p) :=
N∑

k=0

(
N

k

)
(1−H(p))N−kρk

µ

j + 1 + k
.

If k dealers in the bilateral market quote p and all other dealers in the bilateral market quote a higher

price, the dealers quoting p will share the demand equally.
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Now it is shown that there would be a profitable deviation if the equilibrium choice of G had atoms. The

first two terms in the first equation below look at the event in which the quoting dealer has the lowest quote

on the platform and no other dealer quotes p, which happens with probabilities (1 − ηG(p − εδ) − ηρ)N−1

and (1− ηG(p))N−1, respectively. The last two terms look at the events in which j > 0 other dealers quote

p. If the quoting dealer quotes p as well, he will only get a fraction of the traders’ demand in expectation.

If the quoting dealer quotes p− εδ, he will face a jump in demand.

∆p = (1− ηG(p− εδ)− ηρ)N−1(p− εδ − c)(kp +D(0, p− εδ))

−(1− ηG(p))N−1(p− c)(kp +D(0, p))

+

N−1∑

j=1

(
N − 1

j

)
(1− ηG(p− εδ)− ηρ)N−1−j(ηρ)j(p− εδ − c)(kp +D(0, p− εδ))

−
N−1∑

j=1

(
N − 1

j

)
(1− ηG(p))N−1−j(ηρ)j(p− c)

(
kp
j + 1

+D(j, p)

)

≥ (1− ηG(p− εδ)− ηρ)N−1(p− εδ − c)(kp +D(0, p))

−(1− ηG(p))N−1(p− c)(kp +D(0, p))

+
N−1∑

j=1

(
N − 1

j

)
(1− ηG(p− εδ)− ηρ)N−1−j(ηρ)j(p− εδ − c)(kp +D(j, p))

−
N−1∑

j=1

(
N − 1

j

)
(1− ηG(p))N−1−j(ηρ)j(p− c)

(
kp
j + 1

+D(j, p)

)

→
N−1∑

j=1

(
N − 1

j

)
(p− c) jkp

j + 1
(1− ηG(p))N−1−j(ηρ)j > 0 as δ → 0.

Thus, the proposed deviation is profitable. In equilibrium, G cannot have any atoms. The calculation

shows that the increase in profits is possible because ties can be avoided and the dealer gets the full demand

of the trader, when he would have had to split the demand in expectation with other dealers.

Analogously, one can show that there cannot be any atoms in the distribution of prices in the bilateral

market. The difference ∆b in profits between quoting p− εδ and quoting p in this case is
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∆b = (1−H(p− εδ)− ρ)N−1(p− εδ − c)(kb + (1− ηG(p− εδ))Nµ)

−(1−H(p))N−1(p− c)(kb + (1− ηG(p)N )µ)

+(1− (1−H(p− εδ))N−1)(p− εδ − c)kb

−(1− (1−H(p) + ρ)N−1)(p− c)kb

+
N−1∑

j=1

(
N − 1

j

)
(1−H(p− εδ)− ρ)N−1−jρj(p− εδ − c)(kp + (1− ηG(p− εδ))Nµ)

−
N−1∑

j=1

(
N − 1

j

)
(1−H(p))N−1−jρj(p− c)(kp + (1− ηG(p))N

µ

j + 1
)

The first two terms look at the events in which the quoting dealer has the lowest quote in the bilateral

market and no other dealer quotes p. These events happen with probabilities (1 −H(p − εδ) − ρ)N−1 and

(1 − H(p))N−1, respectively. The next two terms look at the events in which the quoting dealer does not

have the lowest quote, i.e. at least one other dealer has a strictly lower quote. In this case, the dealer can

only sell to slow traders. The last two terms look at the events in which the quoting dealer has the lowest

quote and j > 0 other dealers quote p. This means that there are ties if the dealer quotes p as well and the

demand by fast traders will be split in expectation equally among those j+ 1 dealers. Since G is continuous,

the event that the lowest quote on the platform is equal to p has probability zero. Thus, demand does not

have to be split with dealers on the platform. A dealer always gets the full demand of a slow trader in the

bilateral market. One has limδ→0H(p− εδ) = H(p)− ρ. Thus, as δ → 0, the first four terms in the previous

equation vanish and the difference between the last two terms is positive, since N ≥ 2:

lim
δ→0

∆b =

N−1∑

j=1

(
N − 1

j

)
(1−H(p))N−1−jρj(p− c)(1− ηG(p))N

jµ

j + 1
> 0.

Thus, the proposed deviation is profitable. Again, the profitable deviation exists because ties with other

dealers can be avoided. In equilibrium, H cannot have any atoms.

Proof of Lemma 4. If a dealer is in the bilateral market, then for every p in the support of H, the expected

profit

Πb(p) = (p− c)


kb + µ(1−H(p))N−1

N−1∑

j=0

(
N − 1

j

)
(1− η)N−1−jηj(1−G(p))j
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must be constant. Using the binomial formula (x + y)n =
∑n
k=0

(
n
k

)
xn−kyk, the previous equation

simplifies to

Πb(p) = (p− c)
[
kb + µ(1−H(p))N−1

(
1− ηG(p)

)N]
.

Suppose there is a p < r such that H(p) = 1. Then a dealer could profitably deviate from this strategy

by quoting for instance r with positive probability. The difference in expected profits would be

Πb(r)−Πb(p) = (r − p)kb > 0.

Thus, H(p) < 1 for p < r. By Lemma 3, no dealer quotes a price above r. Therefore, r must be the

supremum of the support of H. Lemma 3 also states that H cannot have any atoms. Dealers are only willing

to quote according to a continuous distribution that has a support with supremum r, if profits for prices in

the support of H are equal to Πb(r). When quoting a price equal to r, a dealer only sells to slow traders,

since other dealers almost surely quote a lower price if H is a continuous distribution. The indifference

condition determining H is therefore

(p− c)
[
kb + µ(1−H(p))N−1

(
1− ηG(p)

)N]
= (r − c)kb.

This is equation (1.3). If a dealer is on the platform, then for every p in the support of H, the expected

profit

Πp(p) = (p− c)
[
kp

N−1∑

j=0

(
N − 1

j

)
(1− η)N−1−jηj(1−G(p))j

+µ(1−H(p))N
N−1∑

j=0

(
N − 1

j

)
(1− η)N−1−jηj(1−G(p))j

]

must be constant. Using the binomial formula, this equation can again be simplified to

Πp(p) = (p− c)
[
kp
(
1− ηG(p)

)N−1
+ µ(1−H(p))N

(
1− ηG(p)

)N−1
]
.

Suppose there is a p < r such that G(p) = 1. Then a dealer could profitably deviate from this strategy

by quoting for instance r with positive probability. This can be seen as follows. From (1.3) and G(p) = 1
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for p ≥ p it follows that

(r − c)kb = (r − c)kp
γ

N
(1− η)N ≥ (p− c)(kb + (1− η)Nµ(1−H(p))N−1),

where the last inequality is an equality whenever p is in the support of H. Further algebraic manipulation

gives

Πp(r) = (r − c)kp(1− η)N−1

≥ N

γ(1− η)
(p− c)(kb + (1− η)Nµ(1−H(p))N−1)

=
N

γ(1− η)
(p− c)(kp

γ

N
(1− η)N + (1− η)Nµ(1−H(p))N−1)

= (p− c)(kp(1− η)N−1 + (1− η)N−1 N

γ(1−H(p))
µ(1−H(p))N )

> (p− c)(1− η)N−1(kp + µ(1−H(p))N )

= Πp(p).

The strict inequality in the above calculation holds, since H(p) < 1 for p < r, 0 < γ ≤ 1 and N > 1. It

is therefore more profitable to quote r than to quote p. Thus, it must be the case that G(p) < 1 for p < r.

The supremum of the support of G is therefore given by r, since no dealer quotes above r. The equilibrium

profit that results from quoting prices in the support of G on the platform is determined by the profit that

results from quoting r:

(p− c)
[
kp
(
1− ηG(p)

)N−1
+ µ(1−H(p))N

(
1− ηG(p)

)N−1
]

= (1− η)N−1(r − c)kp.

This is equation (1.4), which has to hold for prices in the support of G.

Proof of Lemma 5. Let

H(p) =

∫ r

c

h(x) dx, G(p) =

∫ r

c

g(x) dx,

where H(c) = G(c) = 0 and
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h(p) :=





0, if (p− c)
[
kb + µ(1−H(p))N−1

(
1− ηG(p)

)N]
< (r − c)kb,

h1(p), if (p− c)
[
kb + µ(1−H(p))N−1

(
1− ηG(p)

)N]
= (r − c)kb

and (p− c)
(
1− ηG(p)

)N−1 [
kp + µ(1−H(p))N

]
< (1− η)N−1(r − c)kp,

h2(p), if (p− c)
[
kb + µ(1−H(p))N−1

(
1− ηG(p)

)N]
= (r − c)kb

and (p− c)
(
1− ηG(p)

)N−1 [
kp + µ(1−H(p))N

]
= (1− η)N−1(r − c)kp,

g(p) :=





0, if (p− c)
(
1− ηG(p)

)N−1 [
kp + µ(1−H(p))N

]
< (1− η)N−1(r − c)kp,

g1(p), if (p− c)
(
1− ηG(p)

)N−1 [
kp + µ(1−H(p))N

]
= (1− η)N−1(r − c)kp

and (p− c)
[
kb + µ(1−H(p))N−1

(
1− ηG(p)

)N]
< (r − c)kb,

g2(p), if (p− c)
(
1− ηG(p)

)N−1 [
kp + µ(1−H(p))N

]
= (1− η)N−1(r − c)kp

and (p− c)
[
kb + µ(1−H(p))N−1

(
1− ηG(p)

)N]
= (r − c)kb,

Note that g(p) and h(p) are not defined whenever

(p− c)
[
kb + µ(1−H(p))N−1

(
1− ηG(p)

)N]
> (r − c)kb

or

(p− c)
(
1− ηG(p)

)N−1
[
kp + µ(1−H(p))N

]
> (1− η)N−1(r − c)kp.

However, g and h will be defined in such a way that the last two inequalities never hold. The reason

for this is as follows. Since dealers maximize their profits, by choosing r as the supremum of the support of

their quoting strategies (Lemma 3) any profit that is achievable by quoting prices different from r must be

lower than the profit from quoting r.

Let
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πH(h(p), g(p)) :=
∂

∂p

[
(p− c)

(
kb + µ(1−H(p))N−1(1− ηG(p))N

)]

= kb + µ(1−H(p))N−1(1− ηG(p))N

−(p− c)µ(N − 1)(1−H(p))N−2(1− ηG(p))Nh(p)

−(p− c)µN(1−H(p))N−1(1− ηG(p))N−1ηg(p) (1.22)

and

πG(h(p), g(p)) :=
∂

∂p

[
(p− c)

(
1− ηG(p)

)N−1
(
kp + µ(1−H(p))N

)]

=
(
1− ηG(p)

)N−1
(
kp + µ(1−H(p))N

)

−(p− c)µN(1−H(p))N−1(1− ηG(p))N−1h(p)

−(p− c)(N − 1)
(
kp + µ(1−H(p))N

)
(1− ηG(p))N−2ηg(p). (1.23)

Now h1(p) can be defined as the unique solution to πH(h1(p), 0) = 0, i.e. the value of the density of H at

p that keeps the profit of quoting p for dealers in the bilateral market constant if p is increased marginally:

h1(p) =
kb + µ(1−H(p))N−1(1− ηG(p))N

(p− c)µ(N − 1)(1−H(p))N−2(1− ηG(p))N
.

Analogously, g1(p) can be defined by πG(0, g1(p)) = 0, i.e.

g1(p) =

(
1− ηG(p)

)

(p− c)(N − 1)η
.

When defining the densities of G and H for all p at which both quoting on the platform and quoting on

the bilateral market is as profitable as quoting r, one has to distinguish three cases:

Case 1: πH(0, g1(p)) > 0 and πG(h1(p), 0) ≤ 0. In this case, profits in the bilateral market from quoting

p increase as p increases if dealers in the bilateral market stop quoting for prices above p while dealers on the

platform choose their optimal response. However, quoting on the platform does not become more profitable

if dealers on the platform stop quoting and dealers in the bilateral market respond optimally. Thus, in
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equilibrium, dealers on the platform indeed stop quoting, i.e.

g2(p) = 0,

and dealers in the bilateral market respond optimally, i.e.

h2 = h1(p).

Case 2: πH(0, g1(p)) ≤ 0 and πG(h1(p), 0) > 0. In this case, profits on the platform from quoting p

increase as p increases if dealers on the platform stop quoting for prices above p while dealers in the bilateral

market choose their optimal response. However, quoting in the bilateral market does not become more

profitable if dealers in the bilateral market stop quoting and dealers on the platform respond optimally.

Thus, in equilibrium, dealers in the bilateral market indeed stop quoting, i.e.

h2(p) = 0,

and dealers in the bilateral market respond optimally, i.e.

g2 = h1(p).

Case 3: πH(0, g1(p)) > 0 and πG(h1(p), 0) > 0. In this case, profits in the bilateral market from quoting

p increase as p increases if dealers in the bilateral market stop quoting for prices above p while dealers on the

platform choose their optimal response. At the same time, profits on the platform from quoting p increase

as p increases if dealers on the platform stop quoting for prices above p while dealers in the bilateral market

choose their optimal response. In the following, it will be shown that there are unique solutions h2(p) > 0

and g2(p) > 0 that solve πH(h2(p), g2(p)) = 0 and πG(h2(p), g2(p)) = 0, i.e. both dealers on the platform and

dealers in the bilateral market keep quoting and their profit from doing so stays constant. Let X := 1−H(p)

and Y := 1− ηG(p) and

J := (p− c)




µ(N − 1)XN−2Y N µNXN−1Y N−1η

µNXN−1Y N−1 (N − 1)Y N−2(kp + µXN )η


 .

Using (1.22) and (1.23), the equations πH(h2(p), g2(p)) = 0 and πG(h2(p), g2(p)) = 0 can be rewritten as
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J




h2(p)

g2(p)


 =




kb + µXN−1Y N

Y N−1
(
kp + µXN

)


 (1.24)

This system of equations has a unique solution whenever the determinant of J is nonzero. Since

det J = (p− c)2XN−2Y 2N−2µη
(

(N − 1)2(kp + µXN )− µN2XN
)
,

if follows for p ∈ (c, r), which implies Y > 1− η and X > 0 (see Lemma 3), that det J > 0 exactly if

(N − 1)2(kp + µXN )− µN2XN > 0. (1.25)

Thus, if the last inequality holds, there is a unique solution to (1.24). Since πH(0, g1(p)) > 0, one has

kb + µXN−1Y N − (p− c)µNXN−1Y N−1ηg1(p) > 0.

Plugging in the expression for g1(p) from above gives

kb + µXN−1Y N − N

N − 1
µXN−1Y N > 0. (1.26)

From πG(h1(p), 0) > 0, one gets

Y N−1
(
kp + µXN

)
− (p− c)µNXN−1Y N−1h1(p) > 0.

Plugging in the expression for h1(p) from above gives

Y N−1
(
kp + µXN

)
− NX

(N − 1)Y
(kb + µXN−1Y N ) > 0. (1.27)

Now, (1.27) and (1.26) imply

Y N (N − 1)

NX

(
kp + µXN

)
> kb + µXN−1Y N >

N

N − 1
µXN−1Y N .

Since

Y N (N − 1)

NX

(
kp + µXN

)
>

N

N − 1
µXN−1Y N
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is equivalent to (1.25), the system of equations (1.24) has a unique solution. This solution is given by

J−1




kb + µXN−1Y N

Y N−1
(
kp + µXN

)




=
p− c
det J




Y N−2η(kp + µXN )
[
(N − 1)(kb + µXN−1Y N )− µNXN−1Y N )

]

Y N−1XN−2µ
[
(N − 1)(kp + µXN )Y N −NX(kb + µXN−1Y N )

]




For p > r, the condition πH(0, g1(p)) > 0 is equivalent to

(N − 1)(kb + µXN−1Y N )− µNXN−1Y N ) > 0,

as can be seen in (1.26). Thus, h2(p) > 0 for p > r.

The condition πG(h1(p), 0) > 0 is equivalent to

(N − 1)(kp + µXN )Y N −NX(kb + µXN−1Y N ) > 0,

as can be seen in (1.27). Thus, g2(p) > 0 for p > r.

By construction, (1.3) holds whenever h(p) > 0 and (1.4) holds whenever g(p) > 0. Furthermore one has

sup supportH = sup supportG = r. This can be seen as follows.

First, it cannot be the case that G(p) ≥ 1 while H(p) ≤ 1 for p < r, since that would imply that

(p− c)
(
1− ηG(p)

)N−1
[
kp + µ(1−H(p))N

]
< (1− η)N−1(r − c)kp, (1.28)

which in turn implies that g(p) > 0 for a set of prices of positive measure, with the last inequality holding

for those prices. This has been ruled out in the definition of G.

Similarly, it cannot be the case that H(p) ≥ 1 while G(p) ≤ 1for p < r, since that would imply that

(p− c)
[
kb + µ(1−H(p))N−1

(
1− ηG(p)

)N]
< (r − c)kb, (1.29)

which in turn implies that h(p) > 0 for a set of prices of positive measure, with the last inequality holding

for those prices. This has been ruled out in the definition of H. That both G(p) = 1 and H(p) = 1 for p < r

can be ruled out analogously.
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Third, as p→ r from below, it must be the case that H(p)→ 1. if H(p) > H > 1 as p→ r, the inequality

in (1.28) would be reversed, which is ruled out by the Definition of G and H. Thus, for every p′ < r there

must be a p > p′, such that (1.3) holds and h(p) > 0. Thus, p can be chosen large enough such that X is

sufficiently small to ensure h(p′′) > 0 for all p′′ with r > p′′ ≥ p.

An analogous argument implies that there is a p < r such that (1.4) holds and that h(p′′) > 0 for all p′′

with r > p′′ ≥ p. Thus, sup supportH ≥ r and sup supportG ≥ r.

The last argument implies that (1.3) and (1.4) hold if p < r is above some threshold. Then H → 1 as

p→ r implies G→ 1 as p→ r (from (1.4)). Thus, sup supportH ≤ r and sup supportG ≤ r.

Thus, it must be the case that sup supportH = sup supportG = r.

By construction of G, (1.17) holds for all p ∈ [c, r]. For p ∈ R \ [c, r], (1.17) holds as well, since the dealer

either does not trade at all or sells at loss. Thus, (1.17) holds especially for all p ∈ R \ supportG.

By construction of H, (1.18) holds for all p ∈ [c, r]. For p ∈ R\ [c, r], (1.18) holds as well, since the dealer

either does not trade at all or sells at loss. Thus, (1.18) holds especially for all p ∈ R \ supportH.

The distribution functions G and H according to which dealers optimally quote are uniquely determined.

If dealers would choose densities that almost everywhere equal to g and h, (1.3) would not hold anymore on

the support of H or (1.4) would not hold anymore on the support of G.

Proof of Lemma 6. For a fixed γ and a fixed r, Lemma 5 states that there are two unique functions G and

H with the desired properties.

That at least one solution r to equation (1.19) exists for a fixed γ can be shown as follows.

Define

z :=

(
(r − p)γ(1− η)N (1− µ)

Nµ(p− c)(1− ηG(p))N

)1/(N−1)

.

Using, (1.3), one can check that z = 1−H(p). Now,

p =
rγ(1− µ)(1− η)N + czN−1Nµ(1− ηG(p))N

Nµ(1− ηG(p))NzN−1 + γ(1− µ)(1− η)N
. (1.30)

Substituting into (1.19) gives

r = sb +

∫ 1

0

rγ(1− µ)(1− η)N + czN−1Nµ(1− ηG(p(z)))N

Nµ(1− ηG(p(z)))NzN−1 + γ(1− µ)(1− η)N
dz, (1.31)
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Defining

α(γ, r) :=

∫ 1

0

(
Nµ(1− ηG(p(z)))NzN−1

γ(1− µ)(1− η)N
+ 1

)−1

dz (1.32)

(G still depends on r), one can rewrite (1.31) as

r = c+
sb

1− α(γ, r)
. (1.33)

Therefore, a solution to (1.19) exists if there is a solution r to

(1− α(γ, r))(r − c) = sb (1.34)

for some fixed γ. The left-hand side of the previous equation is continuous and goes to zero as r → c,

since α(γ, r) ∈ (0, 1) for any r > c and γ ∈ (0, 1]. As r → ∞, the left-hand side of the previous equation

goes to infinity, since

α(γ, r) ≤ α(γ) :=

∫ 1

0

(
NµzN−1

γ(1− µ)
+ 1

)−1

dz < 1

for any γ ∈ (0, 1]. Thus, since sb > 0, there is at least one solution r to (1.19) for a fixed γ.

In order to show that the solution r to equation (1.19) is unique, it is shown that

∂

∂r
α(γ, r) = 0. (1.35)

Then, the left-hand side of (1.34) is strictly monotone increasing in r and any solution that solves (1.34)

must be unique. For p ∈ support(H) \ support(G),

∂

∂r

(
Nµ(1− ηG)NzN−1

γ(1− µ)(1− η)N
+ 1

)−1

= 0 (1.36)

is clear, since G is constant for those prices.

For p ∈ support(H) ∩ support(G), one has to take into account that the price p changes for any fixed

value of X = 1−H if r changes, so that (1.3) (1.4) hold. In order to take those joint dynamics into account,

the implicit function theorem is used. The notation Y = 1 − ηG(p(z)) is used and Y and p are viewed as

implicit functions of r. Then one can calculate the derivative of Y with respect to r for a given value of X.

Substituting 1−H = X and 1−ηG = Y in (1.3) and (1.4) and calculating the derivatives of the left-hand

sides the resulting equations with respect to p and Y (the right hand sides do not depend on p or Y ) gives

the Jacobian M .
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M :=




µY NXN−1 + kb N(p− c)XN−1Y N−1µ

kpY
N−1 + µXNY N−1 (N − 1)(p− c)Y N−2

(
µXN + kp

)


 .

Its determinant is given by

detM = (p− c)Y N−2(kp + µXN )
(

(N − 1)kb − µXN−1Y N
)
.

If r > p > c, one has 0 < X ≤ 1. Thus, detM > 0, if

(N − 1)kb − µXN−1Y N > 0.

The last inequality is implied by (1.26), which always holds if p ∈ support(H) ∩ support(G).

The implicit function therefore exists.

Analogously to the Jacobian M , the derivatives of the left-hand sides minus the right-hand sides of

equations (1.3) and (1.4) with respect to r are give by fr defined as

fr :=




−kb
−(1− η)N−1kp


 .

Then, the derivatives of p and Y with respect to r are given by −M−1fr. The second row of −M−1fr

expresses the derivative of Y with respect to r:

∂Y

∂r
=

1

detM

[
kpX

N−1Y N (1− η)N−1µ+ kb

(
kp(1− η)N−1 − Y N−1(kp +XNµ)

)]
. (1.37)

Substituting X = 1−H and Y = 1− ηG in (1.3) and rearranging terms gives

XN−1Y N =
r − p
p− c

kb
µ

=

(
r − c
p− c − 1

)
kb
µ
.

Analogously, (1.4) implies

Y N−1(kp +XNµ) =
r − c
p− ckp(1− η)N .

Thus, (1.37) is equivalent to
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∂Y

∂r
= kp(1− η)N−1kb

r − c
p− c − kp(1− η)N−1kb

+kbkp(1− η)N−1 − r − c
p− ckbkp(1− η)N−1

= 0.

Since detM > 0, one gets ∂Y
∂r = 0, i.e. ∂G

∂r = 0 for p < r, which in turn implies

∂

∂r

(
NµY (X)NzN−1

γ(1− µ)(1− η)N
+ 1

)−1

= 0. (1.38)

Now (1.36) and (1.38) imply (1.35). Thus, uniqueness of the solution to (1.34) is shown.

It will now be shown that the solution r to (1.19) is strictly monotone increasing in γ. This is done by

showing that

∂

∂γ
α(γ, r) > 0. (1.39)

If p ∈ support(H)\ support(G), setting Y (p) = Y in equation (1.32) constant, where as above X = 1−H

and Y = 1− ηG, one can see that

∂

∂γ


 NµY

N
XN−1

γ(1− µ)(1− η)N
+ 1



−1

> 0. (1.40)

For the case in which p ∈ support(H) ∩ support(G), the implicit function theorem is used. Recall that

kb = γ
N (1− η)N (1− µ) and kp = 1− µ. Now define

fg :=




(p−r)(1−η)N (1−µ)
N

0




as the derivatives of the left-hand sides minus the right-hand sides of equations (1.3) and (1.4) with

respect to γ. Viewing p and Y (as defined above) as implicit functions of γ, one can express their respective

derivatives with respect to γ as −M−1 · fg, where M is defined as above. This gives the following derivative

of Y with respect to γ:

∂Y

∂γ
= − 1

detM

(1− µ)(1− η)nY N−1(r − p)
(
kp + µXN

)

N
< 0,
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since detM > 0 for p < r. Thus,

∂

∂γ

(
NµY (X)NXN−1

γ(1− µ)(1− η)N
+ 1

)−1

> 0. (1.41)

Now, (1.40) and (1.41) imply (1.39). It follows from (1.34) that the reservation price r must be increasing

in γ.

The continuity of the solution r to (1.19) in γ follows from equation (1.33), since α is a continuous

function because it is an integral over a finite interval with a continuous and bounded integrand.

Now it will be shown that r → c+ sb as γ → 0.

Since G(p) ∈ [1− η, 1], one has α(γ) ≥ α(γ) :=
∫ 1

0

(
NµzN−1

γ(1−µ)(1−η)N
+ 1
)−1

dz. This gives

lim
γ→0

r ≥ c+ lim
γ→0

sb
1− α(γ)

= sb + c, (1.42)

since limγ→0 α(γ) = 0. On the other hand, one has α(γ) ≤ α(γ) :=
∫ 1

0

(
NµzN−1

γ(1−µ) + 1
)−1

dz. This gives

lim
γ→0

r ≤ c+ lim
γ→0

sb
1− α(γ)

= sb + c, (1.43)

since limγ→0 α(γ) = 0. Taking (1.43) and (1.43) together, one gets limγ→0 r = c+ sb.

Proof of Lemma 7. Recall from the proof of Lemma 6 that the reservation price r has to satisfy (1.34). Since

the term α(γ, r), as defined in (1.32), lies in (0, 1), (1.34) can only hold if r is greater than v as sb → v − c,

if γ > 0 is held fixed. Thus, in order to make r = v hold, it must be the case that γ → 0.

Moreover, it must be the case that γ is strictly monotone decreasing in sb whenever γ < 1. Let γ = γ′ < 1

such that r = v (r = v must be the case if γ < 1) holds for some sb > 0. As shown in the proof of (1.35)

in Lemma 6, the term α(γ, r), as defined in (1.32), does in fact not depend on r, holding other parameters

fixed.

Thus, if

(1− α(γ′′, r′′))(r′′ − c) = sb + ε,

for some ε ∈ (0, v− c− sb), is supposed to hold, it must be the case that r′′ = v and γ′′ < γ′, since the term

α(γ′′, r′′) is strictly monotone increasing in γ′′, as shown in the proof of (1.39) in Lemma 6.

As stated in (1.39), α(γ, r) is strictly monotone decreasing in γ. However, since α(γ, r) < 1 always holds,
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also α(1, v) < 1 and

(1− α(1, v))(v − c) > sb,

if sb is sufficiently small. Thus, (1.35) can only hold, if γ = 1 and r < v if sb → 0. This shows

limsb→0 γ = 1.

Proof of Lemma 8. Part 1: µ > µ∗ =⇒ q > b.

Assume that q ≤ b. Choosing p = q and multiplying (1.4) by

kb(r − c)
(1− η)N (r − c)kp

=
γ(1− η)

N

gives

γ(1− η)

N
(q − c)

(
kp + µ

)
= kb(r − c). (1.44)

Moreover, (1.18) in Lemma 5 implies that

(r − c)kb ≥ (q − c)
[
kb + µ(1−H(q))N−1

(
1− ηG(q)

)N]

= (q − c) [kb + µ] . (1.45)

Together, (1.44) and (1.45) imply that

γ(1− η)

N
(q − c)

(
kp + µ

)
≥ (q − c) [kb + µ] .

Using kp = 1− µ and kb = (1− η)N γ
N (1− µ), the last inequality implies

µ ≤ µ∗.

Part 2: µ < µ∗ =⇒ q < b.

Assume that q ≥ b. Choosing p = b and multiplying (1.3) by
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(1− η)N (r − c)kp
kb(r − c)

=
N

γ(1− η)

gives

N

γ(1− η)
(b− c) (kb + µ) = (1− η)N−1kp(r − c). (1.46)

Moreover, (1.17) in Lemma 5 implies that

(r − c)kp(1− η)N−1 ≥ (b− c)
[
kp + µ(1− ηG(b))N−1

(
1−H(b)

)N]

= (b− c)
[
kp + µ

]
. (1.47)

Together, (1.46) and (1.47) imply that

N

γ(1− η)
(b− c) (kb + µ) ≥ (b− c)

[
kp + µ

]
.

Using kp = 1− µ and kb = (1− η)N γ
N (1− µ), the last inequality implies

µ ≥ µ∗.

Part 3: µ = µ∗ =⇒ q = b. This follows directly from Part 1 and Part 2.

Part 4: If profits per quote are higher on the platform than in the bilateral market, q > b.

Suppose it were the case that profits on the platform were higher on the platform than in the bilateral

market and that q ≤ b, i.e. H(q) = 0.

A dealer in the bilateral market gives a total number of kb + µ quotes and by (1.3) earns a profit of

(b− c)(kb + µ(1− ηG(b))N ). Since a dealer on the platform gives a total number of η(kp + µ) quotes and by

the indifference condition (1.4) earns a profit of (q − c)(kp + µ(1 −H(q)))N whenever he is quoting (which

he does with probability η), (1.18) in Lemma 5 gives
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(q − c)

= η(q − c) (kp+µ)
η(kp+µ) platform per quote profits since H(q) = 0

> (b− c)kb+µ(1−ηG(b))N
kb+µ

higher per quote profits on platform

≥ (q − c)kb+µ(1−ηG(q))N

kb+µ
due to (1.18)

= (q − c), since G(q) = 0.

The last calculation implies q > q, a contradiction. Thus, the original assumption q ≤ b must be wrong

and q > b must hold.

Part 5: If profits per quote are higher in the bilateral market than on the platform, q < b.

Suppose it were the case that profits per quote in the bilateral market were higher than on the platform

and that q ≥ b, i.e. G(b) = 0.

Analogously to Part 4 above, (1.17) in Lemma 5 gives

(b− c)

= (b− c) (kb+µ)
(kb+µ) bilateral market per quote profits since G(b) = 0

> (q − c)kp+(1−H(q)N )µ

kp+µ higher per quote profits in bilateral market

≥ (b− c)kp+(1−H(b)N−1)µ
kb+µ

due to (1.17)

= (b− c), since H(b) = 0.

The last calculation implies b > b, a contradiction. Thus, the original assumption q ≥ b must be wrong

and q < b must hold.

Part 6: If profits per quote are equal on both trading venues, b = q. This follows from Part 4 and Part 5.

Part 7: Proof of first statement in the lemma. Suppose µ > µ∗. Then It must be the case that q > b, as

shown in Part 1. Now q > b implies that profits per quote are higher on the platform than in the bilateral

market. If the latter were not the case, Part 5 and Part 6 would imply that q ≤ b, which contradicts q > b.

On the other hand, Part 4 states that q > b is implied by higher profits per quote on the trading platform,

which proves the equivalence claimed in the first statement.
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Part 8: Proof of second statement in the lemma. Suppose µ ≤ µ∗. Then It must be the case that

q ≤ b, as shown in Part 2 and Part 3. Now q ≤ b implies that profits per quote are weakly higher in the

bilateral market than on the platform. If the latter were not the case, Part 4 would imply that q > b, which

contradicts q ≤ b. On the other hand, Part 5 and Part 6 state that q ≤ b is implied by weakly higher profits

per quote in the bilateral market, which proves the equivalence claimed in the second statement.

Proof of Lemma 9. Let ϕp be the function defined in the proof of Lemma 1. Then rb > rp ⇔ ϕp(r) > sp,

since rb = r, ϕp(rp) = sp and ϕp is strictly monotone increasing. Thus, rb > rp is equivalent to

sp < ϕp(r) = (1− (1− η)N )

∫ r

−∞
(r − x) dF (x) = (1− (1− η)N )(r − E(q)),

since the dealers do not give quotes above r on the platform.

I now derive the upper bound expressed in (1.20). Conditional on responding, each dealer on the platform

quotes according to the distribution G characterized in Lemma 4. Since each dealer only responds with

probability η, the lowest quote conditional on at least one response is distributed according to the distribution

F defined by

F (p) :=
1− (1− ηG(p))N

1− (1− η)N
.

Rewriting equation (1.4), one gets for p ∈ [q, r] that

G(p) =
1

η
− 1

η

(
(1− η)N−1 · (r − c)

(p− c) − µ

kp
(1−H(p))N (1− ηG(p))N−1

)1/(N−1)

≥ max


0,

1

η
− 1

η

(
(1− η)N−1 · (r − c)

(p− c)

)1/(N−1)



=: G(p)

and therefore
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F (p) ≥ F (p)

:=
1− (1− ηG(p))N

1− (1− η)N

= max


0,

1−
(

(1−η)N−1·(r−c)
(p−c)

)N/(N−1)

1− (1− η)N


 .

It follows that
∫ r
q pdF (p) ≤

∫ r
q pdF (p) by first-order stochastic dominance. Performing the change of

variables p = c+ (r−c)(1−η)N−1

(1−(1−(1−η)N )z)(N−1)/N , one gets

∫ r

q
pdF (p) =

∫ 1

0

(
c+

(r − c)(1− η)N−1

(1− (1− (1− η)N )z)(N−1)/N

)
dz

= c+ (r − c)(1− η)N−1 Nη

1− (1− η)N
.

It follows that
∫ r
q pdF (p) ≤ c+ (r − c)(1− η)N−1 Nη

1−(1−η)N
.

Proof of Proposition 1. The proof of this proposition consists of three steps. First, the existence of a unique

equilibrium is shown. Then proofs of the statements in two bullet points are given.

Step 1: Existence of a unique equilibrium.

Holding the slow traders’ reservation price strategy as described in Definition 1 with some γ ∈ (0, 1] and

r ∈ (c, v] fixed, Lemma 5 states that there are unique quoting strategies H and G that satisfy (1.3) and

(1.4). Moreover, (1.17) and (1.17) state that dealers cannot improve their profit by deviating from H and

G.

Furthermore, Lemma 6 ensures that slow traders can choose either γ = 1 (in case this choice of gamma

results in a reservation price r that solves (1.6) with r ≤ 1) or some unique value γ < 1 such that the

reservation price r that solves (1.6) is equal to 1.

It remains to show that following a reservation price strategy as described in Definition 1 is optimal for

slow traders. Lemma 1 states, that such a reservation price strategy optimal for slow traders if (1.16) holds.

Since by their respective definitions in (1.14) and (1.6), one has r = rb and slow traders choose γ such that

r ≤ v, the first inequality in 1 holds. Now it just needs to be verified that rp < rb holds, where rb and rp

are defined as in (1.14) and (1.15), respectively, if and only if sp is below a certain unique threshold. Since
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ϕp as defined in the proof of Lemma 1 is strictly monotone increasing if ϕp(rp) > 0, limx→∞ ϕp(x) = ∞

and ϕp(0) = 0, there is a unique threshold s such that rp ≤ rb if and only if sp ≤ s. If rp > rb, the slow

trader gets a payoff of v − r, if he starts the search in the bilateral market and accepts the first offer. This

follows from (1.6) and the fact that dealers do not quote above r. However, following the reservation price

strategy in Definition 1 only gives the payoff (1− (1− η)N )(v − E(q) + (1− η)N (v − r)− sp < v − r, where

the last inequality follows from (1.15) and E(min(q, rp)) = E(q) for r < rp. Thus, following a reservation

price strategy as in Definition 1 would not be optimal.

Step 2: Proof of the statement in the first bullet point.

Let

µ :=
(1− η)− γ(1− η)N

N − (1− η)N
. (1.48)

If µ > µ, then µ > µ∗, where µ∗ is defined as in Lemma 8, since µ∗ is monotone decreasing in γ which is

not greater than 1. Lemma 8 now states that profits per quote must be greater on the platform than in the

bilateral market in any equilibrium with µ > µ.

Step 3: Proof of the statement in the second bullet point.

µ ≤ µ, one has µ > µ∗ if and only if γ is sufficiently low. Due to the monotonicity of γ in sb and the

limits stated in Lemma 7, this means µ > µ∗ if and only if sb is sufficiently high and the result now follows

from the statements in Lemma 8.

Proof of Proposition 2. The statements (i) to (iii) are proved separately.

Proof of statement (i): In the HM, slow traders will always buy the asset on the platform if they receive

a price. Therefore, slow traders buy the asset on the platform with probability 1 − (1 − η)N and buy the

asset in the bilateral market with probability γ(1− η)N . Fast traders, however, will buy the asset wherever

they find the best quote in the whole market. Thus, even if there is a response on the platform, there is

a positive probability that they find a better price in the bilateral market, since the supports of G and H

overlap. Fast traders will therefore buy the asset with probability Ψ < 1 − (1 − η)N on the platform and

buy the asset with probability 1−Ψ > γ(1− η)N in the bilateral market, since they will almost surely buy

the asset somewhere in the HM.

Proof of statement (ii): This equivalence is stated in Lemma 8 in Appendix 1.8.1.

Proof of statement (iii): Equation (1.6) states r = E(pb) + sb. Rewriting equation (1.15) and using
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rp ≤ r, which has to hold in equilibrium, gives (with F being the distribution function of q)

sp = (1− (1− η)N )

∫ rp

q
(rp − p) dF (p)

≤ (1− (1− η)N )

∫ r

q
(r − p) dF (p)

= (1− (1− η)N )(E(pb) + sb − E(q)).

The claim now follows from sp ≤ (1− (1− η)N )(E(pb) + sb − E(q)).

Proof of Proposition 3. The statements (i) and (ii) are proved jointly. Statements (ii) to (vi) are proved

separately.

Proof of statements (i) and (ii): Using a change of variables with

p(z) :=
rγ(1− µ)(1− η)N + czN−1Nµ(1− ηG(p))N

Nµ(1− ηG(p))NzN−1 + γ(1− µ)(1− η)N
,

one can express the reservation price in the HM as

r = sb +

∫ r

b
pdH(p) = c+

sb
1− α(γ, r)

,

where

α(γ, r) :=

∫ 1

0

(
Nµ(1− ηG(p(z)))NzN−1

γ(1− µ)(1− η)N
+ 1

)−1

dz.

One has

α(γ, r) < α(γ) :=

∫ 1

0

(
NµzN−1

γ(1− µ)
+ 1

)−1

dz,

since G(p) < 1 for all p < r. It is shown in Duffie et al. (2017) that the reservation price in the PBM

satisfies rPBM = c+ sb
1−α(γPBM )

. If slow traders in the HM choose γ = γPBM , one gets

r = c+
sb

1− α(γPBM , r)
< c+

sb
1− α(γPBM )

= rPBM . (1.49)
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Thus, holding the probability of entry of slow traders fixed, the reservation price of slow traders is lower

in the HM.

Let γPBM = 1. Then

v ≥ rPBM > r (1.50)

for any choice of γ that slow traders in the HM make. This follows from the monotonicity of r in γ shown

in Lemma 6 and (1.49). By the characterization of the equilibria in the HM in Definition 2 it follows that

γ = 1 is the unique equilibrium probability of continued search of slow traders in the HM.

Now, let γPBM < 1. Suppose that it were the case that γ ≤ γPBM . Then Lemma 6 and (1.49) give

v = rPBM > r.

The last result contradicts the notion of the equilibrium characterized in Definition 2, according to which

γ = 1 if r < 1. It follows that γ ≤ γPBM is not a possible in equilibrium. Thus γ > γPBM must hold.

This proof also showed that rPBM ≥ r always holds: If γPBM = 1, rPBM ≥ r due to (1.50) and if

γPBM < 1, rPBM ≥ r due to rPBM = 1.

Proof of statement (iii):

The turnover generated by fast traders is the same in HM and PBM, since fast traders always buy the

asset.

In the HM, slow traders will buy the asset on the platform with probability 1 − (1 − η)N and in the

bilateral market with probability γ(1 − η)N . In the PBM, slow traders will buy the asset with probability

γPBM . Since, by statement (ii), γ ≥ γPBM , one has

(1− (1− η)N ) + γ(1− η)N ≥ γPBM ,

where the last inequality is strict and turnover in the HM is higher, if γPBM < 1. Turnover in the HM is

not strictly higher in the HM than in the PBM if and only if γPBM = 1. In this case, one must have γ = 1,

due to statement (i). Now (1.49) implies r < rPBM . This proves the last sentence of statement (iii).

Proof of statement (iv):

In the PBM, fast traders buy the asset with probability 1. In the HM, however, there is a positive chance

that the lowest quote on the platform is lower than any price a dealer in the bilateral market quotes. This

is the case, because the supports of G and H have the same supremum and G and H are continuous.
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Suppose that slow traders would not trade less in the the bilateral market of the HM than in the PBM.

This would mean γ(1− η)N ≥ γPBM . It follows that

∫ 1

0

(
Nµ(1− ηG(p(z)))NzN−1

γ(1− µ)(1− η)N
+ 1

)−1

dz >

∫ 1

0

(
NµzN−1

γ(1− µ)(1− η)N
+ 1

)−1

dz

≥
∫ 1

0

(
NµzN−1

γPBM (1− µ)
+ 1

)−1

dz.

Defining r and rPBM as in the proof of statement (i) and (ii) in Proposition 3, one now gets rPBM < r.

If γPBM = 1, one clearly has a contradiction, since γ cannot be greater than one. If γPBM < 1, it must be

the case that rPBM = v. But then the above results imply r > v. This cannot hold in equilibrium since

slow traders would make a negative expected profit in the bilateral market. This contradiction proves that

slow traders trade less in the bilateral market of the HM than in the PBM.

Proof of statement (v):

First, it is shown that

γ < γPBM
(1− ηG(b))N

(1− η)N
, (1.51)

where b is defined as in (1.7). Suppose that the last inequality does not hold. Then calculating the

reservation prices in the HM and PBM as in (1.49) in the proof of Proposition 3 gives

r > c+
sb

1−
∫ 1

0

(
Nµ(1−ηG(b))NzN−1

γ(1−µ)(1−η)N
+ 1

)−1

dz

≥ c+
sb

1−
∫ 1

0

(
NµzN−1

γPBM (1−µ)
+ 1
)−1

dz
= v.

This is a contradiction to statement (i) in Propsition 3, which says r ≤ rPBM .

The expression for HPBM in Section 1.1 gives

pPBM =
Nµc+ γPBM (1− µ)rPBM

Nµ+ γPBM (1− µ)
. (1.52)

Since (1.3) has to hold for p = b, one has

b = c+
(r − c)kb

kb + µ(1− ηG(b))N
= c+

(r − c)kb
kb + µ(1− ηG(b))N

.

Now (1.51), (1.52) and r ≤ rPBM (by statement (i)) imply that b < pPBM :
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b < c+
(r − c)γPBM (1− µ)

γPBM (1− µ) + µN

≤ rPBM (1− µ)γPBM + cNµ

(1− µ)γPBM +Nµ

= pPBM .

It is now shown that b < pPBM implies lower profits per quote in the bilateral market of the HM. In the

PBM, a dealer’s profit is equal to (pPBM − c)(µ + γPBM

N (1 − µ)), since a dealer is indifferent, between any

price in the support of HPBM . Since a dealer is contacted by µ+ γPBM

N (1−µ) traders, the profits per quote

in the PBM are given by pPBM − c.

In the HM, the indifference condition (1.3) implies that a dealer makes a profit equal to (b−c)(µ+kb(1−

ηG(b))N ) in the bilateral market of the HM. Since a dealer receives a total of µ+ kb quotes and G(b) ≥ 0, if

follows that the dealers profits per quote are lower than b− c and, due to b < pPBM , lower than the profits

per quote in the PBM.

Proof of statement (vi): First, consider slow traders. That the expected price in the bilateral market of

the HM is lower than the expected price in the PBM, follows from the claim rPBM ≥ r in statement (i)

earlier in the proposition, since the slow traders’ reservation price is, in equilibrium, equal to the sum of the

expected price in the bilateral market and the search cost sb.

Now consider fast traders. In the HM, fast traders choose the lowest price among all quotes on the

platform and in the bilateral market. In the PBM, fast traders choose the lowest price among the quotes

from all dealers. In the following, it will be shown that the lowest quote in the bilateral market of the HM

is on average lower than the lowest quote in the PBM. Then it follows that the expected lowest quote in the

whole HM is also lower than the expected lowest quote in the PBM.

Since r ≤ rPBM , the expected price quoted by one dealer in the bilateral market in the HM is not higher

than the expected price a dealer quotes in the PBM. Using the expressions for r and rPBM from the proof

of statements (i) and (ii) above gives

sb
1− α(γ, r)

≤ sb
1− α(γPBM )

⇔ α(γ, r) ≤ α(γPBM ).

Using the respective definitions of α(γ, r) and α(γPBM ) gives
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∫ 1

0

(
Nµ(1− ηG(p(z)))NzN−1

γ(1− µ)(1− η)N
+ 1

)−1

dz ≤
∫ 1

0

(
NµzN−1

γPBM (1− µ)
+ 1

)−1

dz. (1.53)

Let ϕHM : R→ [0, 1] denote the function defined by

ϕHM (p) := 1− (1−H(p))N

and ϕPBM : R→ [0, 1], defined by

ϕPBM (p) := 1− (1−HPBM (p))N .

Performing the substitution z =
(

(r−p)γ(1−η)N (1−µ)
(r−c)Nµ(1−ηG(p(z)))N

)1/(N−1)

, one can write the expected price a fast

trader gets in the bilateral market in the HM as
∫
pdϕHM (p) = rβ + c(1− β), where

β :=

∫ 1

0

(
Nµ(1− ηG(p(z)))NzN−1

γ(1− µ)(1− η)N
+ 1

)−1

NzN−1 dz.

Performing analogously the substitution z =
(

(r−p)γPBM (1−µ)
(r−c)Nµ

)1/(N−1)

, one can write the expected price

a fast trader gets in the PBM as
∫
pdϕPBM (p) = rPBMβ + c(1− β), where

β :=

∫ 1

0

(
NµzN−1

γPBM (1− µ)
+ 1

)−1

NzN−1 dz.

Since rPBM ≥ r, it follows that fast traders get a better price in the HM than in the PBM if β < β. The

latter is indeed the case as can be seen as follows. Let Φ be the function defined by

Φ(z) :=

(
Nµ(1− ηG(p(z)))NzN−1

γ(1− µ)(1− η)N
+ 1

)−1

−
(

NµzN−1

γPBM (1− µ)
+ 1

)−1

.

Then equation (1.53) implies
∫ 1

0
Φ(z) dz ≤ 0. The case Φ(x) = 0 for all x ∈ (0, 1) is not possible, since

G is monotone increasing. Thus, Φ(x) < 0 for some x ∈ (0, 1). If Φ(x) ≤ 0 for all x ∈ (0, 1), then clearly
∫ 1

0
Φ(z)NzN−1 dz < 0 and therefore β < β and the claim follows. Let Φ(x) > 0 for some x ∈ (0, 1). Since

G ◦ p is strictly monotone decreasing in z, there is a unique x∗ ∈ (0, 1) such that Φ(x) < 0 for 0 ≤ x < x∗

and Φ(x) < 0 for x∗ < x ≤ 1. Then
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β − β =

∫ 1

0

Φ(z)NzN−1 dz

<

∫ 1

0

Φ(z)N(x∗)N−1 dz

≤ 0

Thus, β < β holds in any case. As discussed above, it follows that fast traders can always expect a better

price in the HM than in the PBM.

Proof of Proposition 4. Proposition Proposition 1 states that the HM equilibrium exists if sp ≤ s. In the

PBM, the slow traders’ payoff is given by γPBM (v − rPBM ), since v is their valuation of the asset and

rPBM = E(pPBMb ) + sb holds in equilibrium. In the HM, a slow trader always pays the cost sp and receives

in expectation (1− (1− η)N )(v−E(q)) from visiting the platform and γ(1− η)N (v− r) in expectation from

continuing to search in the bilateral market. Let rp be defined as in (1.15). One now gets

γPBM (v − rPBM ) ≤ (1− (1− η)N )(v − rPBM ) + γPBM (1− η)N (v − rPBM )

≤ (1− (1− η)N )(v − rp) + γ(1− η)N (v − r)

≤ (1− (1− η)N )

(
v − E(q)− sp

1− (1− η)N

)
+ γ(1− η)N (v − r)

= (1− (1− η)N )(v − E(q)) + γ(1− η)N (v − r)− sp,

where the second line follows from (1.16), the fact that r = rp (which can be seen from (1.14), (1.6) and

sup supportH = r), as well as r ≤ rPBM and γ ≥ γPBM (see Proposition 3).

By the argument given in the main text, it follows that an HM is always efficient, if dealers want to

introduce an HM.

Derivation of conditions under which the HM is more efficient:

Equations (1.10) and (1.11) imply

Ω− ΩPBM = (1− µ)

[(
1− (1− η)N

)
(v − c)−

(
γPBM − γ(1− η)N

)
(v − c− sb)− sp

]
. (1.54)
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Given that sp < (1− (1− η)N )(v − c), Ω− ΩPBM > 0 in (1.54) as γPBM → 0, sb → v − c or η → 1.

Since E(q) in (1.21) is greater than c, the proof of Proposition (1) shows that s ≤ (1−(1−η)N )(v−c). As

shown in Duffie et al. (2017), one has γPBM → 0 as µ→ 0, N →∞ or sb → v−c. Since sp < (1−(1−η)N )(v−

c)⇔ sp < v − c as N →∞, conditions 1.-4. imply that Ω− ΩPBM > 0. By Proposition (1), conditions 2.-

4. imply the existence of an equilibrium. If N → ∞, (1.20) implies that E(q) → c. Since also r = v holds

due to γ < 1 if N →∞, (1.21) and the proof of Proposition 1 imply s→ (1− (1− η)N )(v − c)→ (v − c) as

N →∞. Thus, condition 1. also implies the existence of an equilibrium.

That condition 5. implies the existence of an equilibrium and the efficiency of the HM follows also from

(1.54), γPBM − γ(1− η)N ≤ γPBM (1− (1− η)N ) ≤ 1− (1− η)N and Proposition 1.

Derivation of conditions under which the PBM is more efficient: Let sp > (1 − (1 − η)N )sb. If also

γPBM → 1, then ∆Ω → (1− µ)
(
(1− (1− η)N )sb − sp

)
> 0.

As shown in Duffie et al. (2017), one has γPBM → 1 if sb → 0 or µ → 1. Thus, the PBM must be

efficient, if the HM equilibrium exists at all, in case conditions 6. or 7. hold.

Note that γ ≥ γPBM ≥ γ(1 − η)N from Proposition 3 implies γ → γPBM as η → 0. Let sp > 0. Now

it follows from (1.54) that Ω − ΩPBM → −sp < 0 as η → 0. Thus, the PBM must be efficient, if the HM

equilibrium exists at all, in case conditions 8. holds.

Proof of Proposition 5. First a sufficient and a necessary condition for higher dealer profits in the HM are

derived. Since dealers prefer the market structure that gives them the greatest aggregate profit, (1.12) and

(1.13) imply that dealers strictly prefer the HM exactly if

(r − c)ηN(1− η)N−1 > (rPBM − c)γPBM − (1− η)Nγ(r − c). (1.55)

Since rPBM ≥ r, (1.55) implies

γPBM − (1− η)Nγ < ηN(1− η)N−1.

Now γ ≤ 1 implies that

γPBM < ηN(1− η)N + (1− η)N < 1 (1.56)

must necessarily hold if dealers strictly prefer the HM.
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Suppose, on the other hand, that

γPBM <
sb

rPBM − c− sb(1− η)N
ηN(1− η)N−1. (1.57)

From (1.14) and the fact that all quotes from dealers are above c, it follows that r − c > sb. Together

with γ ≥ γPBM , it follows from (1.57) that

(rPBM − c)γPBM < sb

(
γPBM (1− η)N + (1− η)N−1ηN

)

≤ (r − c)
(
γ(1− η)N + (1− η)N−1ηN

)
.

This shows the sufficiency of (1.57) for (1.55).

Derivation of conditions under which dealers prefer the HM:

As sb → v− c or µ→ 0, γPBM → 0 as already stated in the proof of Proposition 4, implying rPBM = v.

Thus, (1.57) holds if sb → v − c or µ → 0. If N → ∞, (1.57) holds if and only if lim supN→∞
γPBM

N(1−η)N−1 <

sb
rPBM−c−sb(1−η)N

η =: M . Assume the latter were not the case if η < sb
v−c . Then, using the definition of α

from the proof of Proposition 3, one would get

lim sup
N→∞

α := lim sup
N→∞

∫ 1

0

(
NµzN−1

γPBM (1− µ)
+ 1

)−1

dz

≥ lim sup
N→∞

∫ 1

0



µ
(

z
1−η

)N−1

(1− µ)M
+ 1




−1

dz

=

∫ 1−η

0

1 dz +

∫ 1

1−η
0 dz

= 1− η.

Since, as stated in the proof of Proposition 3, rPBM = c + sb
1−α , the result of the previous calculation

would imply that lim supN→∞ rPBM ≥ c + sb
η . Now η < sb

v−c would imply lim supN→∞ rPBM > v, which

cannot be the case. Thus, dealers prefer the HM if condition 3. holds. The existence of the HM equilibrium

follows from sb < s. As shown in the proof of Proposition 4, one has s → v − c if N → ∞. One can

analogously show that (1.56) does not hold if N → ∞ and η > sb
v−c . Since γPBM → 0 if sb → 0 or µ → 1,

(1.56) does not hold if conditions 4. or 5. hold. Thus, dealers would prefer the PBM if an HM equilibrium
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exists at all in these cases.

Proof of Proposition 6. Proof of statement (i): As stated in the proof of Proposition 4, each of the conditions

N →∞, sb → v − c and µ→ 0 implies that γPBM → 0. Thus, only fast traders buy the asset in the PBM

under these conditions. As N →∞, sb → v − c or µ→ 0, it must also be the case that γ → 0. This follows

from the expression of r in (1.33) in Proposition 6 and the fact that α as defined in (1.32) goes to 1 as

N →∞ or µ→ 0.

Since slow traders buy the asset on the platform with probability 1−(1−η)N , there is a jump in turnover

of size (1− (1−η)N )(1−µ) if N →∞ or sb → v− c. Analogously, turnover jumps by 1− (1−η)N as µ→ 0.

As µ→ 1 or sb → 0, one has γPBM = 1, as already stated in the proof of Proposition 4. Now statement

(ii) of Proposition 3 implies γ = 1. Thus, in both the HM and PBM, all traders fully participate in the

market and turnover remains unchanged.

If η → 0, slow traders never receive a quote on the platform and the relation γ ≥ γPBM > γ(1 − η)N

from Proposition 3 implies γ = γPBM as η → 0. Thus, market participation remains unchanged.

Proof of statement (ii): As η → 0 and the probability of obtaining a quote on the platform goes to zero,

all traders who trade at all have to trade in the bilateral market with a probability that goes to 1.

As stated above, each of the conditions N →∞, sb → v− c or µ→ 0 implies γ → 0 and slow traders will

continue to search with a probability that goes to zero after not having obtained a quote on the platform.

Then a fraction (1 − (1 − η)N ) of slow traders trades at all and does so on the platform. As η → 1 slow

almost all traders receive a quote on the platform and do not continue to search. This shows the choices

of trading venue of slow traders in the second and third bullet point. Since µ → 1 means that almost all

traders are slow, the proof of the third bullet point is already complete. To complete the proof of the second

bullet point, it remains to show that almost all fast traders will trade in the bilateral market if N → ∞,

sb → v − c or η → 1.

This is done as follows. First, sb → v− c implies γ → 0. It follows that µ > µ∗, where µ∗ is defined as in

Lemma 8, as N →∞, sb → v − c or η → 1. Thus, Proposition 1 and statement (iii) in Proposition 2 imply

that b, the infimum of supportH, is smaller than q, the infimum of supportH.

Since (1.4) holds for all p ∈ supportG, it must also hold for q := inf supportG, i.e.

(q − c)
(
1− ηG(q)

)N−1
(
kp + µ

(
1−H(q)

)N)
= (r − c)kp(1− η)N−1.

Since G(q) = 0, one gets
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q = c+
(1− η)N (r − c)kp
kp + µ(1−H(q))N

≥ c+ (1− η)N (r − c)kp,

where the last equation holds because of H ≥ 0.

Similarly, the indifference condition (1.3) and the fact that the dealers’ quoting strategy is optimal implies

(q − c)
(
1− ηG(q)

)N−1
(
kb + µ

(
1− ηG(q)

)N (
1−H(q)

)N−1
)
≤ (r − c)kb.

The last equations implies together with the lower bound for q that

(
1−H(q)

)N−1 ≤ r − q
q − c

kb
µ

≤
(

1− (1− η)N−1kp

) (1− η)γ

Nµ
.

Since (1−η)γ
Nµ → 0 as N → ∞, γ → 0 or η → 1, it follows that

(
1−H(q)

)N
goes to zero as N → ∞,

sb → v − c or η → 1. This means that fast traders receive a quote in the bilateral market that is lower than

q with probability 1. Therefore, almost all fast traders trade in the bilateral market.

Proof of statement (iii):

As sb → v − c, one has γ → 0 and therefore r = v. Now (1.6) implies that E(pb) = v − sb → c. On the

other hand, q remains stricly greater than c.

As N → ∞, γ → 0 implies analogously that E(pb) = v − sb > c. On the other hand, (1.20)in Lemma 9

implies that lim supN→∞ E(q) ≤ c. Since also E(q) ≥ c, one must have limN→∞ E(q) = c. Thus, expected

markups are lower on the platform.

As η → 1, it analogously follows that limN→∞ E(q) = c. Since the expected markup in the bilateral

market stays strictly positive, expected markups are lower on the platform.

As sb → 0, one has r → c. This follows from (1.33) in Proposition 6. Thus, average markups must go to

zero on both the platform and the bilateral market.

Proof of statement (iv):

As shown in the proof of statement (ii), fast only fast traders trade in the bilateral market as sb → v− c.

Moreover, in the proof of statement (iii) it is shown that markups for slow traders go to zero as sb → v − c.

Since fast traders cannot trade at worse prices than slow traders would do, transaction prices go to c in the

bilateral market as sb → v − c. Slow traders will trade at a price strictly above c on the platform.

As shown in the proof of statement (iii), r → c as sb → 0 and all quotes given must be in an arbitrarily
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small interval [c, c+ ε], ε > 0.

The expression for q in the proof of statement (ii) implies q → c as η → 1. For any other p ∈ supportG

the indifference condition (1.4) implies

G(p) =
1

η
− 1− η

η

(
(r − c)kp
p− c

)
→ 1

as η → 1. In particular, this implies that G(p)→ 1 for any p ∈ [c, c+ ε], ε > 0. Thus, the price at which

slow traders buy is arbitrarily close to c. Since fast traders do not buy at worse prices, fast traders also pay

a price arbitrarily close to c.

Proof of statement (v): As stated above, markups in the bilateral market of the HM go to zero as η → 0.

Since markups in the PBM are strictly positive, the first claim follows. If η → 0, there is no trade on the

platform and trading decisions in the bilateral market of the HM are made as in the PBM. As sb → v − c,

γ → 0, as claimed in Lemma 7, implying γPBM → 0. Thus, r = rPBM = v and, by (1.6) and the definition

of rPBM in Section 1.1, the expected price a slow trader has to pay in the bilateral market is given by v− sb
in both the HM and PBM.

Proof of Proposition 7. As N →∞, sb → v − c or µ→ 0, it must be the case that γ → 0. This is shown as

in the proof of Proposition 6. Thus, (1.33) implies that r goes to infinity or N →∞, sb → v − c or µ→ 0.

The only way to make r = v hold is to let γ → 0. Analogously, by (1.49) in the proof of Proposition 3,

also γPBM has to go to zero as N → ∞, sb → v − c or µ → 0. By the construction of the equilibrium,

γ, γPBM → 0 as N →∞ implies that r, rPBM < v only for finitely many N ∈ N, i.e. r = rPBM = v if N is

large enough. Analogously, r = rPBM = v if sb is large enough or µ is small enough. That there are now

2N dealers in the pure bilateral market does not change anything in this argument.

The joint dealer profits in the PBM are still given by (1.13). Thus, dealers still strictly prefer the HM

exactly if (1.55) holds. Since γ, γPBM → 0 as sb → v − c or µ → 0 and r = rPBM = v if N or sb are large

enough, if follows that dealers prefer the HM if N or sb are large enough. That (1.55) holds also if N →∞

and η < sb
v−c , can be verified analogously to the argument given in Proposition 5: The inequality in (1.55)

holds as N →∞ if and only if

(v − c)ηN(1− η)N−1 > (v − c)γPBM − (1− η)γ

as N → ∞, since r = rPBM = v if N is large enough. Thus, a sufficient condition for (1.55) to hold is
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that lim supN→∞
γPBM

N(1−η)N−1 < η. Assume the latter were not the case if η < sb
v−c . Then, using the definition

of α from the proof of Proposition 3 and recalling that there are 2N dealers in the PBM, one would get

lim sup
N→∞

α := lim sup
N→∞

∫ 1

0

(
2Nµz2N−1

γPBM (1− µ)
+ 1

)−1

dz

≥ lim sup
N→∞

∫ 1

0


2µ z2N−1

(1−η)N−1

(1− µ)η
+ 1



−1

dz

= lim sup
N→∞

∫ (1−η)(N−1)/(2N−1)

0

1 dz +

∫ 1

(1−η)(N−1)/(2N−1)

0 dz

= (1− η)1/2

> 1− η.

Since, as stated in the proof of Proposition 3, rPBM = c + sb
1−α , the result of the previous calculation

would imply that lim supN→∞ rPBM ≥ c + sb
η . Now η < sb

v−c would imply lim supN→∞ rPBM > v, which

cannot be the case. Thus, dealers must prefer the HM if condition 3 in Proposition 5 holds.

The existence of the equilibrium in the HM under the conditions stated in the proposition follows from

Proposition 1, since s → v − c as N → ∞, as mentioned in the proof of Proposition 4. Mathematically

and under the given assumptions, it does not make a difference whether the 2N trading desk in the market

belong to N dealers or 2N dealers.

As in the proof of Proposition 4, (1.54), γPBM → 0 and the fact that sp < s =⇒ sp < (1−(1−η)N )(v−c)

implies that an HM is the efficient market structure. Proposition 4 is applicable since welfare in the PBM

does not depend on N beyond its dependence on rPBM , γPBM .

Proof of first bullet point: As γ, γPBM → 0, the difference in quotes between HM and PBM reduces to

N (η − µ) < 0,

if and only if one has η < µ.

Proof of second bullet point:

In the case that N → ∞, (1.20) in Lemma 9 implies that lim supN→∞ E(q) ≤ c. Since all prices are

above c, one must have limE(q) = c. Since r = rPBM = v becuase of γ, γPBM < 1 if N is large enough,

(1.6) gives E(pb) = E(pPBMb ) = v − sb > c as N →∞.
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1.9 Proof that the Ability to Renegotiate with Slow Traders Does

not Change the Equilibrium

In this appendix, alternative assumptions on the dealers’ behavior will be considered: In particular, if a

slow trader returns to a dealer A, who has offered a quote p, after having asked another dealer B for a

quote, dealer A will renegotiate. This means that dealer A will offer a new quote p + m(p), where m is

some nonnegative random variable that may depend on p. Suppose, as has been done in Section 3.6, that

slow traders use a reservation price strategy in the sense of Definition 1. All arguments used in Section 3.6

to show that dealers quote according to continuous distribution functions whose supports have supremum r

now apply. As argued in Section 3.6.2, a slow trader optimally accepts any price which cannot be improved

in expectation by continuing to search. Due to renegotiation, (1.5) becomes

v − r = v − E
(
min(r +m(r), pb)

)
− sb = v − E(pb)− sb,

where the second equation holds because of pb ≤ r ≤ r + m(r) a.s. If offered a price p < r, it is clearly

better to accept that offer than continuing to search, in which case the trader would get

v − E
(
min(p+m(p), pb)

)
− sb ≤ v − E

(
min(p, pb)

)
− sb < v − p,

where the last inequality follows from the uniqueness of any solution to (1.14), as shown in Lemma 1 and

the fact that ϕb, as defined in the proof of Lemma 1, is strictly monotone increasing. Analogously, accepting

any price above r is suboptimal, since a higher payoff could be achieved by searching.

Thus, even in this new modified setup, the slow traders’ reservation price must be given by (1.6), if a

reservation price strategy in the sense of Definition 1 is optimal for slow traders in the first place. In this

case, The rest of the equilibrium derivation is identical to the derivation of the equilibrium described in the

main text. As in the main text, using a reservation price strategy will be optimal for slow traders.

In the equilibrium considered in this appendix, slow traders get a payoff of

(1− (1− η)N )E(q) + γ(1− η)N
(
E(pb)− sb

)
− sb,
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if they start to search on the platform and a payoff of

E(pb)− sb

if they start to search in the bilateral market. As before, q denotes the lowest quote on the platform

conditional on at least one response and pb denotes the price a dealer in the bilateral market quotes when

contacted. These payoffs are identical to those in the main text. Thus, it is optimal to start searching on

the platform in the modified setup with renegotiation if and only if it is optimal to start searching on the

platform in the original setup. The last step implies that there is an equilibrium with the modified setup

whenever there is an equilibrium with the original setup and the equilibrium behavior of traders and dealers

is identical.
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Chapter 2

Electronic Trading in OTC Markets

vs. Centralized Exchange (joint work

with Ying Liu and Yuan Zhang)

2.1 Introduction

Trading in over-the-counter (OTC) markets is traditionally done over the phone, i.e. an investor who wants

to trade an asset has to call a dealer and negotiate the price bilaterally. A recent trend in OTC markets is

the growing electronification. Instead of calling dealer by dealer separately, an investor can use electronic

trading platforms to send a request-for-quote (RFQ) to many dealers at once to obtain quotes at which the

dealers are willing to trade. Some estimates suggest that in 2015, more than 40% of OTC-traded credit

default swaps and more than 60% of OTC-traded interest rate swaps were traded electronically.1

Electronic trading platforms can potentially increase the connectedness between market participants and

thereby make OTC markets more exchange-like. However, there remains a fundamental difference between

centralized exchanges and electronic trading platforms in OTC markets. Whereas exchanges can be viewed as

all-to-all platforms, electronic trading platforms in OTC markets are one-to-many platforms. On exchanges,

each market participant can trade through a central limit order book with all other market participants. On

electronic trading platforms, the RFQ trading protocol prescribes that only one investor can initiate a trade

1See for instance Stafford (2016) for a brief overview of recent developments in OTC markets.
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at a time and choose one dealer to trade with. Therefore, electronic trading still incorporates many of the

features of traditional bilateral trading in OTC markets.

The contribution of this paper is twofold. First, we model the trading process on trading platforms

via an RFQ protocol. In our model, an investor who has some information about the assets payoff can

choose a quantity to trade on the platform. In equilibrium, this quantity is informative about the asset’s

payoff. Our model therefore provides a theoretical foundation of information leakage on electronic trading

platforms that is examined in empirical studies such as Hendershott and Madhavan (2015b) or Hagströmer

and Menkveld (2016). Increasing the number of dealers who are contacted by an RFQ has three competing

effects on trading costs: If an RFQ is sent to more dealers, (i) competition among dealers lowers the expected

markup the investor has to pay, (ii) the investor is more likely to receive a quote in the first place, since each

dealers’ response is uncertain and (iii) information leakage about the asset’s fundamental value increases

the dealers’ cost of providing the asset, which results in worse prices for the investor. If dealers respond

very frequently to each RFQ, the cost of information leakage dominates the benefits of more competition

and contacting only few dealers maximizes the investor’s payoff. Only if the dealers’ RFQ response rate is

sufficiently low, an RFQ has to be sent to a certain minimum number of dealers in order for an equilibrium

to exist in the first place. In an off-equilibrium analysis, we deal with the price impact an investor faces on

the platform. The presence of adverse selection makes the permanent price impact on the trading platform

larger than the permanent price impact in the interdealer market. This result is consistent with the findings

of Collin-Dufresne et al. (2017).

Second, we determine conditions under which investors are better off trading on a centralized exchange

among themselves and when they are better off in the two-tiered market structure with an electronic trading

platform and an interdealer market. In our model, all investors are equally informed about the asset’s

fundamental value and benefits from trade in the centralized market only arise due to private values of

obtaining the asset (e.g. hedging benefits). Since dealers are less informed about the asset’s value, investors

can also benefit from their information about the asset in the OTC market structure. The dealers are willing

to trade with the more informed investor, because they expect to be able to partially offset the trade at a

favorable price in the interdealer market. If private values of obtaining the asset are small, investors are

better off in the OTC market structure where they can benefit from information asymmetries between them

and the dealers. On the other hand, if the total mass of investors is large, information about the asset’s

fundamental value quickly leaks into the interdealer market. In this case, the price investors have to pay on

the platform is approximately the sum of the fundamental value and a markup. Then, investors are better off
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in the centralized exchange where they can avoid the dealers’ markups and uncertainty about transactions.

Only if competition among dealers is very high, investors will prefer to trade in the OTC markets. In this

case, markups are very low, a trade is very likely and dealers efficiently intermediate trades between their

customers. Additionally, investors can benefit from their information advantage over dealers in the OTC

market. These results extend previous research on the comparison between OTC markets and exchanges in

terms of investor welfare (Babus and Kondor, 2016; Glode and Opp, 2017a). In this strand of literature, our

study is the first one to specifically look at electronic trading platforms.

The paper proceeds as follows. Section 2.2 relates our paper to previous research. In Section 2.3,

we explain the basic setup that is studied in Section 2.4. In Section 2.5, we slightly modify this setup to

accommodate a continuum of investors and compare the two-tiered market structure to a centralized market.

Concluding remarks are presented in Section 2.6. All proofs are in Appendix A.

2.2 Related Literature

Collin-Dufresne et al. (2017) empirically study the two-tiered index CDS market in the US. In the market for

the most liquid index CDSs, the Dodd-Frank Act required trading via swap execution facilities (SEFs). As

a result, investors trade with dealers almost exclusively via RFQs on electronic trading platforms. Dealers,

on the other hand, trade among themselves via a continuous limit order book.2 This market structure very

closely corresponds to the setup we assume in our paper. The results of Collin-Dufresne et al. (2017) suggest

that the permanent price impact in the D2C segment, i.e. when the investor trades on the platform, is

higher than the permanent price impact in the interdealer market. These results justify our assumption

that investors have some information about the asset that dealers do not have and are consistent with our

result that there is information leakage from the trading platform to the dealers. Hendershott and Madhavan

(2015b) empirically study what kind of bonds are traded over the phone and which bonds are traded on an

electronic trading platform. Controlling for endogenous venue selection, they examine the trading costs on

these two trading venues. Hagströmer and Menkveld (2016) estimate information flows between dealers and

provide further empirical evidence for information leakage on trading platforms in OTC markets. Bjønnes

et al. (2008) and Bjønnes et al. (2016) argue that dealers in the foreign exchange market learn from their

clients’ order flow and exploit this information in the interdealer market.

Babus and Parlatore (2017) and Glode and Opp (2017a) theoretically study investor welfare in OTC

2Block trades are exempt from the requirement to be traded on SEFs. However, most trades in the interdealer market are
executed in the continuous limit order book, which also allows for mid-market matching and workup.
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markets and centralized markets. Our model is different from those studies, since we specifically assume an

RFQ trading protocol in the OTC market. Moreover, the information structure in our model differs from

that in Babus and Parlatore (2017), since we have a common value of the asset for both investors and dealers.

Compared to Glode and Opp (2017a) we allow the investor to trade continuous quantities of the asset in the

OTC market. Malamud and Rostek (2014) show that decentralized exchange markets may be more efficient

than centralized ones. Lester et al. (2017) show in a search-theoretic model that competition in fragmented

markets may decrease welfare.

In modeling the information leakage on trading platforms, our paper relates to a large strand of literature

that models how information is shared between economic agents. Notable papers in this strand of literature

include Duffie and Manso (2007), Duffie et al. (2009, 2014), Andrei and Cujean (2017) and Babus and

Kondor (2016). Traditionally, OTC markets are modeled as pure search markets as for instance in Duffie

et al. (2005), Weill (2007b), Lagos and Rocheteau (2009b), Gârleanu (2009), Lagos et al. (2011b), Feldhütter

(2005), Pagnotta and Philippon (2011) or Lester et al. (2015b). Zhu (2012b) and Duffie et al. (2016) explicitly

model dealer markets. Our paper differs from all of those those papers since we consider an electronic trading

platform.

Our assumption that dealers’ responses on trading platforms are uncertain has been used by Jovanovic

and Menkveld (2015) and Zhou (2017) to model the behavior of market makers in central limit order books

to derive similar random-pricing strategies.3

We also draw on the techniques of noisy rational-expectations models of Grossman and Stiglitz (1980),

Hellwig (1980) and Diamond and Verrecchia (1981). These models assume that agents behave competitively.

Kyle (1989) shows that those models can be extended to allow for strategic traders that take their price

impact into account. However, few closed-form solutions are available in this case. Since the competitive

case is generally viewed as a reasonable approximation to the strategic case in large markets (Vives, 2010),

we will model a competitive dealer market.

As Pagano and Röell (1996) argue, auction markets are in many ways more transparent than bilateral

dealer markets. Naik et al. (1999) show that increased post-trade transparency has an ambiguous effect

on dealers risk-sharing ability in two-tiered markets. Other papers which study the effects of transparency

include De Frutos and Manzano (2002) and Yin (2005a). In this paper, however, we do not consider any

specific disclosure policies that are enforced by regulators. In our model, information is disseminated through

the different trading mechanisms.

3Random-pricing strategies in turn have their origin in the consumer search literature. See for instance Varian (1980a),
Burdett and Judd (1983b), Stahl (1989b) and Janssen et al. (2005, 2011).
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2.3 Model

There are two periods and two types of agents. In the first period, an investor can contact a number of

dealers via an RFQ trading protocol on an electronic trading platform to buy or sell a quantity of an asset.

In the second period, dealers trade with each other in a central limit order book. After period 2, the dividend

is paid. This is illustrated in Figure 2.1.

Figure 2.1: Timeline

RFQ on platform interdealer market

period 1 period 2

dividend payment

The asset pays an uncertain dividend D = θ + ε after the second period, where θ and ε are both

independent and normally distributed random variables with zero mean and variances σ2
ε > 0 and σ2

θ > 0,

respectively. The informed investor knows the realization of θ already in the beginning of period 1. The

investor also receives a private benefit δ ∼ N (0, σ2
δ ), with σ2

δ ≥ 0 for holding one unit of the asset. This

private benefit is realized in the beginning of period 1 and is independent from all other random variables.

Only the investor can observe δ.

There are N , N 3 N ≥ 2 dealers. On the trading platform, the investor can specify the quantity x of

the asset he wants to trade. The investor also selects M dealers, with N 3 M ≤ N from which he wants to

obtain prices at which they are willing to offer quantity x of the asset. The dealers respond independently

with probability q ∈ (0, 1] to the RFQ. That dealers do not necessarily respond may reflect the cost of paying

attention. We will throughout this paper assume that the number of contacted dealers M is exogenously

given, i.e. the trading protocol specifies that the investor has to contact exactly M dealers. This is a slight

simplification of RFQ protocols in real-world markets where investors can often freely choose a number of

dealers to contact.

The dealers are ex ante identical and hold zero initial inventory in the beginning of period 1. In period

2, the aggregate supply of the asset in the interdealer market is noisy. We denote the aggregate supply of

the asset in the interdealer market by W . This aggregate supply is normally distributed: W ∼ N (0, σ2
W )

and σ2
W > 0. A noisy aggregate supply is necessary in order to prevent uninformed dealers from observing

the information of informed dealers. One can interpret noise in the aggregate supply as demand from noise
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traders or inventory shocks to dealers’ portfolios, even though there is a slight difference between inventory

shocks and noisy aggregate supply. Both dealers and the investor have mean-variance preferences. There is

no discounting and each agent’s utility is linear in the payments made when trading the asset. Let ωk denote

dealer k’s final inventory in the end of period 2 and let Zk denote the sum of all payments made or received

by dealer k from trading the asset. Then dealer k’s utility in the end of period 2 with final inventory ωk is

given by

Ud(ωk, Z) = ωk · E(D|Ik)− γd
2
· ω2

k · V(D|Ik)− Zk, (2.1)

where γd > 0 is the dealers’ risk-aversion parameter. The expectation and the variance in equation

(2.1) are taken with respect to each dealer k’s specific information set Ik, which will be determined later.

Equation (2.1) says that dealers care linearly about the mean of their expected dividend payment in the end

of period 1 and sum they have to pay in both period 1 and 2. They also have to pay an inventory cost which

is increasing in the expected variance of the dividend payment. This inventory cost depends on the risk-

aversion parameter γd > 0. It is clear that equation (2.1) can be derived from a first-order condition of an

exponential utility function. We specifically do not assume exponential utility because an exponential utility

function and the functional form specified in equation (2.1) have different implications for the equilibrium

on the platform. On the platform, a dealer has to take into account the possibility of being undercut by

another dealer when giving quotes to the investor. The model becomes more tractable, if the dealers’ utility

is linear in the payments made when trading. We will assume that the dealers follow symmetric strategies

on the platform and symmetric and linear strategies in the interdealer market.

Similar to the dealers, the investor has mean-variance preferences. The investor, however, receives the

private benefit δ per unit of the asset held. If the investor buys a quantity x1 ∈ R on the platform at price

p1, the investor’s utility is given by

UI(x1, p1) = x1 · (θ + δ)− γI
2
· x2

1 · σ2
ε − p1x1, (2.2)

where γI > 0 is the investor’s risk-aversion parameter. Comparing (2.1) and (2.2), note that the investor’s

expectation of the dividend payment and its variance is given by θ and σε, respectively. On the other hand,

dealers potentially learn about the dividend from the other agents and thus have a less trivial information

set Ik for each dealer k. Also, dealers trade with each other, which results in a more complex final inventory

ωk and more complex total payments Zk for each dealer k.

When dealing with the case of one investor in Section 2.4, we need to make a technical assumption in
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order to keep the model tractable. In Section 2.4, we will assume the presence of an “outside agent”. If the

investor contacts M < N,M > 0 dealers on the platform, these M dealers will learn from the investor about

the the realization of θ. Thus, there will be informed and uninformed dealers in the interdealer market. In

the interdealer market, the uninformed dealers may then make inferences about the dividend level from the

observed market price. It will turn out that this price is affected by both the dealers’ inventories and the

informed dealers’ expectation of the dividend payment. In order to keep this inference problem tractable,

we make the dealers’ inventory independent of the expected dividend level. To this end, we assume that

a dealer who traded on the platform with the investor offsets this trade with the outside agent, who does

not participate in the interdealer market. The outside agent does not behave strategically. The price at

which the dealer offsets his trade with the investor is such that the dealer is indifferent between trading with

the outside agent and going directly to the interdealer market. This way, we keep the dealers’ inventories

independent of the dividend level and still keep the key economic trade-offs that the dealers and the investor

face in our model. This setup is summarized in Figure 2.2. After the trader has offset his trade with the

outside agent, all dealers start to trade in the interdealer market. A version of our model without the outside

agent will be studied in Section 2.5.

Figure 2.2: The outside agent

interdealer marketdealer

outside agent

outside option

offset trade

reference price

2.4 Equilibrium with one investor

The equilibrium is determined by backward induction. The first step is to establish the equilibrium in

the interdealer market. We will assume and later verify that the investor reveals a noisy signal about

the dividend level θ to the dealers he contacts. After an equilibrium in the interdealer market has been

established, dealers on the platform can anticipate their expected final payoff conditional on the quantity

they trade on the platform. This payoff will ultimately be a key determinant of the expected price for the

asset on the platform which is derived by standard auction-theoretic arguments. Using the derived quoting
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strategies of the dealers and assuming that the quantity the investor wants to trade is linear in θ + δ, an

equilibrium on the trading platform can be constructed.

2.4.1 The equilibrium in the interdealer market

The equilibrium in the interdealer market considered in this paper is a rational expectations equilibrium

in linear demand schedules as first studied by Grossman and Stiglitz (1980). This means that dealers

behave competitively. Even though not completely realistic, this assumption can be viewed as a rather good

approximation in the case of large interdealer markets.

Let xk denote the quantity of the asset that dealer k buys in the interdealer market. Since we assume

that a dealer who trades on the platform offsets his trade with a outside agent, the final inventory ωk of

dealer k is equal to the traded quantity in the interdealer market: ωk = qk for all k ∈ {1, ..., N}.

Since M ≤ N dealers have been contacted on the platform, there will be M informed dealers, who observe

θ+ δ from the investor’s demand. The other N −M dealers are uninformed and will use the market price to

make inferences about the dividend level. In the following, we will represent all dealers by the set {1, ..., N}

and say that dealer k is informed if k ≤M . Conversely, we say that dealer k is uninformed if k > M .

Let p2 denote the price for the asset in the interdealer market. Differentiating the dealer’s utility (2.1)

with respect to qk and using ∂Zk
∂qk

= p2 gives the first-order condition

E(D|Ik)− γdωkV(D|Ik)− p2 = 0. (2.3)

Since ωk = qk, the second order condition is −γdV(D|Ik) < 0. The second order condition always holds,

since γd > 0 and V(D|Ik) ≥ σ2
ε . If dealer k receives the signal sd := θ+ δ, one obtains by standard Bayesian

updating that

ξ := E(D|sd) =
σ2
θsd

σ2
θ + σ2

δ

. (2.4)

Similarly, one obtains

τξ :=
1

σ2
ξ

:=
1

V(D|sd)
=

1
σ2
θσ

2
δ

σ2
θ+σ2

δ
+ σ2

ε

, (2.5)

where we defined τξ and σ2
ξ as the precision and the variance of the dividend payment based on the

informed dealers’ information that includes the signal sd.

The first order condition (3.5) now implies the following demand schedule:
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qk =
τξ(ξ − p2)

γd
for k ≤M. (2.6)

If dealer k is uninformed, his demand is assumed to be of the form

qk =
E(D|p2)− p2

γdV(D|p2)
for k > M. (2.7)

Equation (2.7) takes into account that uninformed dealers can only learn about the conditional distribu-

tion of D by observing the market price p2. We will use the standard approach to conjecture a price that is

linear in ξ and the aggregate supply of the asset W :

p2 = aξ + bW, (2.8)

with a, b ∈ R. Then, uninformed dealers can use the normal projection theorem to calculate E(D|p2) and

V(D|p2).

In equilibrium, also the market clearing condition

N∑

k=1

qk = W (2.9)

has to be satisfied. Using (2.6) and (2.7) in (2.9) determines the market clearing price. Matching of

coefficients in the obtained expression for the market clearing price with the coefficients in the conjectured

expression (2.8) then gives the rational expectations equilibrium price function. This price function in turn

determines the uninformed dealers’ equilibrium demand schedules.

The following Proposition confirms the existence of an equilibrium in the interdealer market and states

the corresponding expressions for equilibrium price.

Proposition 8. There is always a rational expectations equilibrium such that the market clearing price is

given by (2.8). Define

ρ : =
σ2
θ

σ2
θ + σ2

δ

, (2.10)

τu : =
1

V ar(D|p2)
=

1

σ2
θ + σ2

ε − ψρσ2
θ

, (2.11)

ψ : =
a2ρσ2

θ

a2ρσ2
θ + b2σ2

W

=
ρ

ρ+
γ2
dσ

2
W

M2τ2
ξσ

2
θ

(2.12)
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Then a and b are given by

a =
Mτξ + (N −M)ψτu
Mτξ + (N −M)τu

(2.13)

and

b = − γd
Mτξ

a, (2.14)

One has a > 0 if M > 0. One also has a ≤ 1 with strict inequality if M < N .

The fact that a < 1 for M < N means that the price in the interdealer market is inefficient in the sense

that the price does not fully reflect the informed dealers’ information. In the absence of private benefits

for the investor (σ2
δ = 0), dealers are only willing to trade with the investor because of this informational

inefficiency in the interdealer market.

2.4.2 The equilibrium on the trading platform

The equilibrium on the trading platform is derived as follows. We will assume that dealers who are contacted

by the investor can observe sd = θ+δ and therefore form a conditional expectation of θ given by ξ as defined

in (2.4). We will then use Proposition 8 and the optimal demand schedules (2.6) to determine the lowest

price at which a dealer is willing to sell (or the highest price at which he is willing to buy) a given quantity of

the asset. The dealers then infer from the investor’s utility function the maximum markup they can charge.

In equilibrium, dealers will charge a random markup on the platform. The expectation of this price can be

used to determine the investor’s equilibrium strategy that reveals sd.

Assume an investor submitted an RFQ to M dealers on the platform to buy x units of the asset (if x < 0,

the investor wants to sell). If a dealer is contacted on the platform, but does not trade the asset, he will

observe sd and will therefore be informed in the interdealer market, expecting a dividend level of ξ. Let

Vd,1 : R2 → R denote the function that maps the expectation ξ and dealer k’s traded quantity to dealer

k’s expected utility that he will get after period 2. The dealer will anticipate that the price p2 is a linear

function of ξ and W as stated in Proposition 8. Now, the optimal demand schedule (2.6) and the dealers

utility function (2.1) imply the following payoff from not trading (i.e. from trading quantity 0):

Vk,1(θ, 0) := Ek
[
qk(D − p2)− γd

2
σ2
ξq

2
k

]
=
ξ2(1− a)2 + b2σ2

W

2γdσ2
ξ

.
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We now consider the case in which dealer k sells quantity x to the investor4 and goes directly to the

interdealer market, while other dealers think that dealer k already offset his trade with the outside agent.

Now, dealer k has the initial inventory −x in the beginning of period 2. However, only dealer k knows that.

The following result states the expected price in the interdealer market for dealer k and dealer k’s optimal

demand.

Lemma 10. Assume dealer k traded quantity x 6= 0 with the investor on the platform and directly goes to

the interdealer market. Let the other dealers believe, dealer k offset his trade before going to the interdealer

market. Then, according to dealer k’s information, the price in the interdealer market is given by

p2 = aξ − bx+ bW

and his optimal demand schedule is given by

qk =
ξ − p2

γdσ2
ξ

+ x,

where a and b are defined as in Proposition 8.

Using Lemma 10, one can calculate dealer k’s expected utility if he goes directly to the interdealer market

holding a quantity −x 6= 0 and having expectation about the dividend payment ξ.

Vk,1(ξ, x) := Ek
[
D(qk − x)− p2qk −

γd
2
σ2
ξ (qk − x)2

]
=
ξ2(1− a)2 + 2(1− a)bξx+ b2σ2

W + b2x2

2γdσ2
ξ

−(aξ−bx)x.

Comparing Vk,1(ξ, x) and Vk,1(ξ, 0) one can observe that the dealer expects a different return from holding

a final inventory due to a different expected price. The second term in Vk,1(ξ, x) represents the additional

payment a dealer has to make to offset his inventory x in the interdealer market. We define

pc(x) :=
Vk,1(ξ, 0)− Vk,1(ξ, x)

x
k ≤M (2.15)

as the break-even price for any contacted dealer k. A dealer who charges pc(x) per quantity of the asset

and sells x units to the investor, does not change his final utility. The payment from the investor exactly

matches the difference in utility due to different inventory holdings. Analogously, we define

4If x < 0 the dealer is buying from the investor.
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pv(x) := θ + δ − γI
2
xσ2

ε =
ξ(σ2

θ + σ2
δ )

σ2
θ

− γI
2
xσ2

ε (2.16)

as the price at which the investor is indifferent between trading and not trading the asset. As one can

immediately verify, equation (2.2) implies UI(x, pv(x)) = 0. One can interpret pc(x) as the cost for each

contacted dealer of supplying x units of the asset. Analogously, pv(x) is the investor’s value of acquiring

x units of the asset. The investor can only trade a certain quantity x > 0 with a dealer if pv(x) ≥ pc(x).

Analogously, it has to hold that pc(x) ≥ pv(x) if x < 0.

In the following, we assume that dealers follow symmetric strategies when giving a quote to the investor.

This approach is standard, since dealers are ex-ante identical. In the appendix we show that standard

search-theoretic arguments imply that the price a dealer quotes on the platform for a certain quantity x has

to be a continuous random variable if pv(x) 6= pc(x). Let Fx : R→ [0, 1] denote the distribution of the price

a dealer quotes on the platform conditional on the quantity x that the investor wants to trade. If x > 0 and

pv(x) > pc(x), then pv(x) will turn out to be the supremum of the support of Fx. That quoting a higher

price than pv(x) cannot be optimal follows from UI(x, p) < 0 for p > pv(x) and x > 0. The investor would

not be willing to buy the asset at such a price since doing so would make him worse off. Analogously, pv(x)

is the infimum of the support of the distribution of quoted prices if x < 0. The investor would not be willing

to sell the asset at a lower price.

Dealers are only willing to quote random prices if the expected profit they make is the same for any price

in the support of Fx. If pv(x) is in the support of Fx, this indifference condition means that

x(p− pc(x))
M−1∑

j=0

(
M − 1

j

)
(1− q)M−1−jqj(1− Fx(p))j = (1− q)M−1(pv(x)− pc(x))x (2.17)

has to hold for all p ∈ support(Fx). The left-hand side of equation (2.17) describes the expected profit a

dealer makes by quoting any p ∈ support(Fx). The payment x(p− pc(x)) in excess of the indifference level

xpc(x) is weighted by the probability that the dealer has the best quote among all dealers that respond to

the RFQ. Since the response of a dealer is uncertain and occurs with probability q < 1, one has to consider

the cases in which j = 0, ...,M − 1 other dealers respond. The right hand side describes the expected profit

for a dealer that quotes pv(x). Since Fx is continuous, this dealer will only sell the asset if no other dealer

responds to the RFQ. This happens with probability (1−q)M−1. In this case, the dealer’s utility will increase

by x(pv(x)− pc(x)) > 0.

The following result gives the closed-form expression for the distribution function Fx that solves (2.17)
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for any x with x(pv(x)− pc(x)) > 0. The last inequality is a necessary condition for the existence of strictly

positive benefits of trade between dealers on the platform and the investor. In the statement of Lemma 11,

we will leave implicit that pc and pv depend on x. In Section 2.5, we will study a version of the model in

which the dealers’ cost pc does not depend on x. Since Lemma 11 holds irrespective of what variables pv

and pc depend on, we will state it without reference to any of those variables.

Lemma 11. Let pc be the dealers’ cost of providing a certain quantity x ∈ R \ {0} of the asset and let pv

denote the investor’s value of acquiring x units of the asset. Let the investor submit an RFQ to M ≥ 2

dealers on the platform to trade quantity x with x(pv − pc) > 0. Let q < 1. Assume that dealers who get

contacted know θ.

If a dealer responds to an RFQ, he will charge a random price that is distributed according to the distri-

bution function Fx. This function is defined by

Fx(p) :=
1

q
− 1− q

q

(
pv − pc
p− pc

)1/(M−1)

. (2.18)

If x > 0, the support of Fx is given by [px, pv], where px is determined by Fx(px) = 0 and satisfies px > pc.

If x < 0, the support of Fx is given by [pv, px], where px is again determined by Fx(px) = 0 and satisfies

px < pc.

In this case, the expected price the investor has to pay for the asset conditional on at least one response

to the RFQ is given by

P (x) := E(p1

∣∣ x, at least one response) =

∫

support(Fx)

pdGx(p) = pc + κ(pv − pc), (2.19)

where the distribution Gx : R→ [0, 1] is defined by

Gx(p) :=
1− (1− qFx(p))M

1− (1− q)M

and

κ :=
Mq(1− q)M−1

1− (1− q)M < 1 ∈ [0, 1) (2.20)

If q = 1, Bertrand competition implies that dealers have to set a price that equal to their cost pc. Thus, the

above expression for P (x) holds for all q ∈ (0, 1].
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Equation (2.19) states that the expected price the investor receives on the platform is equal to the dealers

cost pc plus a fraction of the total gains from trade pv−pc. The fraction of this surplus that the investor has

to pay is equal to κ, defined as in (3.29). Thus, κ can be viewed as the endogenously determined bargaining

power of the dealers. By taking derivatives, it can be shown that κ is decreasing in M and q, which is

consistent with economic intuition. As M becomes larger, competition among the dealers for the business

of the investor increases. This competition is also higher, if the presence of other dealers on the platform

becomes more likely.

Note that the results in Lemma 11 required the assumptions that x(pv − pc) > 0 and that contacted

dealers observe θ+ δ. In the remaining part of this section we will derive an optimal strategy of the investor

that allows both assumptions to hold in equilibrium. We will restrict the possible strategies of the investor

to strategies that are linear in the sum θ + δ. This means that the quantity the investor wants to trade is

a (positive) multiple of θ + δ. It is obvious that dealers then can infer θ + δ from the quantity the investor

wants to trade. However, it is a nontrivial result that the investor finds it indeed optimal to reveal θ+ δ and

the associated information about θ through his choice of the quantity x. The reason why such an equilibrium

is possible, even as the private value δ becomes negligible, lies in the fact that the parameter a as defined

in Proposition 8 is generally less than one. If the investor reveals a given value of θ + δ to the dealers, the

dealers expect a dividend payment equal to ξ as defined in (2.4). The price for the asset in the interdealer

market will be ξa < ξ in expectation. This price in the interdealer market determines the cost for dealers

of providing the asset, which according to Lemma 11 determines the expected price the investor receives on

the platform. If a < 1, the quotes the investor gets on the platform are less sensitive to θ than the investor’s

utility. This makes an equilibrium possible in which the investor partially reveals his information θ to the

dealers.

We now conjecture that the investor’s demand for the asset on the platform is given by

x = α(θ + δ), (2.21)

for some α ∈ R. In the appendix we show that the expected price P (x) from Proposition 11 is linear in

x and ξ:

P (x) = β1ξ + β2x, (2.22)

with β1, β2 ∈ R. From the investor’s conjectured strategy (2.21), the contacted dealers infer θ + δ = x
α .
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Using (2.2), (2.22) and (2.4), the investor’s problem therefore becomes

max
x∈R


(θ + δ)x− x2 γI

2
σ2
ε − x

(
β1

σ2
θ

σ2
θ + σ2

δ

x

α
+ β2x

)
 . (2.23)

Note that (2.23) considers the investor’s expected payoff conditional on at least one response to the RFQ.

Since the probability of this event is exogenous and always gives a zero payoff, it can be neglected. The

first-order condition for (2.23) implies the investor’s optimal demand schedule

x = (θ + δ)
α(σ2

θ + σ2
δ )

2αβ2(σ2
θ + σ2

δ ) + αγIσ2
ε(σ2

θ + σ2
δ ) + 2β1σ2

θ

. (2.24)

Therefore, the investor’s optimal demand is indeed linear in θ+δ. Matching the coefficient in (2.24) with

the conjectured strategy (2.21) gives

α =
σ2
θ + σ2

δ − 2β1σ
2
θ

(2β2 + γIσ2
ε)(σ2

θ + σ2
δ )
. (2.25)

The following proposition summarizes these results and states formal conditions under which the equi-

librium exists.

Proposition 9. The expected price on the platform P (x) from Lemma 11 is linear in ξ and x, as stated in

(2.22). Let M ≥ 2. If

κ <
1

2
, (2.26)

with κ as in (3.29), there is a threshold a > 0, such that the equilibrium on the platform described below

exists if and only if a < a. The last condition holds as N →∞ and σ2
W →∞ or as σδ →∞. The inequality

in (2.26) will always hold for all M ≥ 2, σ2
θ , σ

2
δ > 0 if q → 1. If (2.26) does not hold, the equilibrium does

not exist.

The equilibrium is characterized as follows. The investor submits a demand x as determined in equations

(2.21) and (2.25). The dealers quote independently with probability q according to the distribution function

Fx in (2.18).

One furthermore has 0 < β1 <
1
2
σ2
θ+σ2

δ

σ2
θ

, β2 > −γI2 σ2
ε and α > 0 in each such equilibrium.

With the RFQ trading protocol, an equilibrium with linear strategies described in Proposition 9 is

possible even though a linear equilibrium in double auctions and two strategic traders would not exist due

to correlated values as Du and Zhu (2017) show. With the RFQ trading protocol, only the investor has the
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option to avoid price impact by reducing his demand. The dealers have to take the traded quantity as given

and can merely charge a markup in addition to their cost of providing the asset.

We will illustrate the results derived so far with an example.

2.4.3 A brief example

For illustrative purposes we fix the exogenous parameters as follows: N = 100, M = 10, σε = 1, σW = N ,

σθ = 1, γd = 1, γI = 1, q = 0.3. To illustrate the economic mechanism of our model, we first consider

the case in which θ + δ = 1, which corresponds to a realization one standard deviation above the mean.

Afterwards we consider the case when θ + δ = −1. It is sufficient to only consider the sum of the common

value and the investor’s private, since both the investor’s demand and the dealers’ inferences depend only

on this sum.

In Figure 2.3, θ + δ has the high realization. In Panel (a) we plot the price pv(x) that the investor is

willing to pay for x units of the asset. If the absolute value of x is small, this price is approximately equal

to θ + δ, since the cost of bearing risk is small. The price pv(x) is linearly decreasing in x because of the

quadratic cost of bearing risk. We also plot the dealer’s cost pc(x) of providing x units of the asset, if they

believe the dividend payment is normally distributed with mean ξ and precision σ2
ξ , as defined in (2.4) and

(2.5). One can see that this cost is slightly increasing in x, which represents the difficulty of offsetting the

trade in the interdealer market or with the outside agent, respectively. The average price the investor can

expect conditional on at least one response to the RFQ, P (x), is between the other two curves.

In Panel (b) of Figure 2.3 we keep the investor’s reservation price pv(x), but now look at the average

price dealers quote when they infer the expected dividend level ξ from the investors demand x, one can see

that this price increases faster in x than the cost pc(x) in Panel (a). We also plot the profit the investor gets

for demanding a certain quantity x. This profit is the solution to problem (2.23) weighted by the probability

of at least one response to the RFQ. We see that the optimum is approximately at x = 0.69. This also turns

out to be the value of α. Thus, Panel (b) illustrates that the investor has indeed no incentive to deviate

from the equilibrium strategy determined in the last section.
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Figure 2.3: High realization of θ + δ

0.5 1.0 1.5 2.0

-0.5

0.5

1.0

1.5

pv(x)

P(x)

pc(x)

a: Expected prices and reservation prices if ξ is held fixed.

0.5 1.0 1.5 2.0

-0.5

0.5

1.0

1.5

pv(x)

P(x)

profit

b: Dealers infer ξ from the investor’s demand

In Figure 2.4, we consider the low realization of θ + δ. Comparing Panel a to Panel a in Figure 2.3, we

observe that all curves have been shifted downwards by a constant. The curve of pv(x) has been shifted

downwards more than the curve of pc(x). This has two reasons. First, the dealers’ expectation ξ is a weighted

average between θ + δ and zero, as (2.4) shows. Second, the dealers do not find it as costly to hold a bad

asset as the investor does. The dealers expect to be able to resell the asset again at a favorable price, since

there are many uninformed dealers in the interdealer market. Panel (b) of Figure 2.4 shows a similar picture

as Panel (b) of Figure 2.3. In Figure 2.4, however, the investor sells the asset at a negative expected price.

The investor finds it profitable to do so, since pv(x) indicates that he would be willing to sell the asset at

an even lower price due to the negative expected dividend. The equilibrium strategies have not changed

in Figure 2.3 and Figure 2.4. Therefore, the optimal demand in Figure 2.4 is the negative of the optimal

demand in Figure 2.3, since the respective realizations of θ + δ have the same absolute value in both cases.

Figure 2.4: Low realization of θ + δ
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2.4.4 Competition vs. information leakage

In this section we take a closer look at the equilibrium described in Proposition 9. Specifically, we take a

look how the investor’s profits from trading on the platform are affected by varying the number of dealers

who are contacted on the trading platform.

We define πI as the investor’s ex-ante expected payoff in the equilibrium described in Proposition 9. By

the investor’s utility function (2.2), his equilibrium strategy (2.25) and (2.22), one has

πI = E
[
(1− (1− q)M )(θ + δ)2 1

2
α

]
. (2.27)

Equation (2.27) takes into account that the investor does not receive any quote with probability (1−q)M

and that dealers infer ξ from the investor’s demand.

Our first goal is to study the role of M , the number of recipients of each RFQ. Increasing M has three

major effects that determine the investor’s profit:

• As is evident from (2.27) a higher M increases the probability of a trade 1− (1− q)M , whenever q < 1.

Holding everything else equal, this increases expected profits.

• A higher M increases the fraction of informed dealers in the interdealer market. One can verify that a

as defined in (3.6) is strictly increasing in M for M < N . This makes prices in the interdealer market

more informative and it therefore becomes more difficult to offset any inventory that was acquired on

the platform.

• A higher M decreases κ, as mentioned in the discussion after Lemma 11. Therefore, the bargaining

power of the investor increases, which has a positive effect on his profit.

Considering these three bullet points, the investor’s profit should be maximal for M = 2, if q = 1. If

q = 1, one has κ = 0 and 1 − (1 − q)M = 1, i.e. the investor’s bargaining power is maximal and a trade

happens with probability 1. Then the first and third bullet point above become irrelevant and increasing M

is only associated with the cost of information leakage, discussed in the second bullet point. The following

proposition formally confirms that the conclusion of the above heuristic reasoning is indeed true. Since we

focus on the cost of information leakage we assume for better algebraic tractability that there are no private

benefits, i.e. σδ = 0.

Proposition 10. Let 2 ≤ M and q = 1 and σδ = 0. The equilibrium described in Proposition 9 exists if

and only if a is below a certain threshold a, with a < 1
2 . In this equilibrium, one has β1, β2, α > 0.
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Furthermore, the equilibrium exists for any other choice of the number M ′ of dealers to contact with

2 ≤ M ′ < M . If M = 2, the payoff for the investor is higher than in any other possible equilibrium with

M > 2.

When q < 1, the investor has incentive to contact more dealers, i.e. M ≥ 2. Because when q 6= 1, the first

and third effects turn out to be relevant: increasing M will improve the probability of trading , as well as

the bargaining power of the investor. But at the same time, the cost of information leakage is also increased

(second bullet point).

The following proposition states that M sometimes has to be larger than a certain threshold in order for

an equilibrium to exist in the first place. If q is relatively small, the bargaining power κ of dealers may be so

high that investors do not want to incur any price impact they have on the trading platform. Increasing M

lowers this bargaining power. Under the condition that prices in the interdealer market remain sufficiently

uninformative, an equilibrium exists for a sufficiently large M . On the other hand, there is a clear upper

bound on the possible number of dealers that are contacted on the platform for which an equilibrium exists.

In particular, if more than half of the dealers are contacted and there is strong asymmetric information

about the asset’s payoff (σδ = 0), an equilibrium cannot exist, because information leakage on the platform

is too strong.

Proposition 11. Let σ2
δ = 0. If M > 1

2N , there is no equilibrium on the trading platform as described in

Proposition 9.

If q <
1+

√
1− 2(a(2)2−5a(2)+2)

a(2)2−5a(2)+4

2 , there is no such equilibrium with M = 2. If furthermore a < ā, for an

ā ∈ (0, 1
2 ), then there is such an equilibrium with M ≥ 3.

2.4.5 Price impact

In this section we want to relate our theoretical results to the empirical findings of Collin-Dufresne et al.

(2017). In particular, we want to study the price impact that an investor faces on the trading platform and

the price impact that dealers face in the interdealer market. The total price impact a trader faces can be

decomposed as

price impact = permanent impact + transitory impact.

Collin-Dufresne et al. (2017) find that price impact in the D2C segment is higher than in the D2D

segment. This difference is largely due to a difference in the permanent price impact.
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We now want to derive the price impact and find analogues in our model that correspond to a permanent

component and a transitory component. As commonly argued in theoretical studies (Sannikov and Skrzypacz,

2016; Kyle et al., 2017), the study of price impact is an off-equilibrium analysis. We will therefore assume an

equilibrium as described in Proposition 9 and examine how the price a trader faces changes if the demanded

quantity changes.

Equation (2.19) in Lemma 11 directly provides an expression of the expected price an investor receives

on the platform. If the investor changes his demanded quantity x, then pv and pc in (2.19) and consequently

the expected price for this quantity will change. Since the model presented in this paper is static, we have to

find a decomposition of this price impact that would correspond to a decomposition into a permanent and

a transitory component in a dynamic model. In empirical studies in Market Microstructure, it is generally

assumed that the transitory component reflects a markup of the dealers, whereas the permanent component

reflects the cost of the dealers of providing the asset due to future price changes. In our following analysis,

we adopt this interpretation. We say that the price impact is permanent, if it was caused by a change in the

dealers’ cost of providing the asset.5 Therefore, we define

PI :=
∂

∂x
pc(x) (2.28)

as the permanent price impact of the investor, because (2.28) reflects the change in the price that is due

to an increase in the dealers’ cost of trading the asset.

In the following, we will consider pc as defined in (2.15). Due to adverse selection, we also need to

take into account that the dealers form their expectation ξ about the dividend payment based on (2.4) and

(2.21). The following proposition contains some statements about the price impact on the platform and in

the interdealer market.

Proposition 12. The (permanent) price impact an informed dealer faces in the interdealer market is given

by −b, where b is defined as in Proposition 8. Without adverse selection (dealers do not update their belief

ξ), one has

PI < −b,

i.e. the permanent impact on the trading platform is smaller then the permanent impact the dealers face in

5This assumes that changes in the dealers’ cost have no transitory component. Transitory changes in the dealers’ cost may
arise due to inventory holding costs or order processing costs. In our model, dealers can immediately offset their inventory and
the interdealer market is competitive. Order processing is costless. Therefore, such transitory components of dealers’ costs are
not present in our model.
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the interdealer market. In the presence of adverse selection and ρ =
σ2
θ

σ2
θ+σ2

δ
> 1/4, one has

PI > −b.

The dealers’ permanent price impact −b derived in Proposition 12 is due to a change in the uninformed

dealers’ belief about the dividend payment and a permanent change in the aggregate inventory held by other

dealers in the interdealer market. Proposition 12 shows that the permanent price impact on the trading

platform higher than the permanent impact in the interdealer market if and only if investors know more

about the asset than dealers do. If there is no adverse selection and dealers do not update their belief

about the asset’s payoff, the dealers’ cost of providing the asset changes by a lower rate than the price in

the interdealer market would when trading the same quantity. This result is due to the dealers’ optimal

portfolio choice in period 2. A dealer could always offset the investor’s demand in the interdealer market

with price impact −b. If the investor however changed his demanded quantity, the dealer would, due to risk

sharing considerations, in general not offset the total amount of this quantity in the interdealer market. Due

to optimality of the dealer’s portfolio choice, the dealer must be able to provide the quantity at a lower price

than the one he would pay for this quantity in the interdealer market.

In the presence of adverse selection, however, the permanent price impact on the trading platform is

higher than the permanent price impact the dealers face in the interdealer market. This makes our model

(which assumes information asymmetries) consistent with the findings of Collin-Dufresne et al. (2017) that

the permanent price impact is higher on the trading platform than in the interdealer market.

2.5 Centralized trading vs. electronic trading via RFQs

This section develops the market-design implications of our model. Our final goal is to characterize situations

in which investors are better off trading in a centralized market and when an OTC market can improve their

utility. In order to do this, we extend our previous model from to the case in which there is a continuum of

investors of measure µ who all know the realization of θ in the beginning of period 1.6 The investors’ utility

function is still give by (2.2). The risk-aversion parameter γI is the same for all investors. The investors

receive a private benefit δi, where as before δi ∼ N (0, σ2
δ ). The private benefits for different investors are

essentially pairwise independent for different investors. This assumptions lets us apply the exact law of large

6Formally, let (Ω,F) denote the measurable space of investors. Then there is a bijective measurable map Φ : Ω→ [0, µ] and
the measure of any set of investors F ∈ F is equal to the Lebesgue measure of the set Φ(F ).
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numbers of Sun (2006b). The model assumptions about the dealers are as in Section 2.3, except that we do

not assume the presence of an outside agent in this section. Before we establish an equilibrium in the OTC

market, we quickly describe how the investors would trade in a centralized market.

2.5.1 The centralized-market benchmark

Investors trade through double auctions in the centralized market. In these double auctions, each investor

specifies a demand schedule, i.e. conditional on each price p ∈ R the investor specifies a quantity he wants to

trade. The equilibrium price in the centralized market will be the market-clearing price. The market clearing

price will be the unique price for which the investors’ aggregate demand is equal to the aggregate supply of

the asset (zero). The specification of the investor’s utility function (2.2) gives the following maximization

problem for each investor for each p ∈ R:

max
xi∈R

[
xi(θ + δi − p)−

γIσ
2
ε

2
x2
i

]
,

where xi denotes the quantity the investor demands given the price p on the exchange.

The sufficient first-order condition for the above optimization problem gives

xi =
θ + δi − p
γIσ2

ε

,

To determine the market-clearing price, we substitute each investor’s demand schedule xi into the market

clearing condition,
∫
xidi = 0.7 We get

0 = µ
θ

γIσ2
ε

− µ p

γIσ2
ε

⇔ p = θ ,

where we have used the fact that
∫
δidi = 0 almost surely by the exact law of large numbers.

Using each investor’s optimal demand schedule, the utility function (2.2) and the fact that the market

clearing price is given by θ, we can define each investor’s ex-ante payoff:

πci := E

(
1

2

(θ + δi − p)2

γIσ2
ε

)
=

1

2

σ2
δ

γIσ2
ε

. (2.29)

Equation (2.29) states that the centralized market realizes all the gains from trade that arise due to

dispersed private values. When all investors have the same valuation of the asset (σ2
δ = 0), no trade happens

7The notation di means that we integrate with respect to the measure on set of investors defined in Footnote 6.
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and the investor’s profits become zero. Each investor’s profit decreases if the cost of bearing risk increases.

2.5.2 Electronic trading with a continuum of investors

The model with a continuum of investors is very similar to the model with one investor. It will turn out

that a continuum of investors allows us to derive an equilibrium without the assumption of an outside agent.

We will let the mass of investors have a measure µ ∈ (0,∞). In period 1, all investors submit RFQs to M

dealers. Afterwards, dealers trade in the interdealer market. All investors contact the same M dealers at

the same time. The dealers then independently respond with a probability q to each RFQ. As before, we

will determine the equilibrium in this model by backward induction.

Since there is no outside agent anymore in this section, uninformed dealers in the interdealer market

take into account that the aggregate supply of the asset is correlated with the investors’ information about

the dividend level θ. We will conjecture that each investor demands a quantity xi on the trading platform,

where

xi = α1θ + α2δi, (2.30)

for some α1, α2 ∈ R. As in Section 2.4, it will turn out that an investor always trades the asset if he

receives a quote on the trading platform. Since each dealer responds independently with probability q to

each RFQ, the an investor is able to trade the asset with probability P(trade) = 1− (1− q)M . By the exact

law of large numbers and (2.30), the investors’ aggregate demand traded on the platform given by

Xagg :=

∫
P(trade)(α1θ + α2δi)di = (1− (1− q)M )

∫
(α1θ + α2δi)di = (1− (1− q)M )µα1θ, (2.31)

where the last equality holds almost surely. By symmetry, each dealer gets an equal fraction of this

aggregate demand. We define Xk := −XaggM as the inventory of each dealer k ≤ M who gets contacted on

the trading platform. From the dealers’ utility function (2.1), one obtains the optimal demand schedule qk

for each dealer k ≤M :

qk =
θ − p2

γdσ2
ε

+XK . (2.32)

Notice that Xk is a multiple of θ, this will simplify the inference problem that the uninformed dealers
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face in the interdealer market. Analogously to Section 2.4, we conjecture that the market-clearing price in

the interdealer market is given by

p2 = aθ + bW, (2.33)

where W is the noise in the aggregate supply of the asset. The uninformed dealers use the normal

projection theorem obtain the distribution of the dividend payment conditional on the market-clearing price

p2. The dealers’ utility function (2.1) now gives the optimal demand

qk =
E(D|p2)− p2

V(D|p2)
(2.34)

for the uniformed dealers who do not get contacted on the trading platform. Analogously to Proposition

8, we now state the equilibrium in the interdealer market, conditional on the investors’ trading strategy

(2.30).

Proposition 13. For any given α1, there is a rational expectations equilibrium such that the market clearing

price is given by (2.33). Define

ϕ : = (1− (1− q)M )µ, (2.35)

τu : =
1

V ar(D|p2)
=

1

σ2
θ + σ2

ε − ψσ2
θ

, (2.36)

ψ : =
a2σ2

θ

a2σ2
θ + b2σ2

W

=
σ2
θ

σ2
θ +

(
γd

Mτε+γdϕα1

)2

σ2
W

(2.37)

Then a and b are given by

a =
Mτε + γdα1ϕ+ (N −M)ψτu

Mτε + (N −M)τu
(2.38)

and

b = − γd
Mτε + γdϕα1

a, (2.39)

One has a > 0. One also has a ≤ 1 with a strict inequality if M < N .

Lemma 11 gives the dealers optimal quoting strategy for any aggregate quantity Xk that dealer k trades
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with the investors and any demand xi they face from an individual investor i. There is only a slight difference

between the case in Section 2.4 and the setup considered here. Whereas the aggregate demand a dealer faced

was equal to the demand by the single investor in Section 2.4, the quantities xi and Xk are different here.

Using Lemma 11 and taking account of this difference gives the expected price P (xi), investor i gets for his

demand xi conditional on at least one response to the RFQ:

P (xi) = pc(Xk) + (pv(xi)− pc(Xk)
Mq(1− q)M−1

1− (1− q)M . (2.40)

We already determined in (2.30) which form each investor’s demand xi takes. We also know the quantity

Xk given these individual demand schedules. We now determine the values of pv(xi) and pc(Xk), so that we

can use (2.40) to determine the expected price that each investor faces for his demand.

We define this dealer’s value function that maps his inventory after period 1 Xk to expected utility as

Vk,1(θ,Xk) := Ek
[
D(qk −Xk)− p2qk −

γd
2
σ2
ε(qk −Xk)2

]
, (2.41)

where we used the dealer’s utility function (2.1).

Having obtained the dealer’s utility Vk,1(θ,Xk) when holding Xk units of the asset, we define the dealer’s

break even price pc(X) such the payment compensates for the marginal cost of holding an additional marginal

unit of the asset. The resulting expression is stated in the following Lemma.

Lemma 12. Conditional on the equilibrium inventory of dealer k ≤M , the dealer’s equilibrium break-even

price for for the asset is given by

pc(Xk) := − ∂

∂Xk
Vk,1(ξ,X) = aθ − b (1− a)θ

γdσ2
ε

+ b
ϕ

M
α1θ, (2.42)

where a, b, ϕ are defined as in Proposition 13.

Given that a dealer inferred the realization of θ from the investors’ demand, a dealer can infer the private

value δi of investor i from this investor’s individual demand and (2.30). Given the investor’s demand for xi

units of the asset, a dealer can infer the maximum price the investor is willing to pay for these xi units by

using (2.2):

pv(xi) := θ + δi −
γI
2
xσ2

ε . (2.43)

Using (2.31), (2.42) and (2.42), one can rewrite (2.40) as
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P (xi) = β1θ + β2xi, (2.44)

for some β1, β2 ∈ R stated in the appendix. We now determine the optimal amount xi that an investor

wants to demand given that the expected price he faces on the platform is given by (2.44). The maximization

problem of investor i is given by

max
x∈R

[
(θ + δi)xi − x2 γI

2
σ2
ε − xi (β1θ + β2xi)

]
. (2.45)

The expression in (2.45) considers the investor’s expected payoff conditional on at least one response to

the RFQ, since the investor’s payoff is maximized when his payoff conditional on at least one response is

maximized. The first-order condition to the problem in (2.45) gives the investor’s optimal demand schedule

x = θ
1− β1

2β2 + γIσ2
ε

+ δ
1

2β2 + γIσ2
ε

. (2.46)

One can immediately determine α1 and α2 from (2.30) by looking at (2.46):

α1 =
1− β1

2β2 + γIσ2
ε

, (2.47)

α2 =
1

2β2 + γIσ2
ε

. (2.48)

We are now ready to establish the existence of an equilibrium.

Proposition 14. The expected price on the platform P (xi) that an investor gets on the platform for his

demand xi is given by (2.44) for some β1, β2 ∈ R. Let M ≥ 2. There is an equilibrium on the platform

described below if and only if M < N and

κ =
Mq(1− q)M−1

1− (1− q)M <
1

2
.

The equilibrium is characterized as follows. The investor submits a demand xi as determined in equations

(2.30) with α1, α2 ∈ R, with 0 < α1 < 1 and α1 ≤ α2. The dealers quote independently with probability q

according to the distribution function F in (2.18) with pc(Xk) and pv(xi) given by (2.42) and (2.43).
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2.5.3 Market design

In this section we will use the results derived in Section 2.5.1 and Section 2.5.2 and study when investors

prefer the centralized market and when they prefer the OTC market with an electronic trading platform.

Proposition 14 states that there cannot be an equilibrium on the electronic trading platform if κ ≥ 1
2 or

N = M . In this case, there is only an equilibrium in the centralized market. Therefore, we restrict our

further discussion to the case in which κ < 1
2 and M < N . The following claim follows from (2.29) and

Proposition 14.

Proposition 15. Let 0 < κ < 1
2 and 2 ≤ M < N . As σ2

δ → 0, investors prefer to trade in on the trading

platform in the OTC market. As σ2
δ →∞, investors prefer to trade in the centralized market.

If σ2
δ → 0, equation (2.29) implies that investors’ gains from trading in the centralized market go to

zero. However, due to information asymmetries between dealers and investors, investors can still benefit

from trading in the OTC market.

Suppose on the other hand, that σ2
δ > 0 and the mass of investors µ becomes very large. Then holding

everything else constant, the investors’ demand will be very sensitive to variations in θ. In this case, an

equilibrium is only possible if α1, the coefficient in the investors’ demand on θ is very small and investors

will mainly trade based on their private value of holding the asset. If markups in the interdealer market are

positive, investors will therefore prefer to trade in the centralized market instead. The following proposition

proves this statement formally.

Proposition 16. Let 0 < κ < 1
2 , 2 ≤ M < N and σ2

δ > 0. As µ → ∞, investors prefer to trade in the

centralized market.

The proof of Proposition 16 shows that α1 → 0 as µ → 0. According to (2.47), this is equivalent to

β1 → 1, holding everything else equal and noting that by (2.75), β2 is unaffected by µ. Thus, (2.44) implies

that the expected price an investor receives on the platform when µ → ∞ is approximately the sum of the

common value θ of the dividend payment and a markup. In this case, the investors’ gains from trade are

derived mostly from their private values.

So far, we assumed that κ > 0, which lead to positive expected markups for the dealers when quoting

on the trading platform. In the following we consider the case in which q → 1, which leads to κ → 0. If

κ→ 0, these markups become negligible and dealers efficiently intermediate trades between their customers

as if these customers were trading in a centralized market. Furthermore, the probability of not receiving a

quote goes to zero as q → 1. Thus, all the gains from trade that could be realized in the centralized market
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would also be realized in the OTC market. However, investors can still benefit from information asymmetries

between them and the dealers in the OTC market. As q → 1, investors therefore prefer to trade in the OTC

market. This claim is formally proved in the next proposition.

Proposition 17. Let 2 ≤M < N . As q → 1, investors prefer to trade on the trading platform.

2.6 Discussion and concluding remarks

Electronic trading platforms play a central role in today’s OTC markets. The implications of our model are

consistent with recent empirical research that studies OTC markets with electronic trading platforms. One

important feature of our model is information leakage which is studied in Hendershott and Madhavan (2015b)

and Hagströmer and Menkveld (2016). We also showed that information asymmetries between dealers and

investors are a sufficient and necessary condition to generate the price impact patterns observed in Collin-

Dufresne et al. (2017). Therefore, the first part of this paper can be viewed as a theoretical foundation of

several empirical findings in recent research. The model can also be used to evaluate the impact of recent

financial regulation on investors’ trading profits. The Dodd-Frank Act mandates that the most liquid index

CDS in the US are trades on electronic platforms. An RFQ furthermore should be sent to at least three

dealers.8 We show that increasing the number of contacted dealers may decrease investor’s profits if the cost

of information-leakage is high. On the other hand, the number of contacted dealers has to be sufficiently

high in order for an equilibrium to exist, if competition among dealers on the platform (in terms of response

rates) is low.

In the second part of the paper, we considered a hypothetical scenario in which there is either a centralized

exchange or an OTC market and studied the respective implications on investor welfare. Some of our results

are consistent with the recent theoretical literature in the area of market design. That investor welfare is

generally higher on exchanges if the investors associate strong private values with holding the asset, can be

viewed as an analogue to the result of Babus and Parlatore (2017) that there is only a centralized-market

equilibrium if the investors’ values of holding the asset are sufficiently independent. We also emphasize

the role of information asymmetries that becomes important in OTC markets. In this respect our paper is

related to Glode and Opp (2017a). However, the specific trading protocol on electronic trading platforms

features some aspects that are not present in other models of OTC markets. As the RFQ response rate q of

dealers becomes high, our model shows that electronic trading platforms indeed become similar to exchanges,

8See Collin-Dufresne et al. (2017) for an overview of the regulatory changes in the US CDS market.
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in the sense that dealers efficiently intermediate the demand from their customers. This result justifies the

common opinion that electronic trading platforms represent a natural compromise between exchanges and

OTC markets.9

To conclude, we want to make some general remarks on our model assumptions. As every theoretical

model, also the one presented in this paper is build on some simplifying assumptions trading-off analytical

tractability against appropriate representation of the real world. The fact that all investors are equally

informed about the asset’s payoff is certainly not completely realistic, but should capture the general infor-

mation asymmetry between investors and dealers that in many markets seem to exist. To justify the way

we model trading in the interdealer market, we want to refer to the event that made both the academic

world and international regulatory authorities focus so much on OTC markets in the first place: the recent

financial crisis. Arguably, demand for certain credit derivatives originated from informed hedge funds who

wanted to bet against a credit bubble in the US credit market. Some investment banks may have learned

about the value of certain securities from this informed demand and may have tried to use this knowledge

against other less informed investment banks or other clients (which may be represented by noise traders in

our model).

This example also suggests to interpret the welfare results derived from our model with a slight grain

of salt. In this paper, we exclusively focused on investor welfare. While this approach may be viewed

as standard in market design, it does not take into account financial stability considerations that may be

important when determining the optimal level of transparency in the market. If losses to dealers or noise

traders are large, the financial system may very well be affected in ways that cannot be captured in the

model presented here. While the trade-off between the efficient allocation of assets and financial stability

is a common theme in banking, examining the trade-off between investor welfare and financial stability in

OTC markets may be a theme for future research.

2.7 Appendix A

This appendix contains all proofs that have been omitted in the main text.

Proof of Proposition 8. By the conjecture (2.8), the market clearing price p2 is jointly normally distributed

with θ. By the definition of ξ in (2.4), one has

9See Stafford (2016).
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Cov(D, p2) = Cov

(
θ + ε, a

σ2
θ

σ2
θ + σ2

δ

(θ + δ)

)
= aρσ2

θ . (2.49)

Furthermore, one has

V(ξ) = V

(
σ2
θ

σ2
θ + σ2

δ

(θ + δ)

)
= ρσ2

θ . (2.50)

Now (2.49), (2.50) and the normal projection theorem give

E(D|p2) =
aρσ2

θ

a2ρσ2
θ + b2σ2

W

p2 =
ψ

a
(aξ + bW ), (2.51)

V(D|p2) =
1

τu
= σ2

θ + σ2
ε −

a2ρ2σ4
θ

a2ρσ2
θ + b2σ2

W

= σ2
θ + σ2

ε − ψρσ2
θ . (2.52)

Plugging (2.51) and (2.52) into (2.7), using the result with (2.6) in the market-clearing condition (2.9):

Mτξ(ξ − p2)

γd
+

(N −M)τu(ψξ + ψb
a W − p2)

γd
= W

solving for p2 and matching coefficients with (2.8) yields

Mτξ + (N −M)ψτu = [Mτξ + (N −M)τu]a (2.53)

(N −M)τu
ψb

a
− γd = [Mτξ + (N −M)τu]b. (2.54)

Substituting ψ =
a2ρσ2

θ

a2ρσ2
θ+b2σ2

W
into equations (2.53) and (2.54) and solve for a and b gives the expressions in

(3.6) and (3.7).

It is immediately clear from (3.6) that a > 0 if M > 0, since both numerator and denominator are always

positive in this case. Since ψ > 0 it follows also that a ≤ 1, with an equality only if N = M .

Proof of Lemma 10. The dealer’s optimal demand schedule follows directly from the first-order condition

(3.5) by substituting ωk = qk − x. The demand schedules of other informed dealers do not change, since

they do not make inferences from the price in the interdealer market. The dealers who have not been

contacted by the investor perform inferences as described in Proposition 8. One can now conjecture p2 =

aξ + b(W − x). Thus using dealer k’s demand schedule and demand schedules (2.6) and (2.7) for the

other dealers in the market clearing condition and following the exact procedure described in the proof of
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Proposition 8 determines a and b as in 8.

Proof of Lemma 11. Let Fx denote the dealers’ optimal quoting strategy. This means dealers quote a price

p0 that is a random variable with the distribution function Fx.

Let x > 0. Then x(pv − pc) > 0 implies pv > pc. If the dealers’ optimal strategy were such that there is

a p∗ ∈ (pv, pc) such that dealers quote a price p ≤ p∗ with a probability of 1, then a dealer could profitably

deviate from this strategy by quoting pv. This would contradict optimality. On the other hand, quoting a

prices greater than pv with any positive probability cannot be optimal, since the investor would not buy the

asset at that price. Thus, one obtains sup support(Fx) = pv.

Now we show that Fx must be continuous, i.e. there cannot be any atoms in the distribution of p0.

Clearly, quoting a price less than or equal to pc with any positive probability cannot be optimal, since a

dealer would not make any positive profit by doing so, whereas he would make a positive expected profit by

quoting pv. Now, suppose there is a price p′ with pv ≥ p′ > pc that is quoted with probability ρ > 0 by all

dealers.

Then a single dealer could again profitably deviate from this strategy which contradicts optimality. The

profitable deviation is constructed as follows. Since the number of prices charged with positive probability

must be countable, one can find for each δ > 0 an εδ, such that δ ≥ εδ > 0 and the price p′ − εδ is charged

with probability zero by all dealers. The deviating dealer can now charge price p′−εδ with probability ρ and

charge price p′ with probability zero. Using the fact that limδ→0 Fx(p′ − εδ) = Fx(p′) − ρ, one can express

the difference ∆ in profits between the original strategy and the proposed deviation as follows. A dealer

quoting p′ only makes a positive profit if no other dealer on the platform quotes a lower price. If no other

dealer quotes a lower price, there might be j = 0, 1, ...,M − 1 dealers who quote p′ as well. In the latter

case, each of the j + 1 is equally likely to be chosen by the investor for trading the asset. The calculation

below considers the cases in which j dealers quote price p on the platform separately.
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∆ = (1− qFx(p′ − εδ)− qρ)M−1(p′ − εδ − pc)x

−(1− qFx(p′))M−1(p− c)x

+

M−1∑

j=1

(
M − 1

j

)
(1− qFx(p′ − εδ)− qρ)M−1−j(qρ)j(p′ − εδ − pc)x

−
M−1∑

j=1

(
M − 1

j

)
(1− qFx(p′))M−1−j(qρ)j(p′ − pc)

x

j + 1
.

The first two lines in the above expression compare expected profits from quoting p′ − εδ and expected

profits from quoting p′ in the event that all other dealers quote a price above p′. Since limδ→0 Fx(p′ − εδ) =

Fx(p′) − ρ, the difference in these two lines goes to zero as δ goes to zero. The last two lines compare the

respective profits in the cases in which j > 0 other dealers quote p′. Since M ≥ 2, the deviating dealer can

get a jump in expected trading volume in this case, since he can avoid ties with other dealers. Therefore one

obtains

∆→
M−1∑

j=1

(
M − 1

j

)
(p′ − pc)

jx

j + 1
(1− qFx(p′))M−1−j(qρ)j > 0 as δ → 0.

Thus, the proposed deviation is profitable for a small δ. In equilibrium, Fx cannot have any atoms.

If x < 0, one verifies analogously to the case of x > 0, that inf support(Fx) = pv must hold for any

optimal strategy. That the distribution cannot have any atoms follows analogously as well.

The dealers are only willing to randomize over prices if they earn the same profit in expectation with

each price in the support of Fx. This profit must be equal to the profit in which the dealer quotes pv(x).

This gives the indifference condition expressed in (2.17).

Using the binomial formula (x+ y)n =
∑n
k=0

(
n
k

)
xn−kyk, (2.17) simplifies to

(p− pc)x(1− qFx(p))M−1 = (1− q)M−1(pv(x)− pc)x,

which can be solved for Fx. The solution is given by (2.18).

Using (2.18) and solving Fx(px) = 0 for px gives

px = pc + (pv − pc)(1− q)M−1.
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Since x(pv − pc) > 0, one obtains px > pc for x > 0 and px < pc for x < 0.

The event that at least one dealer is on the platform happens with probability 1 − (1 − q)M , since all

dealers respond independently with probability q. The unconditional probability that no dealer quotes above

p ∈ support(Fx) can be expressed by (1−qFs(p))M . Therefore, the conditional distribution Gx has to satisfy

G(p)(1− (1− q)M ) = 1− (1− qFx(p))M . Performing a change of variables p = pc + (pv−pc)(1−q)M−1

(1−(1−(1−q)M )u)(M−1)/M ,

one can calculate

∫

support(Fx)

pdGx(p) =

∫ 1

0

[
pc +

(pv − pc)(1− q)M−1

(1− (1− (1− q)M )u)(M−1)/M

]
du = pc +

(pv − pc)(1− q)M−1

1− (1− q)M Mq.

The claim that 0 ≤ κ < 1, can be shown as follows. That 0 ≤ κ is immediately clear from the definition

(3.29). The other inequality can be seen as follows.

• κ as a function of q is strictly decreasing in q for all q ∈ (0, 1], since

∂κ

∂q
=
−M(1− q)M−2

[
(1− q)M +Mq − 1

]

(1− (1− q)M )2
< 0

for q ∈ (0, 1].

• By L’Hospital’s rule, one has

lim
q→0

κ =
limq→0(M(1− q)M−1 −M(M − 1)q(1− q)M−2)

limq→0M(1− q)M =
M

M
= 1.

The last two bullet points imply κ < 1 for all q ∈ (0, 1].

This proves all statements in the lemma.

Proof of Proposition 9. Claim 1: The expected price on the platform is linear in ξ and x. Define

β1 :=

[
1− Mq(1− q)M−1

1− (1− q)M

][
a− (1− a)b

γdσ2
ξ

]
+
Mq(1− q)M−1

1− (1− q)M

(
1 +

σ2
δ

σ2
θ

)
(2.55)

and

β2 :=

[
1− Mq(1− q)M−1

1− (1− q)M

][
−b− b2

2γdσ2
ξ

]
+
Mq(1− q)M−1

1− (1− q)M

(
−γIσ

2
ε

2

)
. (2.56)
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Using the definitions of pc(x) and pv(x), it follows by direct computation that P (x) as defined in Lemma

11 is given by (2.22).

Claim 2: Let M(1−q)M−1

1−(1−q)M < 1
2 . An equilibrium exists if and only if a < a for some a ∈ R.

To verify the existence of the described equilibrium, there are several things to check. The strategy (2.25)

is well-defined if

2β2 + γIσ
2
ε 6= 0. (2.57)

Furthermore, the investor’s second-order condition from the maximization problem (2.23) requires

− γIσ2
ε −

(
2

σ2
θ

σ2
θ + σ2

δ

β1

α
+ 2β2

)
< 0. (2.58)

In order to apply Lemma 11 we also need to verify that

x(pv(x)− pc(x)) > 0 (2.59)

for holds for any x 6= 0 demanded by the investor in the proposed equilibrium.

If (2.57), (2.58) and (2.59) hold, one can use Lemma 11 to see that there exist optimal strategies for

the dealers that yield P (x) as the expected price on the platform conditional on at least one response. As

demonstrated in the text, the stated strategy for the investor (2.25) indeed solves the first order condition

(2.24), given that dealers rationally infer θ + δ from the investor’s demand. Thus, both dealers and the

investor behave optimally given the strategies of the others and an equilibrium is established.

The strategy of the proof of this claim is as follows. We will assume that the average price is given by

the expression in Lemma 11. We then show that the investor’s strategy is well-defined so that the first-order

and second-order conditions of the maximization problem (2.23) are satisfied. We that verify that in this

case

In order to prove our claim, we first note that (2.59) is satisfied in this case, so that dealers indeed find

it optimal to quote as described in Lemma 11.

For the following proof, it is worth noting that Lemma 11 states that

0 ≤ κ < 1 (2.60)

for all q ∈ (0, 1] and M ≥ 2.
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,,⇒”: Proof that equilibrium exists under the stated conditions.

Let now κ < 1
2 .

We rewrite (2.55) and (2.56) as using b = −γdσ
2
ξ

M a:

β1 = (1− κ)

(
a+

(1− a)a

M

)
+ κ

σ2
θ + σ2

δ

σ2
θ

> 0, (2.61)

β2 = (1− κ)

(
γdσ

2
ξ

M
a−

a2γdσ
2
ξ

2M2

)
− κ

(
γIσ

2
ε

2

)
> −γIσ

2
ε

2
, (2.62)

where the inequalities follow from (2.60) and 1 ≤ a > 0.

Define

Ψ :=
σ2
θ + σ2

δ

σ2
θ

1
2 − κ
1− κ > 0

and define a as the smaller solution to the quadratic equation

a+
(1− a)a

M
= Ψ,

if there is a real solution to the equation. Set a = 1 otherwise. Then it follows from (2.61) that

β1 <
1

2

σ2
θ + σ2

δ

σ2
θ

,

if a < a.

Thus, all that remains to show is that there is an equilibrium if the last inequality involving β1 holds.

As described above it is sufficient to check that (2.57), (2.58) and (2.59) hold. It is immediately clear from

(2.62) that (2.57) always holds for any set of parameters.

Regarding (2.58), note that using (2.25), (2.62) and the assumption on β1 imply α > 0. Using (2.61),

one therefore obtains

−γIσ2
ε −

(
2

σ2
θ

σ2
θ + σ2

δ

β1

α
+ 2β2

)
< 2

σ2
θ

σ2
θ + σ2

δ

β1

α
+ 2β2 < 0.

Thus, the investor’s second-order condition holds if β1 <
1
2
σ2
θ+σ2

δ

σ2
θ

.

Lastly, we check that (2.59) holds which justifies the use of Lemma 11 for determining the expected price

on the platform. Note that by optimality of the investor’s choice of x and α > 0, it follows that the investor
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makes a positive profit if x 6= 0 This can be seen, since the investor could always make a zero profit by not

trading, but instead chooses a different x. By the convexity of the maximization problem (2.23), the optimal

quantity is uniquely determined and therefore must give a positive profit. This implies

x(pv(x)− pc(x)) ≥ x(pv(x)− pc(x))(1− κ) = x(pv(x)− P (x)) > 0.

Therefore (2.59) indeed holds and Lemma 11 can be used to determine the dealer’s quoting strategies on

the platform.

Since (2.57), (2.58) and (2.59) indeed hold, the equilibrium exists.

,,⇐”: Proof that equilibrium does not exist if a ≥ a.

The definition of a and β1 imply that β1 ≥ 1
2
σ2
θ+σ2

δ

σ2
θ

if a ≥ a. If the last inequality is an equality, it follows

that α = 0. This means, the investor does not trade and the quoting strategies of the dealers are not defined.

Let the inequality be strict. Note that by (2.61), κ ∈ [0, 1] and a ∈ [0, 1], one has β1 ≤ a+ (1− a) = 1. This

in turn implies

1

1− 2β1
σ2
θ

σ2
θ+σ2

δ

> −1.

One now obtains

−γIσ2
ε −

(
2

σ2
θ

σ2
θ + σ2

δ

β1

α
+ 2β2

)

= −γIσ2
ε + 2β2 − 2

2β2 + γIσ
2
ε

1− 2β1

σ2
θ

σ2
θ + σ2

δ

β1

> −γIσ2
ε + 2β2 + 2(2β2 + γIσ

2
ε)

σ2
θ

σ2
θ + σ2

δ

β1

> −γIσ2
ε + 2β2 + (2β2 + γIσ

2
ε) = 0.

Therefore, the second-order condition for the investor’s maximization problem (2.23) is not satisfied.

Thus, the investor’s strategy is clearly not optimal and the described equilibrium does not exist.

Claim 3: The equilibrium does not exist if κ ≥ 1
2

In this case, a ≥ 0 and (2.61) imply β1 ≥ 1
2
σ2
θ+σ2

δ

σ2
θ

. The prove that the equilibrium doe not exist is

identical to the proof in Claim 2.

Claim 4: a→ 0 as N →∞ and σW →∞.
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By equation (3.6), one can see that

lim
σW→∞

lim
N→∞

a = lim
σW→∞

lim
N→∞

Mτξ
N−M + ψτu
Mτξ
N−M + τu

= lim
σW→∞

ψ

= 0.

Claim 5: An equilibrium exist if κ < 1
2 and σδ →∞. As σδ → ∞, one has Ψ → ∞. This means a +

(1−a)a
2M < Ψ for all a ∈ R and in particular for all a ∈ (0, 1] As shown in the proof of Claim 2, this implies

β1 <
1
2
σ2
θ+σ2

δ

σ2
θ

and the equilibrium exists.

Proof of Proposition 10. We divided this proof into several steps. The first step is an auxiliary result that

will be used later in the proof.

Step 1: ∂a
∂M ≥ 1

M a(1− a).

Since σδ = 0, we get σξ = σε and ρ = σ2
θ . We now rewrite a as defined in (3.6) as

a = 1− γ2
dσ

4
εσ

2
W (N −M)

M2Nσ2
θ + γ2

dMσ2
εσ

2
θσ

2
W + γ2

dNσ
4
εσ

2
W

(2.63)

Using the expression in (2.63), one obtains by direct calculation and simplifying terms that

∂a

∂M
− 1

M
a(1− a) =

γ2
dMσ4

εσ
2
W

(
γ2
dσ

2
εσ

2
W

(
σ2
ε + σ2

θ

)
+N2σ2

θ

)

(
M2Nσ2

θ + γ2
dMσ2

εσ
2
θσ

2
W + γ2

dNσ
4
εσ

2
W

)2

≥ 0.

This proves the first step

Step 2: The equilibrium exists if and only if a is below a certain threshold.

This result follows directly from Proposition 9 by noting that κ as defined (2.60) is equal to zero if q = 1.

Furthermore, since q = 1, one has Ψ = 1
2 , where Ψ is defined in the proof of Proposition 8. Defining a as in

the proof of Proposition 8, one gets that a is the smaller real solution to

a+
(1− a)a

M
=

1

2
,

which is always greater than zero and less than 1
2 .
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Step 3: There is an equilibrium for all M ′ < M .

In the proof of Proposition 9 it was established that the described equilibrium exists if and only if

β1 <
1
2
σ2
θ+σ2

δ

σ2
θ

. If an equilibrium exists when M dealers get contacted, it consequently must be the case that

β1 <
1
2 . If furthermore, β1 <

1
2 for all M ′ < M , the result follows. The last claim will be shown next. If

q = 1, one has

∂β1

∂M
=

(1− 2a) ∂a∂M
M

+
∂a

∂M
− (1− a)a

M2

=
M + 1− 2a

M

∂a

∂M
− (1− a)a

M2

≥ M + 1− 2a

M

1

M
a(1− a)− (1− a)a

M2

> (3(1− a) + a2)
(1− a)a

M2

> 0.

The third line follows from Step 1. Therefore, one has 0 ≤ β1 <
1
2
σ2
θ+σ2

δ

σ2
θ

for all M ′ < M . Note that event

though M represents an integer in the model, β1 can be interpreted as a function in C1(R).

Step 4: The investor’s payoff is highest if M ′ = 2 compared to all other M ′′ ≤M .

Since we know that a nonzero-trade equilibrium exists for all M ′ < M , we can calculate the investor’s

equilibrium payoff as defined by (2.27).

Using the expressions for β1 and β2 stated in Step 2 and using the definition of α from (2.25), one gets

πI =
σ2
θM

(
2a2 − 2a(M + 1) +M

)

2σ2
ε (2aγdM + γIM2 − a2γd)

.

In equilibrium, one has πI > 0. Since a < a, the numerator in the above expression for πI is positive.

Therefore, the denominator must be positive as well. Interpreting πI as a function in C1(R), one can show

that πI is strictly decreasing in M by showing that ln(πI) is strictly decreasing in M . It then follows that

the lowest possible M ′, i.e. M ′ = 2 is profit maximizing among all possible values less than M .

∂

∂M
lnπI =

M
(

4a ∂a
∂M − 2(M + 1) ∂a∂M − 2a+ 1

)
+
(
2a2 − 2(M + 1)a+M

)

M
(
2a2 − 2(M + 1)a+M

)

−2γdM
∂a
∂M − 2γda

∂a
∂M + 2γda+ 2γIM

2γdMa− γda2 + γIM2
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Collecting terms gives

∂

∂M
lnπI =

1

M
+

1

2a2 − 2(M + 1)a+M
− 2a

2a2 − 2(M + 1)a+M

− 2γIM

2γdMa− γda2 + γIM2
− 2γda

2γdMa− γda2 + γIM2
+

+
( 4a

2a2 − 2(M + 1)a+M
− 2(M + 1)

2a2 − 2(M + 1)a+M

2γda

2γdMa− γda2 + γIM2
− 2γdM

2γdMa− γda2 + γIM2

) ∂a

∂M

Since a < a one has a2−a(M + 1) +M/2 > 0. One can now see that the term in front of ∂a
∂M is negative.

Therefore, one can obtain an upper bound for the ∂a
∂M lnπI by plugging in the result from Step 1 for ∂a

∂M .

Simplifying gives

∂

∂M
≤ −2a

(
−2a2(γd − γIM) +Ma(γd − γI(M + 2)) + γda

3 + γIM
2
)

(
2a2 − 2(M + 1)a+M

)
(2γdMa− γda2 + γIM2)

.

The denominator is positive due to a < a. Simplifying the numerator gives

−2γIa
(

2Ma2 − (M + 2)Ma+M2
)
− 2γda

(
a3 − 2a2 +Ma

)
< 0.

Therefore one has ∂
∂M lnπI < 0 and the claim follows.

Step 5: M = 2 is profit-maximizing among all possible values.

Assume there would be an M ′ > 2 such that M = M ′ gives a higher profit than M = 2 in equilibrium. By

Step 3, it must be the case that a < a for M = M ′. Now it follows by Step 3 that having M = 2 gives a higher

profit for the investor than having M = M ′. Thus, contacting only 2 dealers is indeed profit-maximizing.

Proof of Proposition 11. It is shown in proposition 10 that equilibrium exists when a < ā < 1
2 . We now

replace a as defined in equation (3.6):
M2Nσ2

θ+γ2
dσ

2
εσ

2
θσ

2
WM+γ2

dσ
4
εσ

2
WM

M2Nσ2
θ+γ2

dσ
2
εσ

2
θσ

2
WM+γ2

dσ
4
εσ

2
WN

< 1
2 . Equivalently,

M <
1

2

M2Nσ2
θ + γ2

dσ
2
εσ

2
θσ

2
WM + γ2

dσ
4
εσ

2
WN

MNσ2
θ + γ2

dσ
2
εσ

2
θσ

2
W + γ2

dσ
4
εσ

2
W

<
1

2
N.

Therefore, if M > 1
2N , one has a ≥ ā, which implies that the equilibrium does not exist from proposition

10.

In the following, we show that the equilibrium existence condition a < ā is equivalent to M ∈ (M̄1, M̄2),
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where M̄1 and M̄2 are roots to the equation a(M) = ā(M).

First, a(M) is an increasing function of M and lim
M→N

a(M) = 1. In terms of ā(M, q), one can calculate

the two derivatives

∂ā

∂M
= 1−

2M +
κ(1−κ)+M∂κ

∂M

(1−κ)2√
4M2 + 1 + 4M(1− 2Ψ)

,

where ∂κ
∂M = κ

[
1
M + ln(1−q)

1−(1−q)M
]
< 0, so ∂ā

∂M > 0.

And

∂ā

∂q
= −

M
(1−κ)2

∂κ
∂q√

4M2 + 1 + 4M [ κ
1−κ −

σ2
δ

σ2
θ
]

,

where ∂κ
∂q = M(1−q)M−2(1−Mq−(1−q)M )

(1−(1−q)M )2
< 0, so ∂ā

∂q > 0. Thus, ā is an increasing function of both M and q.

Moreover, comparing the the value of a(M) and ā(M, q) at the limits, one gets

lim
M→N

a(M) = 1 >
1

2
> lim
M→N

ā(M, q),

lim
M→2

a(M) < lim
M→2,q→1

ā(M, q),

lim
M→2

a(M) > 0 > lim
M→2,q→0

ā(M, q).

Figure 2.5: Illustration

(a) (b)

So there are maximum two roots to the equation a(M) = ā(M, q) for M ∈ [2, N ]. As has been shown and

demonstrated by figure (2.5) that there exists at least one root when q = 1, since ā(M, q) decreases when q
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decreases, the larger root M̄2 also decreases. Note that ∂2ā(M,q)
∂q2 < 0, implies that the concavity of ā(M, q)

becomes larger , so the smaller root M̄1 increases when q decreases. More specifically,

(1) When q = 1, M̄1 < 0 and M̄2 > 2.

(2) When q ∈ (
1+

√
1− 2(a(2)2−5a(2)+2)

a(2)2−5a(2)+4

2 , 1], M̄1 < 2 and M̄2 > 2.

(3) When q =
1+

√
1− 2(a(2)2−5a(2)+2)

a(2)2−5a(2)+4

2 , M̄1 = 2 and M̄2 > 2.

(4) When q ∈ (q,
1+

√
1− 2(a(2)2−5a(2)+2)

a(2)2−5a(2)+4

2 ), M̄1 > 2 and M̄2 > M̄1 > 2.

(5) When q = q, M̄1 = N , where q is the solution to the equation Nq(1−q)N−1

1−(1−q)N = 1
2 .

(6) When q ∈ [0, q), there is no solution to a(M) = ā(M) and a(M) > ā(M).

The existence of equilibrium is summarized in figure (2.6).

0

No equilibrium

q

2 ≤ M̄1 ≤ M ≤ M̄1

1+

√
1− 2(a(2)2−5a(2)+2)

a(2)2−5a(2)+4

2

2 ≤ M ≤ M̄2

1 q

Figure 2.6: The existence of equilibrium

The above results show that when q <
1+

√
1− 2(a(2)2−5a(2)+2)

a(2)2−5a(2)+4

2 , the equilibrium exists when M̄1 < M < M̄2.

But M̄1 ≥ 2, so there is no equilibrium when M = 2. Moreover, the minimum value of M such that

the equilibrium exist is 3. Overall, we can conclude that when q <
1+

√
1− 2(a(2)2−5a(2)+2)

a(2)2−5a(2)+4

2 , there exists an

equilibrium with M ≥ 3.

Proof of Proposition 12. Using the optimal demand schedule (2.6) for M − 1 informed dealers and demand

schedule (2.7) for the uninformed dealers, where the the conditional beliefs of uninformed dealers are formed

as described in the proof of Proposition 8, the market clearing condition

qk +
∑

l≤M,l 6=k
ql +

N∑

lM+1

= W

can be rearranged as

p2 = b

(
W − (M − 1)ξ

γdσ2
ξ

− qk
)
.
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therefore, one has ∂
∂qk

p2 = −b, whenever dealer k is informed.

If dealers do not update their belief about ξ when the investor changes his demanded quantity x, taking

the derivative of (2.15) w.r.t. x gives the following permanent price impact

∂

∂x
pc = − b2

2γdσ2
ξ

− b < −b.

Using (2.15) and taking into account that the dealers form their expectation ξ about the dividend payment

based on (2.4) and (2.21), one obtains

∂

∂x
pc =

aρ

α
− b− 2(1− a)b ρα + b2

2γdσ2
ξ

=
ρβ̃1

α
+ β̃2

≥ ρβ̃1

α̃
+ β̃2,

where α̃, β̃1 and β̃2 denote the value of α, β1 and β2 when q = 1, respectively. The inequality holds since

α = α̃− κ
1−κ

1
2β̃2+γIσ2

ε

. Replacing α̃ by (2.25), one has

∂

∂x
pc ≥ ρβ̃1

1− 2ρβ̃1

(2β̃2 + γIσ
2
ε ) + β̃2

>
ρβ̃1

1− 2ρβ̃1

2β̃2 + β̃2

=
β̃2

1− 2ρβ̃1

=
−b− b2

2γdσ2
ξ

1− 2ρ

[
a− (1−a)b

γdσ2
ξ

]

=
−b
(
1− a

2M

)

1− 2ρa
(
1− 1−a

M

)

> −b.

The last inequality holds since 1− a
2M > 1− 2ρa

(
1− 1−a

M

)
, that is equivalent to a > 0 > 1−M + 1

4ρ .

Proof of Proposition 13. By the conjecture (2.33), the market clearing price p2 is jointly normally distributed

with θ. One has
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Cov(D, p2) = Cov (θ + ε, aθ) = aσ2
θ . (2.64)

Now (2.64), (2.37) and the normal projection theorem give

E(D|p2) =
aσ2

θ

a2σ2
θ + b2σ2

W

p2 =
ψ

a
(aθ + bW ), (2.65)

V(D|p2) =
1

τu
= σ2

θ + σ2
ε −

a2σ4
θ

a2σ2
θ + b2σ2

W

= σ2
θ + σ2

ε − ψσ2
θ . (2.66)

Plugging (2.65) and (2.66) into (2.34), using the result with (2.32) in the market-clearing condition (2.9):

Mτε(θ − p2)

γd
+MXk +

(N −M)τu(ψθ + ψb
a W − p2)

γd
= W

solving for p2 and matching coefficients with (2.33) yields

Mτε + (N −M)ψτu + γdϕα1 = [Mτξ + (N −M)τu]a (2.67)

(N −M)τu
ψb

a
− γd = [Mτξ + (N −M)τu]b. (2.68)

Solving for a and b gives the expressions in (3.8) and (3.9).

It is immediately clear from (3.8) that a > 0, both numerator and denominator are always positive. Since

ψ > 0 it follows also that a ≤ 1 with a strict inequality only if N = M .

Proof of Lemma 12. To show the second equality in (2.42), we note that the equilibrium price in the inter-

dealer market depends on the aggregate inventory by market clearing. If market clearing holds, then

M∑

l=1

ql +
N∑

k=M+1

ql +W,

where the demand schedules are defined as in (2.32) and (2.34). Using these definitions, the normal projection

theorem to determine the conditional expectations gives and solving the previous equation for p2 gives

p2 =
W −∑M

l=1Xl − θM
γdσ2

ε

aσ2
θ(N−M)

γd(a2σ2
θ+b2σ2

W )
(
− a2σ4

θ
a2σ2

θ
+b2σ2

W

+σ2
ε+σ2

θ

) − N−M
γd

(
− a2σ4

θ
a2σ2

θ
+b2σ2

W

+σ2
ε+σ2

θ

) − M
γdσ2

ε

.
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Using the definition of a and b in Proposition 13, some algebra yields that the denominator on the

right-hand side of the previous equation is equal to 1
b . Therefore, it follows that

∂

∂Xk
p2 = −b. (2.69)

Using E(p2) = aθ, one can now calculate

∂

∂Xk
Ek
[
D(qk −Xk)− p2qk −

γd
2
σ2
ε(qk −Xk)2

]

= aθ − b (1− a)θ

γdσ2
ε

+ bXk.

Since in equilibrium, one has Xk = ϕ
M α1θ, the result follows.

Proof of Proposition 14. Step 1: expressions of β1 and β2

Substituting equation pc(xi) and pv(x) into the price P (x) formula gives

β1 = κ

(
1− α1

α2

)
+ (1− κ)

[
a+

b(1− a)

γdσ2
ε

− bϕα1

M

]
(2.70)

β2 = κ

(
1

α2
− γIσ

2
ε

2

)
. (2.71)

Step 2: Solving α1, α2, β1 and β2

Combing the equations (2.47), (2.48), (2.70) and (2.71) and solving α1, α2, β1 and β2 leads to the following:

α1 =
1− a− b(1−a)

γdσ2
ε

1− bϕ
M

1−2κ
(1−κ)γIσ2

ε

1− 2κ

(1− κ)γIσ2
ε

, (2.72)

α2 =
1− 2κ

(1− κ)γIσ2
ε

, (2.73)

β1 =
a+ b(1−a)

γdσ2
ε
− bϕ

M
1−2κ

(1−κ)γIσ2
ε

1− bϕ
M

1−2κ
(1−κ)γIσ2

ε

, (2.74)

β2 =
κ

2(1− 2κ)
γIσ

2
ε . (2.75)

Note that when κ < 1
2 , one gets α2 > 0 and β2 > 0.

Step 3: Show the existence of α1 ∈ (0, α2] and a ∈ (0, 1]
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We first show that α1 is a decreasing function of a. Secondly, show that a is an increasing function of

α1, then prove that the two curves insect at {α1 × a : (0, α2] × (0, 1]}. Replacing b by equation (3.9) into

formula (2.72) and derive the expression of α1 as a function of a:

α1 =
1

2γdϕ


−Mτε − γdϕα2

(
a

M
+ a− 1

)
+

√
[Mτε + γdϕα2

(
a

M
+ a− 1

)
]2 + 4γdϕα2Mτε(1− a)

(
a

M
+ 1

)


(2.76)

Once a ≤ 1, one could derive that α1 > 0 and further α1 is monotonically decreasing on a. Since

∂α1

∂a
=

α2

2 ( 1
M + 1)

[
Mτε + γdϕα2( aM + a− 1)−

√
[Mτε + γdϕα2

(
a
M + a− 1

)
]2 + 4γdϕα2Mτε(1− a)

(
a
M + 1

)]

√
[Mτε + γdϕα2

(
a
M + a− 1

)
]2 + 4γdϕα2Mτε(1− a)

(
a
M + 1

)

+
α2Mτε(

−2a
M + 1

M − 1)√
[Mτε + γdϕα2

(
a
M + a− 1

)
]2 + 4γdϕα2Mτε(1− a)

(
a
M + 1

)

< 0.

Moreover, one has

lim
a→0

α1 =
1

2γdϕ

[
−Mτε + γdϕα2 +

√
(Mτε − γdϕα2)2 + 4γdϕα2Mτε

]
= α2,

lim
a→1

α1 =
1

2γdϕ

[
−Mτε − γdϕα2 +

√
(Mτε + γdϕα2)2

]
= 0.

Since α1 is monotonically decreasing on a, one gets α1 ∈ [0, α2).

In terms of a, one can rewrite a as a function of α1 by substituting ψ and τu by equations (2.37) and (2.36),

and rearranging:

a =
(Mτε + γdϕα1)2(Nτε + γdϕα1) + γ2

dσ
2
W (τθ + τε)(Mτε + γdϕα1)

(Mτε + γdϕα1)2Nτε + γ2
dσ

2
W τε(Mτε +Nτθ)

Next, one can compute the derivatives of a in terms of α1 as

∂a

∂α1
=

(Mτε + γdϕα1)4Nτε + 2γ2
dσ

2
W τε(Mτε + γdϕα1)2(Mτε +Nτθ) + γ4

dσ
4
W τε(τθ + τε)(Mτε +Nτθ)[

(Mτε + γdϕα1)2Nτε + γ2
dσ

2
W τε(Mτε +Nτθ)

]2

+
γ2
dσ

2
W (N −M)τ2

ε (Mτε + γdϕα1)(Mτε + 2Nτθ − γdϕα1)
[
(Mτε + γdϕα1)2Nτε + γ2

dσ
2
W τε(Mτε +Nτθ)

]2

> 0.
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Moreover, the values at the two bounds:

lim
α1→0

a =
M2Nτ3

ε +Mγ2
dσ

2
W τε(τθ + τε)

M2Nτ3
ε + γ2

dσ
2
W τε(Mτε +Nτθ)

< 1,

lim
α1→+∞

a = +∞,

where the inequality above inequality follows from M < N . So, one gets that a is a monotonically increasing

function of α1 and a ∈ (
M2Nτ3

ε+Mγ2
dσ

2
W τε(τθ+τε)

M2Nτ3
ε+γ2

dσ
2
W τε(Mτε+Nτθ)

,+∞)

Since α1(a) is monotonically decreasing on a and α1 ∈ [0, α2), a(α1) is monotonically increasing on α1 and

a ∈ (
M2Nτ3

ε+Mγ2
dσ

2
W τε(τθ+τε)

M2Nτ3
ε+γ2

dσ
2
W τε(Mτε+Nτθ)

,+∞), by the fixed point theorem, there exists one unique solution (α∗1, a
∗) to

the problem 



a(α1) = a

α1(a) = α1

as demonstrated in figure(2.7).

Figure 2.7: The curves of α1(a) and a(α1)

Step 4: prove that 0 < α∗1 ≤ α2 and 0 < a∗ < 1

First, it’s obvious that α∗1 > 0, we only need to prove that α∗1 ≤ α2. Suppose that α∗1 > α2, then

a(α∗1) > a(α2), since a is an increasing function of α1. Note that when α1 = α2, we have β1 = 1 by

equation(2.47), which implies that a+ b(1−a)
γdσ2

ε
= 1. Further, we get that either a = 1, or a 6= 1 and b = γdσ

2
ε .
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But neither of the solution is consistent with the properties of α1 and a function. On one hand, if a = 1,

then a(α∗1) > a(α2) = 1, which is contrary to a∗ ≤ 1. On the other hand, if b = γdσ
2
ε , then a < 0 by the

equation (3.9), which is also contrary to a > 0. So α∗1 ≤ α2.

Next, we prove that a∗ < 1. Assuming a∗ ≥ 1, then we should have α1(a∗) ≤ α1(1) = 0, which is

contrary to α∗1 > 0. So a∗ < 1. As in the equilibrium, 0 < α1 < α2, one could get that 0 < β1 < 1 since

α1 = (1− β1)α2.

Last, we verify that the second order condition of the maximization problem (2.45) is satisfied when

κ < 1
2 :

−(2β2 + γIσ
2
ε ) = −

(
κ

1− 2κ
γIσ

2
ε + γIσ

2
ε

)
= − 1− κ

1− 2κ
γIσ

2
ε < 0

The fact that Lemma 11 is applicable in order to derive the dealers’ quoting strategies is proved as in

the proof of Proposition 9.

Step 5: Show the equilibrium does not exist when κ ≥ 1
2

First, when κ = 1
2 , one has α1 = 0, α2 = 0 and β2 = +∞ from equation (2.72), (2.73) and (2.71). That

is, the investor does not trade, and the price is not defined since P (xi) =∞. Thus, the equilibrium does not

exist.

Second, when κ > 1
2 , one has β2 < 0, and the second order condition of the optimization problem (2.45):

−(2β2 + γIσ
2
ε ) = −

(
κ

1− 2κ
γIσ

2
ε + γIσ

2
ε

)
= − 1− κ

1− 2κ
γIσ

2
ε > 0.

This means that the investor’s maximization problem does not have a solution and the equilibrium does not

exist.

Proof of Proposition 15. Claim 1: investors prefer to trade on the platform as σ2
δ → 0.

Equation (2.29) implies that each investor’s ex-ante profits go to zero in the centralized market if σδ → 0.

Proposition 14 states that an equilibrium exists if κ < 1
2 . All that is left to show is that expected profits

for each investor remain strictly positive as σ2
δ → 0. This can be seen as follows. From the definition of the

investors’ utility (2.2), the dealers expected quotes conditional on a response on the platform (2.44) and the

investors’ equilibrium strategy (2.30) one obtains the following expression for the expected profit πi of an

investor trying to trade on the platform:
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πi = (1− (1− q)M )E


(α1θ + α2δi)


θ + δ − β1θ − (α1θ + α2δi)

(
γIσ

2
ε

2
+ β2

)



 . (2.77)

As σ2
δ → 0, one obtains from (2.77) that

πi → (1− (1− q)M )α1σ
2
θ


(1− β1)− α1

(
γiσ

2
ε

2
+ β2

)


= (1− (1− q)M )α1σ
2
θ

[
(1− β1)− α1

1

2α2

]

= (1− (1− q)M )α1σ
2
θ

[
(1− β1)− 1− β1

2

]

> 0,

where the second line follows from the expressions for β1 and α2 in (2.72) and (2.75). The third line

follows from the expressions for α1, α2 in (2.47) and (2.48). The inequality follows from α1 > 0 and (2.74),

which implies β1 < 1, since b < 0 and a < 1 by the proof of Proposition 14. This proves the first claim.

Claim 2: investors prefer to trade in the centralized market as σ2
δ →∞.

Computing the expectation in (2.77) gives

πi = (1− (1− q)M )





α1σ
2
θ


(1− β1)− α1

(
γiσ

2
ε

2
+ β2

)


︸ ︷︷ ︸
A

+α2σ
2
δ


1− α2

(
γiσ

2
ε

2
+ β2

)


︸ ︷︷ ︸
B





(2.78)

In the(2.78), A is not affected by σ2
δ . Using the expressions for β1 and α2 in (2.72) and (2.75), one gets

B =
1− 2κ

1− κ
σ2
δ

2γIσ2
ε

=
1− 2κ

1− κ π
c
i , (2.79)

where πci is the expected profit of the investor in the centralized market as defined in (2.29). It trivially

follows that πci →∞ as σ2
δ →∞. Therefore, it follows that

lim
σ2
δ→∞

πi
πci

= lim
σ2
δ→∞

(1− (1− q)M )
A+ 1−2κ

1−κ π
c
i

πci
= (1− (1− q)M )

1− 2κ

1− κ < 1,
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because of our assumption κ > 0. Therefore, investors will have a higher expected payoff in the centralized

market as σ2
δ →∞.

Proof of Proposition 16. We will show that the term denoted by A in (2.78) goes to zero as µ → ∞. Then

it follows from (2.79) and κ > 0 that πi < πci as µ→∞, with πi < πci defined as in (2.77) and (2.29).

In order to show A → 0 as mu → ∞, it is sufficient to show that α1 → 0 as mu → ∞, since β2 is by

(2.75) unaffected by µ and β1 is by (2.74) between zero and one.

We show In order to show A → 0 as mu → ∞ as follows. Define the function a(·) as in the proof of

Proposition 14. It has been shown in the proof of Proposition 14 that α1 > 0 for any µ > 0 must hold in

equilibrium. For any fixed α1 > 0, one has a(α1)→∞ for µ→∞. The equilibrium condition a(α1) = a < 1

can only hold if α1 → 0 for µ→∞ (since a(·) is monotone increasing with limα1a(α1) ∈ (0, 1)). This proves

the claim.

Proof of Proposition 17. Using (2.78), (2.79) and (2.29), one gets

lim
q→1

(πi − πci ) = lim
q→1

A,

where A is defined as in (2.78). We proceed as in the proof of Proposition 15:

lim
q→1

A = lim
q→1

α1σ
2
θ


(1− β1)− α1

(
γiσ

2
ε

2
+ β2

)


= lim
q→1

α1σ
2
θ

[
(1− β1)− α1

1

2α2

]

= lim
q→1

α1σ
2
θ

[
(1− β1)− 1− β1

2

]

> 0,

where the second line follows from the expressions for β1 and α2 in (2.72) and (2.75). The third line

follows from the expressions for α1, α2 in (2.47) and (2.48). The inequality follows from α1 > 0 and (2.74),

which implies β1 < 1 as q → 1, since b < 0 and a < 1 by the proof of Proposition 14.
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Chapter 3

Informed Traders and Dealers in the

FX Forward Market (joint work with

Pierre Collin-Dufresne and Peter

Hoffmann)

3.1 Introduction

The two-tiered market structure, where clients’ trades are intermediated by dealers who can trade amongst

each other in an interdealer market, remains prevalent in many OTC markets including fixed income, credit,

and foreign exchange. In theory, such a structure may naturally arise if clients are differentially informed,

and can signal their type to dealers who can price-discriminate (Seppi (1990b), Lee and Wang (2019)). More

recently, Glode and Opp (2016, 2019) argue that, in the presence of asymmetric information, intermediation

chains may be needed to generate efficient trading behavior. A property of these intermediation chains is

that trades are expected to occur between counterparties that are similarly informed. In practice however,

it is less clear how these efficient intermediation chains can arise1 and whether we can empirically observe

that trading relationships are, at least to some extent, determined by informedness of the different traders.

1Glode and Opp (2016, 2019) consider the case in which the trading network is held fixed. If this would not be the case,
informed traders had incentives to choose less informed counterparties.
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In this paper we use data on foreign exchange transactions made available through the European Market

Infrastructure Regulation (EMIR) to shed new light on the functioning of one of the largest OTC markets: the

euro-dollar forward exchange rate market. This market is largely two-tiered in that most client transactions

occur with a limited set of dealers and there is a very active interdealer market. Since the data set contains

all the individual transactions in the EU with information on trader identities, we can ask the following

questions. Is there evidence that clients are differentially informed? Is there evidence that dealers are

differentially informed? Are markups charged by dealers related to client and/or dealer informedness? Are

the client-to-dealer (and dealer-to-dealer) trading networks affected by these differences in informedness?

To answer the first question, we measure price impact of individual clients’ trades at different horizons

(1-minute, 30-minutes, 1-day). A positive price impact implies that clients tend to buy (sell) from the dealer

when benchmark rates increase (decrease) subsequent to their trade. Such situation should arise if clients are

on average better informed than dealers about future exchange rate changes. This is the standard adverse

selection mechanism presented in the traditional microstructure literature (e.g., Kyle (1985) and Glosten

and Milgrom (1985)). Of course, it is perhaps less intuitive to think that clients have private information

about future exchange rate fundamentals, which we typically think of as reflecting macro-economic risks.

However, as we show in a simple theoretical model, clients information may pertain to their individual

order flow, which may be correlated with total order flow, which in the short run may affect the change in

exchange rates (see also Evans and Lyons (2002, 2005)). Alternatively, some investors may also be better

at interpreting public news, say about macroeconomic fundamentals, and thus effectively also have private

information about systematic sources of risk (e.g., Kim and Verrecchia (1991)). Empirically, we find that on

average clients’ price impact is highly statistically significant and positive at a 1-minute horizon. At a longer

(1-day) horizon it remains highly statistically significant and positive for hedge funds on average. However,

there is considerable cross-sectional and time-series variation across traders. When we look at the individual

trader level, we find significant persistence in price impact. Breaking down the sample into subperiods,

we find that traders that tend to have a higher price impact in the first subperiod tend to remain in the

high-price impact group in subsequent periods. This suggests that some (groups of) traders are consistently

better informed, in that their trades seem to, on average, correctly anticipate future exchange rate changes.

At some level, these findings are consistent with the original findings of Evans and Lyons (2002), who

documented, using 4 months of data in 1996, that it was possible to predict future exchange rate changes

based on aggregate interdealer order flow. Since, as we show in our theoretical model, one would expect the

interdealer order flow to be driven by their clients’ order flow, it seems natural to anticipate that there should
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be some information in at least some of the clients’ trades. We confirm this intuition by extending the Evans

and Lyons (2002) study to the individual dealer level. Specifically, we investigate whether the aggregated

clients’ order imbalance observed by each dealer allows them to predict future exchange rate movements. We

find strong evidence of predictability at the dealer level. That is, individual dealers could earn significant

Sharpe ratios from trading based on their clients aggregated order flow. However, there is also substantial

cross-sectional variation across dealers. We label the dealers with the highest predictive client order flow,

the ‘informed dealers,’ and we study the characteristics of these dealers and whether we see specific patterns

in the client-dealer trading network. Interestingly, we find that dealer informedness is not isomorphic to the

standard centrality measures such as connectedness. We find that more informed dealers indeed use their

information when giving quotes to traders. Markups are generally higher, the higher the price impact of the

trade. The more informed the dealer, the stronger is this effect. We also find that traders are more likely

to trade with informed dealers if they are informed themselves. Relatedly, for all traders that are not HFT

whose investment horizon is arguably very short, traders are more likely to trade with informed dealers if

volatility, a proxy for adverse selection, is high.

To interpret our empirical findings we develop a simple model of a two-tiered OTC market in which dealers

intermediate trades between their customers and subsequently hedge their inventory risk in an interdealer

market. In this model, order flow is informative about future price changes. Moreover, some dealers may

forecast future price changes better than other dealers. Those dealers not only incorporate some of their

information in their markups, but are also more likely to further attract informed traders due to an adverse

selection problem that the less informed dealers face: If an informed trader asks an uninformed dealer for a

bid and an ask price, this dealer likely has difficulties to respond as the willingness of the informed trader

to buy or sell at a given ask or bid price will mean bad news for the uninformed dealer. On the other hand,

the informed dealer is able to correctly price an asset and is able to make a market for informed traders.

By focusing on the informedness of traders, we extend a growing literature on the network structure of

OTC markets.2 While Wang (2017) develops an inventory-based model of the OTC market structure and

Sambalaibat (2018) develops a model in which dealers specialize on the trading frequency of their clients,

our findings suggest that dealers also specialize based on the informedness of their customers. In the light of

theoretical and empirical results of Babus and Kondor (2018) and Kondor and Pintér (2019) it is surprising

that the more informed market participants have fewer counterparties than their less informed counterparts.

However, this result is not unreasonable, since informed counterparties are especially vulnerable to infor-

2Characteristic for OTC markers is a core-periphery structure, see for instance Abad et al. (2016), Li and Schürhoff (2019)
or Neklyudov et al. (2017).
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mation leakage that arises from being in contact with many counterparties.3 While previous research on a

two-tiered OTC market pointed out the benefits of trading with connected dealers, who can provide more

immediacy (Di Maggio et al. (2017) and Li and Schürhoff (2019)), we show in this paper that it can some-

times be beneficial to trade with a less connected dealer: In the presence of strong information asymmetries,

only informed dealers may be willing to provide quotes to informed traders. However, these dealers generally

have fewer counterparties.

Also Bjønnes et al. (2017) and Ranaldo and Somogyi (2018) study informed trading in the FX market.

The advantage of the EMIR dataset compared to the datasets used in these studies lies in the availability of

the traders’ and the dealers’ identities. Thus, we can not only document the presence of informed trading,

but also study the persistence of informedness and characteristics as well as the trading behavior of informed

traders with different dealers.

In an influential paper, Evans and Lyons (2002) show that aggregate orderflow predicts future price

changes in the FX market. Menkhoff et al. (2017) show that the order flows from different subsets of traders

have different forecasting abilities. We connect to this strand of literature by showing that the order flow

of different dealers has different forecasting abilities. Moreover, the informedness measures we obtain for

traders and dealers allow us to study the traders’ dealer choice problem.

3.2 Data and Summary Statistics

We use three different databases: The EMIR database contains information on derivatives transactions in

which at least one counterparty is located in the EU. We use the full database to which the ESRB and

ESMA have unique access. We focus on the FX forward market for the following reasons. First, it is one of

the largest derivatives markets. As shown in Abad et al. (2016), the FX forward market is the second largest

derivatives market in the EU. While the interest rate swaps (IRS) market is still larger in terms of notional

volume, Abad et al. (2016) show that approximately 85% of notional volume of IRSs is being traded among

G16 dealers and other banks. Nonfinancial firms only generate less than 1% of the notional volume traded

in the IRS market. Traders in the FX forward market are more diverse. Less than 70% of notional volume

is generated among G16 dealers and other banks.

The other two databases we use are the ORBIS database, which contains information on the different

3Hendershott and Madhavan (2015b) argue that information leakage is an important concern when evaluating whether to
contact many dealers via an RFQ trading protocol or a single dealer in the voice market. Hagströmer and Menkveld (2019)
measure information flow between dealers in the FX market and Liu et al. (2018) model the information leakage in a two-tiered
OTC market, showing that informed traders may benefit from limiting the number of contacted dealers.
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types of traders, and the Thomson Reuters Tick History (TRTH) from which we derive benchmark prices

for the forward contracts. The following subsections describe the data in more detail.

3.2.1 EMIR and ORBIS data

We use the EMIR activity report and focusing on the last message submitted for each trade. Moreover,

we look at the period from May 2018 to April 2019 and restrict our attention to transactions that happen

between Monday and Friday as well as between 8am and 8pm UTC and exclude transactions with no reported

price rate, or markups with an absolute value of more than 5 %. How we determine the markup for each

trade is explained further below in this section. As in Abad et al. (2016) and Hau et al. (2019) we use the

ORBIS database to assign a type to each trader. Possible types are FUND, BANK, G16, INSURANCE &

PENSION, NON-FINANCIAL, CENTRAL BANK and EMPTY. Firms not covered by the ORBIS dataset

are also classified as EMPTY. The EMIR database reports only the legal entities that were involved in a

transaction. Many firms, especially the G16 dealers use many legal entities. The ORBIS dataset allows us

to associate each legal entity with its parent company.

Table 3.1: Averages of firm characteristics for D2C market. This table shows the number of firms

for each type in the sample, shows how large the notional volume in EUR per trade involving these firms is

and looks at the trader characteristics for trades involving these firms. The trader characteristics include the

number of monthly counterparties and average monthly trades conditional on trading in that month. The

sample period ranges from May 2018 to April 2019. The last column shows the average maturity (in days)

of the contracts that are traded by the firms of different types. Only trades between dealers and other firms

have been considered when calculating the statistics. Numbers are rounded to the nearest integer or to the

nearest hundred thousand.

trader type # traders avg. notional CPs/month trades/month avg. maturity

CENTRAL BANK 45 35,013,323 5 41 24

EMPTY 14,215 13,395,139 3 144 42

FUND 11,055 10,155,767 4 1,190 38

GOVERNMENT 94 41,151,354 13 1,118 43

INSURANCE & PENSION 524 66,889,994 10 406 36

NON-FINANCIAL 6,739 9,458,687 7 1,349 59
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Virtually no trades in the FX forward dealer-to-customer (D2C) market are cleared through CCPs. Of

almost 3 million trades, we only have less than 500 trades involving CCPs. Table 3.1 considers all customers

that are not CCPs and shows characteristics of D2C trades in our sample for each type of trader. The

average notional of trades by insurers and pension funds is largest. The mean notional volumes of trades by

funds and nonfinancial firms are considerably smaller (EUR 10.2 million and EUR 9.5 million, respectively).

As traders, funds have on average 4 counterparties in a month conditional on trading in the first place.

Firms classified as EMPTY, have even fewer counterparties with on average 3 trading partners per month

conditional on trading in that month. Nonfinancial firms have more counterparties per month, with an

average number of monthly trading partners of almost 7. Governments have the highest number of monthly

counterparties. Similar comments apply to the average number of monthly trades conditional on trading

in the first place. Strikingly, despite having the largest average notional volume per trade, insurance firms

and pension funds are associated with a small number of monthly trades compared to funds or non-financial

firms. One can also see in the last column of Table 3.1 that there is some disperion in the types of contracts

traded across the different types of traders. While central banks rather trade contracts with a short maturity

(24 days), funds, governments and nonfinancial firms trade contracts with longer maturities (38, 43 and 59

days, respectively). Figure 3.5 shows the distribution of maturities across all traded contracts.

Firms that act as dealers in the FX forward market are labelled either as banks or as G16 dealers. Table

3.2 shows the same statistics considered in Table 3.1 for the two types of dealers. The average notional of

trades involving G16 dealers is roughly EUR 15 million which is considerably larger than the average notional

of roughly EUR 7 million of trades between other banks and their clients. Consistent with the core-periphery

structure described in Abad et al. (2016) and analogous findings for other OTC markets, G16 dealers have a

lot more monthly counterparties and on average much more monthly trades than other banks. The average

maturities of the contracts traded by the two different types of intermediaries are relatively similar.
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Table 3.2: Dealer characteristics in the D2C market. This table shows the number of firms for each

type in the sample, shows how large the notional volume in EUR per trade involving these firms is and looks

at the dealer characteristics for trades involving these dealers. The dealer characteristics are the number of

counterparties and the number of trades in the sample period from May 2018 to April 2019. The last column

shows the average maturity of the contracts that are traded by the dealers of different types in days. Only

trades between dealers and other firms have been considered when calculating the statistics. Numbers are

rounded to the nearest integer or to the nearest hundred thousand.

trader type # dealers notional/trade CPs trades avg. maturity

BANK 201 7,232,527 821 42,824 42

G16 16 14,672,750 4,553 208,195 44

This paper mostly focuses on the D2C market for two reasons. First, assuming D2C trades are client-

initiated allows us to sign these trades. Since the EMIR dataset does not indicate which counterparty

initiates the trade, it is harder to sign client-to-client (C2C) or dealer-to-dealer (D2D) trades. Second, the

C2C market is not very active. While a limited number of firms generated a high number of trades in the

sample period, notional volumes tend to be small. Thus, compared to the notional volume in the D2D and

D2C markets, the C2C market is small. Table 3.15 in Appendix 3.8.1 shows how many trades were executed

between the different groups of traders in the C2C market and Table 3.16 in Appendix 3.8.1 shows the

corresponding average notional volumes.

The D2D market, on the other hand, is very large. Table 3.17 in Appendix 3.8.1 shows how many

trades were executed between the different types of dealers in the D2D market and how much notional was

exchanged on average.

Table 3.3 breaks down the trading done by different types of counterparties with the two sets of dealers.

The most striking feature is the predominance of trading with G16 dealers as opposed to with smaller banks.

In terms of notional volume G16 dealers execute around 80% of the volume. In terms of the number of

trades we see more diversity. For instance, government entities execute 94% of their notional trades with

G16 dealers, while that share falls to 62% for nonfinancial firms.
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Table 3.3: Who trades with whom in the D2C market? This table shows how much notional volume

in EUR a trader of each type trades on average with G16 dealers and other banks, respectively, as well as

how many transactions happen on average between a trader of a given type and G16 dealers of other banks,

respectively. Notional values are rounded to the nearest million. Numbers of trades are rounded to the

nearest integer.

notional volume # trades

total % traded with G16 total % traded with G16

CENTRAL BANK 3,001mn 74% 87 85%

EMPTY 436mn 84% 33 77%

FUND 1,142mn 87% 112 79%

GOVERNMENT 8,900mn 85% 221 94%

INSURANCE & PENSION 8,302mn 89% 125 83%

NON-FINANCIAL 782mn 82% 80 62%

3.2.2 Benchmark rates

We use data from the Thomson Reuters Tick History database in order to calculate benchmark forward

rates. We follow the same procedure to compute a benchmark for the spot rate and the forward adjustment

separately. Specifically:

1. For each second, the best bid and ask prices among all dealers are determined

2. In case there are no observations in a second, the benchmark price from the previous second is used.

However, a given price can only be carried forward for 30 consecutive seconds.

3. In each second, the benchmark is the average of the best bid and ask.

The final benchmark forward rate for a given tenor in a given second is the sum of the benchmarks for

spot rate and forward adjustment for a specific tenor. The tenor can be overnight, 1 week, 2 weeks, 3 weeks,

1 month, 2 months, 3 months, 6 months, 9 months or 1 year. In order to obtain the benchmark rates for

the forward contracts in the EMIR dataset, we use linear interpolation between the two nearest-maturity

benchmark rates. We use the same procedure to calculate the benchmark rates 1, 5 or 30 minutes after each

transaction.
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3.2.3 Volatility

As exchange-rate volatility measure we use an exponentially weighted moving average of squared returns of

the one-week forward exchange rate from one second to the next, i.e.

volatility2
t = 0.001× ret2t + 0.999× volatility2

t−1,

where rett refers to the one-second return (between t and t + 1) on the one-week forward exchange rate.

This measure captures short-lived fluctuations in volatility within a day. Using a different maturity forward

rate (instead of one-week) will not significantly affect this measure as short-run fluctuations in the forward

exchange rates are mostly driven by the spot exchange rate.

3.2.4 Price impact

The 1-minute price impact is defined as the 1-minute change in the benchmark rate times the direction of

the trade (+1 if it is a client-buy and −1 if it is a sell). Analogously, we calculate the x-day permanent

price impact as the difference between the benchmark rate at the time of a transaction and the end-of-day

benchmark rate x-days later times the direction of the trade.4

Table 3.18 shows the average price impact of trades by the different groups of market participants along

with the corresponding standard deviations for the 1-minute and 1-day horizons. We see that 1-minute price-

impact tends to be positive and highly statistically significant for all trader groups except for central banks.

A positive price impact implies that clients buy (sell) on average when benchmark rates increase (decrease)

subsequent to their trade. Such situation should arise if clients are on average better informed than dealers

about future exchange rate movements, that is if dealers face adverse selection. This is the mechanism

presented in the traditional microstructure literature (e.g., Kyle (1985) and Glosten and Milgrom (1985)).

Of course, it is perhaps less intuitive to think that clients have private information about future exchange

rate movements, which we typically think of as reflecting macro-economic risks. However, as we show in

the model section, clients’ information may pertain to their individual order flow, which may be correlated

to total order flow, which in the short run may affect the change in exchange rates (see also Evans and

Lyons (2002, 2005)). Alternatively, some investors may also be better at interpreting public news, say about

macroeconomic fundamentals, and thus effectively also have private information about systematic sources of

risk (e.g., Kim and Verrecchia (1991)). Interestingly, we see that, at a 1-day horizon, price impact remains

4For that calculation we hold interpolation weights fixed and for each tenor, use the last quoted price before 8pm UCT. We
further ignore week-ends that is treat the data as if Mondays follow Fridays.
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positive and highly statistically significant on average for all traders except for Insurance & Pension trader

types who display negative price impact, which effectively implies that at the longer horizon their trades on

average tend to loose money, as one might explain if their trading were motivated by hedging motives for

example.

Table 3.19 shows the price impact of the C2D trades aggregated at the dealer level for G16 and Banks

separately. We find strong evidence that dealers face adverse selection both at the 1-minute and 1-day

horizon, as price impact is positive and highly statistically significant in all cases.

Of course, if dealers expect to incur a price impact cost on their client trades, it would be natural for

them to charge an ex-ante premium, a ‘markup,’ to account for this risk. We next explain how we compute

markups on C2D trades.

3.2.5 Markups

We define a trade’s markup as the difference between the transaction rate and the benchmark rate times

the direction of the trade. Table 3.20 shows the average markups for the different trader types and their

respective standard deviations. We see that markups tend to be positive and statistically significant for all

trader types. There seems to be an interesting positive relation between price impacts and markups, in that

trader types that have higher price impact typically tend to be charged higher markups. For example, central

banks face the smallest markup and hedge funds the highest. However, the relation is not monotone as non-

financial traders face high markups (even higher than funds on average) and there seems to be substantial

cross-sectional variation in markups. Table 3.21 shows the markups aggregated at the dealer type. G16

dealers charge on average significantly smaller markups then non G16 banks, but there is a lot of variation

across dealers. Figure 3.6 in Appendix 3.8.1 shows the time series of daily average markups across all trades.

The distribution of markups does not seem to exhibit any trends. In the next sections, we take a closer look

at the determinants of price impact and markups, and at the relation between both.

3.3 Informed Clients

As shown in Tables 3.18 and 3.19, there is evidence that some groups of traders have significant positive price

impact both at the 1-day and 1-minute horizons, which suggests that some traders have better information

about future exchange rate changes. However, there is also substantial cross-sectional variation in measured

price impact across traders and over time. In this section, we investigate if there are persistent differences in
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price impact across traders. That is, if we can find evidence that some (groups of) traders are consistently

better than others at predicting future exchange rates, in the sense that they earn consistently significantly

higher trading profits. To be more specific, suppose that the price impact of trader i at time t is given by

PIit = µi + εit,

where εit is iid with finite variance and zero expectation and µi ∈ R. We would like to test if there is

dispersion in µi across traders and specifically, whether some (groups of) traders have significantly higher

µi > µj , say. The more transactions we observe for a given trader, the better our estimate of µi. Analogously,

forming groups of traders gives us a relatively precise estimate of a group’s average µi. In order to still have a

sufficient dispersion in those averages, our number of groups cannot be too low. We choose to form 30 groups

to obtain a good trade off between minimizing the error variance while retaining enough dispersion in the

groups’ price impacts. Lastly, we would like to form different groups of traders according to characteristics

that are correlated with the µi, but not with the error εit. This rules out sorting traders based on their

realized price impact, since this measure is correlated with the error. Instead, we sort traders based on their

number of trades, since this is likely uncorrelated with the error, but potentially correlated with skill µi.

To be specific, we proceed as follows. Considering only traders that traded in both halves of our sample

period, we sort the traders based on the number of trades done in the first half of the sample. Then we keep

adding the traders to a group until the total number of trades in that group exceeds 1/30 times the total

number of trades in the first half of the sample period. We then start adding the next traders to a group

until the total number of trades of group 1 and 2 exceeds 2/30 times the total number of trades in the first

half of the sample period. We continue until we have sorted the traders into 30 groups. For each group and

each half of our sample period, we calculate the average permanent price impact of all trades made by that

group. In Panel A of Figure 3.1, the average 1-minute price impact in the second half of the sample (PI2) of

each group is plotted against the corresponding average 1-minute price impact in the first half of the sample

(PI1). In Panel B, the same is done using the 1-day price impact. Both Panels of Figure 3.1 suggest that

price impact is persistent.

Different traders may have different investment horizons. In particular, there may be a set of traders

whose goal it is to trade intraday on very short-lived signals. Even though these market participants might

trade very profitably, their 1-day price impact may not be very persistent, since it is not their objective

to trade on long-term price changes. On the other hand, we would expect strong persistence in 1-minute

price impact if there are informed traders in this set. Figure 3.7 in Appendix 3.8.1 shows the distribution
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Figure 3.1: Persistence of price impact. In Panel A, a group’s average 1-minute price impact in the
second half of the sample is plotted against its 1-minute price impact in the first half of the sample. In
Panel B, a group’s average 1-day price impact in the second half of the sample is plotted against its 1-day
price impact in the first half of the sample. Larger circles correspond to groups in which traders generate a
higher notional volume (EUR) per trade in the first half of the sample. The red lines show the fitted values
of linear regressions.

of the traders’ average numbers of trades per day (conditional on trading on a day). Roughly 1% of traders

do more than 10 trades per day if they trade at all. We classify these traders as HFT. To investigate

whether there are differences between the price impact of the HFT traders and the lower-frequency traders,

we compare the persistence of the 1-minute price impact of HFT traders in Panel A of Figure 3.2 with that

of non-HFT traders in Panel B. We find strong evidence - indeed stronger compared to Panel A of Figure

3.1 - of persistence in 1-day price impact for HFT traders (Panel A), and hardly any evidence of persistence

for non-HFT traders in Panel B.

One can see in both panels that a high price impact is not related to high notional volume per trade, as

it might be the case if the price impact were inventory-driven. Such an inventory-based price impact may

arise as follows. If a dealer takes a large customer order, this is a private transaction between a dealer and

its client. Other dealers will not change their quotes at the very time of the transaction. But shortly after

the trade, the dealer who took the customer order may try to offset the inventory shock in the interdealer

market, leading other dealers to change their quotes as well.

It seems that traders with high price impact typically have a lower average notional per trade. Similarly,

Figure 3.9 in the appendix shows that groups with high price impact are also not groups with high total

notional traded. Thus, price impact seems more likely to be information-based.5

5However, this information may very well be information about aggregate inventory or order flow.
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Figure 3.2: Persistence of 1-minute price impact for HFT vs. non-HFT market participants.
In both panels, a group’s average 1-minute price impact in the second half of the sample is plotted against
its 1-minute price impact in the first half of the sample. In Panel A, only HFT market participants are
considered and in Panel B, only non-HFT market participants are considered. Larger circles correspond to
groups in which traders generate a higher notional volume (EUR) per trade in the first half of the sample.
The red lines show the fitted values of linear regressions.

If instead we focus on the 1-day price impact, the opposite picture emerges. Figure 3.3 shows that the

1-day price impact is more persistent for non-HFT traders (Panel B) than for HFT traders (Panel A). Neither

in Figure 3.2 nor in Figure 3.3, is it the case that high price impact is associated to high notional volume per

trade. Figures 3.10 and 3.11 in the appendix show that, for the same groups of traders, high price impact

is not related to high total notional volume traded. Again, this is consistent with information-driven price

impact, but inconsistent with inventory-based explanation of persistently positive price impact.

In order to formally assess the persistence of the price impact in Figures 3.1 to 3.3, we regress a group’s

average price impact in the second half of the sample on its average price impact in the first half of the

sample. The results for the various groups of traders and different horizons are shown in Table 3.4. One can

see that estimates for the coefficient in front of the price impact in the first half of the sample are statistically

significant except for the 1-minute price impact of non-HFT traders. Moreover the R2 statistics from the

regressions are generally large, especially for non-HFT traders’ 1-day price impact and for HFT traders’

1-minute price impact.
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Figure 3.3: Persistence of 1-day price impact for HFT vs. non-HFT market participants. In both
panels, a group’s average 1-day price impact in the second half of the sample is plotted against its 1-day
price impact in the first half of the sample. In Panel A, only HFT market participants are considered and in
B, only non-HFT market participants are considered. Larger circles correspond to groups in which traders
generate a higher notional volume (EUR) per trade in the first half of the sample. The red lines show the
fitted values of linear regressions.

Table 3.4: Persistence of price impact for different traders and horizons. This table regression

coefficients and robust standard errors for the regression

PI2 = β0 + β1PI1 + ε,

where PI2 is the price impact in the first half of the sample, PI2 is the price impact in the second half of the

sample and ε is an error term. We use the average price impact generated by the groups of traders shown

in Figures 3.1 to 3.3. Columns 1 and 2 refer to the groups from Panel A and B, respectively, of Figure 3.1.

Columns 3 and 4 refer to the groups from Panel B of Figures 3.2 and 3.3, respectively. Columns 5 and 6

refer to the groups from Panel A of Figures 3.2 and 3.3, respectively.

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

all all non-HFT non-HFT HFT HFT

1 min 1 day 1 min 1 day 1 min 1 day

PI1 0.33** 0.34** -0.01 0.72*** 0.37*** 0.20**

(0.14) (0.14) (0.16) (0.21) (0.13) (0.09)

Constant 0.00 0.00 0.00*** -0.00 -0.00 0.00*

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

N 30 30 30 30 29 29

r2 0.17 0.24 0.00 0.38 0.15 0.10

p < 0.05, ** p < 0.01, *** p < 0.001
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In order to characterize informed and uninformed traders, we look at the three groups with the highest

price impact in the second half of the sample in Panel B of Figure 3.1 and call the traders in those groups

‘high-PI traders.’ Analogously, we call all traders in the groups from Panel B in Figure 3.1 with negative

price impact in both halves of the sample ‘neg-PI traders.’

Table 3.5 shows characteristics of neg-PI or high-PI traders depending on whether they belong to the HFT

group or not. One can see that for both non-HFT and HFT market participants, informedness is negatively

related to trading volume and number of counterparties. On the other hand, the relationship between the

number of monthly trades is nonmonotone. For the less active non-HFT market participants, more monthly

trades are associated with being uninformed. On the other hand, informed HFT market participants trade

more often than their less informed neg-PI counterparts. For both non-HFT and HFT market participants,

trading longer maturities is associated with being in the high-PI group, i.e. higher informedness, which may

be consistent with these traders seeking the largest exposure.

Table 3.5: Trader characteristics. The following table shows properties of neg-PI and high-PI traders

depending on whether they belong to the HFT group or not. Notional values are rounded to the nearest

hundred thousand. The numbers of counterparties and average monthly trades are rounded to one decimal

and the average maturity is rounded to the nearest integer.

non-HFT HFT

neg-PI high-PI neg-PI high-PI

notional/trade (EUR) 21.4mn 9.6mn 11.9mn 1.4mn

counterparties 4.1 1.2 6.1 3.8

avg. monthly trades 102.9 3.0 706.0 1221.0

average maturity (days) 34 61 62 69

Looking only at high-PI and neg-PI traders, Table 3.6 examines which trader characteristics are associated

with being informed. Table 3.6 shows the result of a linear probability regression model to explain a dummy

variable that is one if the trader is a high-PI trader and zero otherwise. A trader’s number of counterparties,

traded notional and the number of monthly trades are negatively related to being a high-PI trader, as one

can observe in columns 1 to 3. Also, HFT market participants are more likely to have a lower 1-day price

impact, as shown in column 4. Notional volume is not significant anymore in column 5, when controlling

for the number of trades and the number of counterparties. One can also see that the number of trades has
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different implications for the probability of being informed depending on whether the trader belongs to the

HFT group or not. The number of counterparties is still negatively related to being informed even when

controlling for other factors. This result seems to run against the findings of Kondor and Pintér (2019) that

informed traders have more counterparties, but is consistent with information leakage examined empirically

in Hendershott and Madhavan (2015b) and Hagströmer and Menkveld (2019) and modeled theoretically in

Liu et al. (2018). The cost of information leakage is higher for informed traders, which may be the reason

why they contact fewer dealers.
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Table 3.6: Probability of being an informed trader. This table shows coefficient estimates B and

robust standard errors for the regression

informed = BX + ε,

where informed is a dummy variable that is equal to one if a trader belongs to the high-1-day-PI group

and equal to zero otherwise. The vector X includes different trader characteristics specified in the table and

ε is an error term. The sample includes all high-Pi and neg-PI traders from the groups in Figure 3.1. The

averages of the numbers of trades have been divided by 103 and averages of the notionals per trade have

been divided by 1011.

(1) (2) (3) (4) (5)

avg. monthly counterparties (CPs) -84.70*** -12.07***

(12.17) (3.22)

avg. monthly trades -0.19** -7.87***

(0.09) (0.23)

avg. monthly trades × HFT dummy 7.91***

(0.23)

avg. notional in EUR -23.31*** 4.82

(7.95) (5.99)

HFT dummy -0.52*** -0.57***

(0.08) (0.08)

Constant 1.07*** 0.96*** 0.96*** 0.96*** 1.03***

(0.02) (0.00) (0.00) (0.00) (0.00)

N 9628 9628 9628 9628 9628

r2 0.26 0.03 0.00 0.03 0.80

* p < 0.10, ** p < 0.05, *** p < 0.01

To see how robust our findings about the persistence of the price impact of different traders, we break

the sample into four different subperiods, and check whether traders who had a high price impact in the first

period also have a high price impact in the following periods. To this end, we sort all traders who were active

in all four quarters of our sample into two groups based on their number of trades in the first quarter and

then compute their average price impact in each quarter of the sample. Figure 3.4 shows that the traders
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who had a high price impact in the first quarter generally also have a higher price impact in the subsequent

quarters. Moreover, if one restricts attention to non-HFT market participants, traders who have a higher

price impact in the first quarter also have a higher price impact in the last quarter.
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Figure 3.4: Persistence across multiple subperiods. We sort all traders who were active in all four
quarters of our sample into two groups based on their number of trades in the first quarter and then plot
their average 1-day price impact in each quarter of the sample. In Panel A, transactions by all traders were
considered and in Panel B, only trades by non-HFT market participants were considered.

3.4 Informed Dealers

Evans and Lyons (2002) find that aggregate orderflow in the interdealer market predicts future price changes

in the DM/USD spot market using four months of data from an interdealer trading system in 1996. Most of

the variation in forward rates comes from variation in the spot rate. Moreover, order flow in the interdealer

market is (in most models, like the one presented in this paper) generated by order flow from customers.

Thus, one may hypothesize that customers’ order flow predicts future price changes in the EUR/USD forward

market. The model presented in Section 3.6 presents a mechanism that would generate such predictability

and also suggests that the customer order flow of different dealers has different predictive power for future

price changes. Similar to Evans and Lyons (2002), we look at the order imbalance, i.e. the difference between

daily buy and sell orders received by a dealer. We define the volume imbalance as the difference between

notional volume bought by customers and notional volume sold by customers on a given day. Table 3.7

describes order imbalance and volume imbalance for the different dealer types. One can see that both kinds

of dealers have relatively small average order imbalances and small average volume imbalances. However,
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G16 dealers have much more volatile order imbalances and volume imbalances as indicated by their larger

mean absolute order and volume imbalances.

Table 3.7: Order imbalance (OI). This table shows the average order imbalance, the average of the

absolute values of order imbalances for each type of dealer as well as the respective values for the volume

imbalance.

trader type mean OI mean absolute OI mean volume imbalance mean absolute volume imbalance

BANK -3 8 -2.6mn 58.1mn

G16 -2 66 3.6mn 809.0mn

In order to measure how well each dealer can forecast future price changes using their customers’ order

flow, we regress changes in the benchmark price for the one-week forward exchange rate between the end

of day t and the end of day t + 1 on the sum of the order imbalances on the last five days on which the

dealer has traded. The higher the resulting R2 statistic, the more informed is the dealer. As we show in the

model in section 3.6.3 the R2 statistic should also be a determinant of a dealer’s markups as it is related to

a dealer’s expectation of the price impact it will incur.

Table 3.8 shows summary statistics of the R2 we obtain for every dealer in the sample, provided that

enough data is available to perform the regression described above. We also transform the R2 into an

annual Sharpe ratio using the method in Table 1 in Cochrane (1999), assuming the true mean of price rate

movements is zero and 250 trading days in a year.6 One can see in Table 3.8 that even though the R2

statistics obtained in daily forecasts seem small, annualized Sharpe ratios are actually substantial.

6Cochrane (1999) derives the formula

SRinformed, annual =

√
(SRuninformed,daily)2 +R2

√
1−R2

√
days/year,

where SRinformed annual is the annualized Sharpe ratio, a dealer that has a given R2 when forecasing daily returns can achieve,
given that an investor not forecasting returns can achieve a daily Sharpe ratio of SRuninformed daily . Under the assumptions
in the text, this formula becomes

SRinformed, annual =

√
R2

√
1−R2

√
250.

158



Table 3.8: Dealer informedness and Sharpe ratios. This table shows summary statistics for the R2

statistic from the regression of price changes on the dealers order imbalances described in the text, i.e.

ratet+1 − ratet
ratet

= β0,i + β1,isum OIi + εit, ,

where εit is an error term, sum OIi refers to the sum of the order imbalances of dealer i for its last 5 trading

days and ratet refers to the one-week forward exchange rate at day t.

Variable Obs Mean Std. Dev. Min Max

R2 142 0.022383 0.047305 .000002 0.27981

Sharpe ratio 142 1.72584 1.868606 0.020974 9.855478

In order to study informed and uninformed dealers, we look at trade-by-trade data and assign trades to

two quantiles according to the informedness of the dealer trading. We create a dummy variable that is equal

to 1, if the dealer informedness is above the median informedness across all trades. For all other trades, the

dummy variable is equal to zero. We call dealers for which this dummy variable is one “informed.”

Some of the dealers in our sample trade very infrequently. Especially those dealers with extreme Sharpe

ratios only have a very limited number of days on which they trade in our sample. Figure 3.12 in Appendix

3.8.1 shows the distributions of the R2 across dealers. Most dealers have an R2 of less than 0.025. In order

to avoid focussing on outliers when studying the characteristics of informed dealers, we focus on dealers with

an R2 of less than 2% and a notional trading volume of at least 0.5% of the entire market. As an additional

robustness check we also look separately at dealers with a notional trading volume greater than 2.5% of the

entire market.

In Table 3.9 one can see the characteristics of the high versus low R2 dealers, depending on the fraction of

total D2C volume in EUR they are responsible for. We see that more informed dealers tend to have smaller

notionals per trade and have fewer counterparties in D2C and D2D markets.
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Table 3.9: Dealer characteristics. The following table shows properties informed and uninformed dealers

depending on how much notional volume they trade. Percentages are rounded to one decimal, numbers of

counterparties are rounded to the nearest integer and notional volumes are rounded to the nearest hundred

thousand.

2.5% > volume > 0.5% volume > 2.5%

uninformed informed uninformed informed

% G16 66.6% 16.7% 100% 100%

dealer’s avg. notional/trade 12.1mn 9.2mn 17.5mn 16mn

D2C counterparties 1399 1288 5106 3947

D2D counterparties 123 102 266 220

% of total notional D2C volume (in EUR) 5.2% 8.7% 50% 30.3%

Table 3.10 shows the result of a linear probability regression model , which predicts the informdness

dummy based on various dealer characteristics. One can see that both traded notional and the number of

trades are highly significant and negatively correlated with being informed. This is true for both subsets of

dealers. In the regressions shown in Table 3.25 in Appendix 3.8.1 we use the dealer’s R2 as the left-hand

side variable instead of the informedness dummy and get similar results.
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Table 3.10: Probability of being an informed dealer. We run the regression

info dummy = BX + ε,

where info dummy is the dummy variable described in the text which measures the informedness of a dealer.

This table shows the coefficient estimates B for various explanatory variables X as well as robust standard

errors. In columns 1 to 3 we focus on dealers executing more than 0.5% of the notional volume (EUR) of the

entire D2C market. In columns 4-6 we focus on dealers executing more than 2.5% of the notional volume

of the entire D2C market. The number of trades has been divided by 107 and the notional traded has been

divided by 1010.

> 0.5% notional volume > 2.5% notional volume

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

avg. notional traded -202.75 -333.44* -149.26 -807.10***

(151.30) (189.49) (258.89) (92.44)

# trades -24.36** -41.15*** -36.34*** -62.32***

(8.60) (12.92) (10.81) (7.64)

D2D counterparties 0.00

(0.00)

D2C counterparties 0.00

(0.00)

Constant 0.88*** 0.90*** 1.23*** 0.80 1.18*** 2.99***

(0.24) (0.18) (0.29) (0.50) (0.28) (0.28)

N 20 20 20 11 11 11

r2 0.06 0.20 0.30 0.02 0.43 0.87

* p < 0.10, ** p < 0.05, *** p < 0.01

Figure 3.8 in Appendix 3.8.1 shows that traders with higher price impact tend to pay higher markups.

This suggests that dealers may price discriminate based on client identities or characteristics. Since there is

evidence that clients’ price impact is persistent, it would be natural to think that dealers set markups based

on past client price impact. At the same time, since we have shown that dealers are differentially informed

about future price changes based on their clients’ aggregated order imbalance, it is also natural to think

that dealers will use that information to set markups. To better understand the determinants of markups,
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we now perform a panel regression, where we explain client markups with various client, dealer, and trade

characteristics.

To eliminate data errors, we exclude all trades with markups below -2% and above 3%. This effectively

puts a 2% band around the traders’ average markups shown in Figure 5 in Hau et al. (2019). In column 1 of

Table 3.11, the coefficient for realized values of 1-day price impact is significant at the 5% level. Moreover,

we find a significant interaction term with the informedness dummy, which suggests that informed dealers’

markups react more strongly to the realized 1-day impact. This is consistent with the implications of our

model in section 3.6.3, where dealers that have more informed order-flow are better at predicting future price

changes and thus set markups that are more in line with future price changes.

Realized values of price impact measures may be significant in the regression from Table 3.11, because

they are correlated with other trader characteristics. In order to control for those, we add fixed effects for

each dealer-trader pair along with other time-varying control variables. The results of this regression are

shown in column 2 of Table 3.11. The coefficients on the realized 1-day price impact and the interaction

term in the first row are very similar to the estimates in column 1 and still significant.

In order to asses how much the results in columns 1 and 2 of Table 3.11 are driven by the dealers’

connections in the D2D market, we replace the informed-dealer dummy by a connected-dealer dummy

in column 3. To this end, we assign trades into two quantiles according to the number of the dealer’s

counterparties in the D2D market. The connected-dealer dummy is a dummy variable that is equal to 1,

if the dealer’s number of D2D counterparties is above the median across all trades. The results of this

regression are shown in column 3 of Table 3.11. We find that more connected dealers respond less to changes

in future prices, as measured by realized values of 1-day price impact. However, the coefficient in front of the

interaction term is not even significant at the 10% level, whereas the coefficient in front of the interaction

term in column 2 of Table 3.11 is significant at the 5% level. It thus seems that the informed dealer dummy

better captures differences in the dealers’ sensitivity with respect to future price changes.

In column 4 of Table 3.11, we study what may drive potential dealer and trader fixed effects on markups.

One can see that traders that have on average a higher 1-day price impact also have to pay higher markups.

The more counterparties a trader has, the lower the markups possibly due to increased bargaining power.
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Table 3.11: Markups and price impact. We run the regression

markupit = BX + ε,

where εit is an error term, X are explanatory variables specified

in the table and markupit is the markup that trader i has to pay

at time t. We report coefficients B and standard errors that are

clustered at the dealer level. We excluded all trades with markups

below -2% and above 3%. Order imbalance and its standard devi-

ation have been divided by 106. Lastly, the logs of counterparties

and trades have been divided by 1000.

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

realized 1-day impact × informedness dummy info 0.0112*** 0.0099** 0.0104**

(0.0043) (0.0043) (0.0044)

realized 1-day impact × connectedness dummy -0.0068

(0.0042)

realized 1-day impact 0.0107*** 0.0091*** 0.0171*** 0.0091***

(0.0012) (0.0015) (0.0031) (0.0015)

realized 1-minute impact 0.0949*** 0.0892*** 0.0837**

(0.0330) (0.0337) (0.0338)

market conditions:

volatility 0.7146* 0.7286* 1.0947*

(0.3640) (0.3804) (0.6527)

Smart average 1-day impact group 0.0013 0.0019 0.0035

(0.0061) (0.0064) (0.0073)

time-varying trader characteristics:

log(traders’ monthly counterparties) -0.0139 -0.0145 -0.0901***

(0.0212) (0.0213) (0.0215)

log(traders’ monthly trades) 0.0269*** 0.0276*** -0.0319

(0.0086) (0.0086) (0.0238)

(To be continued)
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Table 3.11-Continued.

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

time-varying dealer characteristics:

dealer’s signed OI 0.0350 0.0343 0.0326

(0.0323) (0.0323) (0.0339)

fixed trader characteristics:

trader’s average 1-day impact 0.1098***

(0.0173)

high-PI dummy 0.0002***

(0.0001)

neg-PI dummy -0.0001*

(0.0000)

HFT -0.0000

(0.0001)

fixed dealer characteristics:

informedness dummy 0.0000 -0.0000

(0.0001) (0.0001)

connectedness dummy 0.0000

(0.0001)

standard deviation of dealer’s OI -0.0983*

(0.0499)

Constant 0.0002*** 0.0000 0.0000 0.0004**

(0.0000) (0.0001) (0.0001) (0.0002)

dealer-client fixed effects no yes yes no

N 2770512 2742738 2684941 2684941

p < 0.05, ** p < 0.01, *** p < 0.001

To examine how trades by very active traders are different from those trades made by less active market

participants, we focus only on HFT market participants in column 1 of Table 3.12. We can see that results

related to 1-day price impact are less strong than for the whole sample, but the coefficient on 1-minute
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price impact is larger. On the other hand, the results associated with 1-day price impact are stronger when

focussing on non-HFT market participants. The results are not much affected if we exclude neg-PI traders,

or if we distinguish between low- or high-volatility periods. However, comparing columns 5 and 6 in Table

3.12, we see that traders with a high average price impact have to pay even higher markups in high-volatility

periods.

Table 3.12: Markups and price impact in different subsam-

ples We run the regression

markupit = BX + ε,

where εit is an error term, X are explanatory variables specified

in the table and markupit is the markup that trader i has to pay

at time t. We report coefficients B and standard errors that are

clustered at the dealer level. In column 1, we focus on HFT mar-

ket participants, and in column 2 we focus on non-HFT market

participants. In column 3 we exclude all traders labelled as neg-PI

traders. In column 4 we focus only on those traders. In column

5 we focus on the trades for which volatility is below the median

across all trades and in column 6 we focus on trades for which

volatility is above the median across all trades. We excluded all

trades with markups below -2% and above 3%. Order imbalance

and its standard deviation have been divided by 106.

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

HFT non-HFT no neg-PI neg-PI low vol high vol

real. 1-day impact × info dummy 0.006 0.012** 0.009** 0.020*** 0.011* 0.009***

(0.004) (0.005) (0.004) (0.007) (0.006) (0.003)

realized 1-day impact 0.010*** 0.009*** 0.009*** 0.007*** 0.009*** 0.009***

(0.003) (0.002) (0.002) (0.002) (0.002) (0.002)

realized 1-minute impact 0.139*** 0.054* 0.078*** 0.116 0.089*** 0.081

(0.053) (0.029) (0.027) (0.088) (0.030) (0.055)

(To be continued)
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Table 3.12-Continued.

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

HFT non-HFT no low-PI low-PI low vol high vol

market conditions:

volatility 2.399** 0.348 1.197* 0.284 2.551*** -0.870

(1.003) (0.501) (0.708) (0.512) (0.674) (1.344)

Smart average 1-day impact 0.005 0.002 0.005 -0.004 -0.004 0.011**

(0.010) (0.008) (0.007) (0.014) (0.012) (0.005)

varying trader characteristics:

log(traders’ monthly counterparties) -0.033** -0.131*** -0.101*** -0.042** -0.088*** -0.095***

(0.016) (0.035) (0.023) (0.019) (0.022) (0.023)

log(traders’ monthly trades) 0.008 -0.068*** -0.030 -0.018 -0.049** -0.016

(0.023) (0.022) (0.025) (0.017) (0.021) (0.025)

varying dealer characteristics:

dealer’s signed OI 0.050 0.019 0.037 0.006 0.025 0.040

(0.043) (0.026) (0.036) (0.024) (0.025) (0.043)

fixed trader characteristics:

trader’s average 1-day impact 0.043 0.117*** 0.112*** -0.059 0.099*** 0.121***

(0.071) (0.018) (0.017) (0.084) (0.021) (0.027)

high-PI dummy 0.000** 0.000** 0.000*** 0.000 0.000** 0.000***

(0.000) (0.000) (0.000) (.) (0.000) (0.000)

neg-PI dummy 0.000 0.000 0.000 0.000 -0.000 -0.000**

(0.000) (0.000) (.) (.) (0.000) (0.000)

HFT 0.000 0.000 -0.000 -0.000 0.000 -0.000

(.) (.) (0.000) (0.000) (0.000) (0.000)

(To be continued)
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Table 3.12-Continued.

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

HFT non-HFT no low-PI low-PI low vol high vol

fixed dealer characteristics:

informedness dummy 0.000 -0.000 -0.000 0.000 -0.000 -0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

connectedness dummy 0.000*** -0.000 0.000 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

standard deviation of dealer’s OI -0.040 -0.103 -0.114** -0.017 -0.111** -0.084*

(0.040) (0.069) (0.055) (0.048) (0.054) (0.048)

Constant -0.000 0.001*** 0.000** 0.000 0.000*** 0.000**

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

N 905843 1779098 2274265 410676 1347896 1337045

p < 0.05, ** p < 0.01, *** p < 0.001

Table 3.26 in Appendix 3.8.1 shows similar regressions as those from Table 3.12, but using deale and

trader fixed effects. The coefficient estimates in Table 3.26 are very similar to those shown in Table 3.12.

Figure 3.13 in Appendix 3.8.1 illustrates the findings from the regression with a simple plot that shows

how more informed dealers charge higher markups when the price impact is higher.

Appendix 3.8.3 discusses the possible errors-in-variables problem that may arise because both the mea-

sured price impact and the measured markup are affected by errors in the benchmark rate. Such errors may

arise because of noisy quotes in the TRTH database or imprecise time-stamps in the EMIR database, which

would lead to a mechanical positive correlation between markups and realized price impact. As we discuss

in the appendix, this bias is unlikely to affect our main results however.

3.5 Endogenous Dealer Choice

The model presented in Section 3.6.4 suggests that informed traders are more likely to trade with dealers

who have informative order flow. In order to test this hypothesis, we study how a trader’s average 1-day

price impact affects the probability of trading with an informed dealer.

As in sections 3.3 and 3.4, HFT market participants arguably behave differently from non-HFT market
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participants. For this reason, we consider these two groups separately. In Table 3.13 one can see that non-

HFT traders are more likely to trade with informed traders if their 1-day price impact is higher on average.

Even 1-minute price impact measures positively affect the probability of trading with an informed dealer,

as can be seen in column 2. These statements remain true when controlling for other trader characteristics

that are associated with being informed (see Section 3.3), like the number of counterparties, or the number

of trades. On the other hand, 1-day price impact measures do not affect dealer choice for HFT market

participants, since they likely have a much shorter investment horizon. However, for HFT average 1-minute

impact still positively affects the probability of trading with an informed dealer. One can also see that

non-HFT clients are more likely to trade with informed dealer if volatility is high, while HFT clients are

more likely to trade with uninformed dealers if volatility is high.

The results shown in Table 3.13 suggest that traders are more likely to trade with informed dealers if

they are more informed on average (i.e. have a higher average 1-day price impact), when adverse selection is

higher on average (volatility is higher), or when they are particularly well informed (the realization of the 1-

day price impact turns out to be high). To avoid the endogeneity problem that we find that informed traders

choose informed dealers, because we define an informed dealer based on the informativeness of her clients’

order flow, we now define dealer informedness as the informativeness of the order flow from non-financial

companies. This means we perform the same steps as in Section 3.4, including the definition of a dummy

variable, but use order flow only from non-financial customers to predict future price changes. We then look

at all traders except for non-financial firms and examine the probability of trading with an informed dealer.

The results are shown in Table 3.14. We see that non-HFT traders are still more likely to trade with dealers

that are informed according to this new measure.
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Table 3.13: Probability of trading with informed dealers. We run the regression

informed = BX + ε,

where εit is an error term, X are explanatory variables specified in the table and informed is the informed-

dummy discussed in Section 3.4. We report coefficients B and standard errors that are clustered at the

trader level. The dataset includes D2C trades. We excluded all trades with markups below -2% and above

3% .

excluding HFT HFT only

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

avg. 1-day impact 10.83*** 10.81*** 8.98** -36.34 -25.24 -3.60

(3.77) (3.77) (3.75) (71.99) (70.88) (67.83)

avg. 1-min impact 148.05* 153.02* 3531.22 4118.06*

(81.34) (81.03) (2180.98) (2092.95)

realized 1-day impact 0.02 0.03 0.10 0.21

(0.05) (0.05) (0.12) (0.13)

realized 1-min impact 3.82*** 3.88*** -0.92 -1.85

(0.98) (0.98) (1.15) (1.18)

log(monthly counterparties) -21.45** 58.11

(9.58) (38.63)

log(monthly trades) -6.75 -87.91***

(6.63) (29.49)

volatility 428.48*** -1563.72**

(131.95) (750.82)

Constant 0.54*** 0.54*** 0.56*** 0.38*** 0.38*** 1.01***

(0.01) (0.01) (0.01) (0.06) (0.06) (0.18)

* p < 0.10, ** p < 0.05, *** p < 0.01
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Table 3.14: Probability of trading with informed dealers without circularity. We run the regression

informed∗ = BX + ε,

where εit is an error term, X are explanatory variables specified in the table and informed∗ is the alternative

info dummy discussed this section. We report coefficients B and standard errors that are clustered at the

trader level. The dataset includes D2C trades. We excluded all trades with markups below -2% and above

3% as well as trades made by non-financial firms.

excluding HFT HFT only

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

avg. 1-day impact 10.92** 10.77** 10.01** 221.28** 219.26** 288.62***

(4.81) (4.80) (4.83) (101.24) (99.80) (98.29)

avg. 1-min impact -53.34 -37.87 -846.62 -244.94

(98.22) (97.69) (3456.66) (3409.79)

realized 1-day impact -0.02 -0.01 -0.03 0.09

(0.05) (0.05) (0.19) (0.20)

realized 1-min impact 1.41 1.37 2.10 1.17

(1.12) (1.12) (3.44) (3.33)

log(monthly counterparties) -23.17** 120.16***

(10.91) (24.41)

log(monthly trades) 4.07 -118.95***

(7.53) (15.32)

volatility 864.03*** -932.14*

(150.65) (528.57)

Constant 0.50*** 0.50*** 0.45*** 0.30*** 0.30*** 1.07***

(0.01) (0.01) (0.02) (0.06) (0.06) (0.13)

* p < 0.10, ** p < 0.05, *** p < 0.01

Table 3.22 in Appendix 3.8.1 shows the 1-day and 1-minute price impact that trades executed by informed

and uniformed dealers have. One can see that both the 1-minute price impact and the 1-day price impact

are higher for trades executed by informed dealers. One obtains a slightly different result when using other

proxies for dealer informedness like connections in the D2C market or connections in the D2D market. Tables
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3.23 and 3.24 in Appendix 3.8.1 show that more connected dealers face a higher 1-minute price impact, but

a lower 1-day price impact. In Table 3.27, we run regressions similar to those in Table 3.13, except that we

replace the informedness dummy with a connectedness dummy. In this case average price impact measures

have no significant effect on dealer choice. Thus, the informedness of a dealer cannot simply be captured by

the dealers D2D connections.

3.6 Model

The aim of this section is to lay out a mechanism how dealers learn from the orderflow of their customers

and incorporate this information in their quotes. For the sake of clarity, other determinants of the dealers’

quotes are not modeled explicitly. In section 3.6.4, the model is extended in order to account for informed

trading and endogenous dealer choice.

3.6.1 Setup

There are N ∈ N dealers, with N > 2. The dealers are indexed by the set D := {1, 2, ..., N} and have two

periods to trade one asset: In the first period, each dealer i ∈ D can trade with a a group of clients. The

clients initiate the trade by specifying a quantity they want to trade. The dealer responds with a competitive

quote at which all orders of the dealer’s clients are executed. In the second period, the N dealers can trade

among each other in a centralized market. Each dealer submits linear demand schedules and the price is

determined by market clearing.

Let xi denote the net amount of the asset that clients buy from dealer i.7 These quantities are jointly

normally distributed across dealers with covariance matrix Σ:

(x1, ..., xN )′ ∼ N (0,Σ). (3.1)

Moreover, let p1,i denote the price at which the transaction between dealer i and the clients happens, let

τi denote the quantity that dealer i buys from other dealers in period 2 and let p2 denote the price at which

the dealers trade among themselves in period 2.8

Then, the utility of dealer i ∈ D in the end of period 2 is given by

7Here, xi < 0 means that the clients sell to dealer i ∈ D.
8Again, τi > 0, i ∈ D means that dealer i buys the asset.
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Ui(xi, p1,i, p2) := −(−xi + τi)
2 γ

2
+ xip1,i − p2τi, (3.2)

where γ > 0 determines the aversion of the dealer to holding inventory. The first term in (3.2) represents

quadratic inventory holding costs that the dealer needs to pay after period 2. The remaining two terms

in (3.2) represent the revenue generated by trading with the clients and the money paid in the interdealer

market, respectively. We assume that in period 1, dealers quote a competitive price, p1, to all their clients

such that they are indifferent between trading or not trading in the first round. In period 2, when dealers

trade among themselves, dealers maximize the expectation of the expression in (3.2).

3.6.2 Equilibrium

An equilibrium in this model consists of a pricing rule for each dealer that specifies a price for a given quantity

that the clients demand as well as a demand schedule for each dealer such that the interdealer market clears

in period 2. Moreover, dealers behave competitively when facing clients and maximize expected utility in

the interdealer market.

We conjecture that dealer i ∈ D uses a linear demand schedule τi(xi, p2) : R2 → R with

τ(xi, p2) := ap2 + bxi, (3.3)

where a, b ∈ R. Market clearing gives the price in the interdealer market as a function of the quantities

traded between dealers and their clients:

p2(x1, ..., xN ) =
−b
aN

N∑

i=1

xi.

If agent i ∈ D is strategic in the interdealer market and conjectures strategies for all the other dealers

j 6= i to be as in (3.3), then market clearing implies a residual inverse demand function such that:

λ :=
∂

∂τi
p2 =

−1

a(N − 1)
. (3.4)

Maximizing the expression in (3.2) for a given price p2 with respect to τi and calculating the corresponding

the first-order condition gives the necessary condition9

9By calculating the second derivative, one can see that this condition is also sufficient.
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τi =
γ

γ + λ
xi −

1

γ + λ
p2. (3.5)

Now (3.3), (3.4) and (3.5) imply

a = − 1

γ − 1
a(N−1)

(3.6)

and

b =
γ

γ − 1
a(N−1)

. (3.7)

Comparing (3.6) and (3.7) gives

a = − b
γ
. (3.8)

Using the last result and (3.7) gives

b =
N − 2

N − 1
. (3.9)

It follows that if we define the average client demand x̄ =
∑N
i=1 xi
N , then we have

p2 = γx̄ (3.10)

τi =
N − 2

N − 1
(xi − x̄) (3.11)

We see that the dealer’s trade in the inter-dealer market does not depend on her risk-aversion, but only

on how different her clients’ trades are from the average trade. Instead, the price level in the interdealer

market is equal to the average inventory held by dealers times their risk-aversion. The price fully reveals the

average inventory which is a sufficient statistic for all the dealers trades, given their own client demand.

To finish the characterization of the equilibrium, it remains to derive the prices that the dealers are

offering their clients. Dealers behave competitively and achieve the same expected utility when trading with

their clients as in the hypothetical scenario in which they do not trade with the clients (but nevertheless

observe the clients’ demand and thus make inferences about aggregate orderflow). Fixing a price p1,i and a

quantity xi, taking expectations of the utility defined in (3.2) as well as using the characterizations of the

price p2 and demand schedule τ in (3.3), (3.8) and (3.9), one gets
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E
(
Udi (xi, p1,i, p2, τi)

∣∣ clients demand xi, trade happens
)

= E
(
−(τi − xi)2 γ

2 + xip1,i − p2τi
)

for all i ∈ D. If dealer i does not trade, but all other dealers do trade with their clients, dealer i expects

the market price

pnotrade2 (x1, ..., xN ) =
−b
aN

(
N∑

j=1,j 6=i
xj) = γ(x̄− xi

N
), (3.12)

since dealer i optimally uses the demand schedule

τnotrade(pnotrade2 ) := apnotrade2 =
N − 2

N − 1
(
xi
N
− x̄),

while all other dealers use the demand schedule given by (3.3). Market clearing now implies (3.12).

Analogously to the case in which the dealer trades with the clients, one gets

E
(
Udi (xi, p1,i, p2, τi)

∣∣ clients demand xi, no trade happens
)

= E
(
−(τnotradei )2 γ

2 − pnotrade2 τnotradei

)

Requiring that the utility that the dealer derives from trading and not trading, respectively, are the same

and solving for p1,i gives

p1,i = E


γ
∑N
j=1 xj(N − 2) + xi

(N − 1)N

∣∣ clients demand xi


 . (3.13)

Using the distributional assumption on order flow (3.1) and the conditional expectation of a multivariate

normal distribution gives

p1,i = γ
(N − 2) 1′Σ−1

i,i Σ∗,i + 1

(N − 1)N
xi, (3.14)

where 1 is an N -dimensional column vector and Σ∗,i refers to the i-th column of the covariance matrix

Σ. Using the expression p2 = −b/(aN)
∑N
j=1 xj , one has
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E
[
p2

∣∣ customer demands xi

]
=

γ

N
1′Σ−1

i,i Σ∗,ixi. (3.15)

Now, (3.14) and (3.15) imply

p1,i =
(N − 2)

(N − 1)
E
[
p2

∣∣ customer demands xi

]
+ γ

xi
(N − 1)N

. (3.16)

3.6.3 Client markups, dealer informedness, and price impact

One may define the markup as the difference between the quoted price (adjusted for the direction of the

trade) and the quote of an uniformed dealer of zero (since p2 = 0 in expectation):

mi := (χbuy − χsell)
(

(N − 2)

(N − 1)
E
[
p2

∣∣ net orderflow = xi

]
+ γ

xi
N(N − 1)

)
, (3.17)

where χbuy = 1 if a client buys, χbuy = 0 if a client sells and χsell = 1− χbuy. As the number of dealers

gets large, we get

mi → (χbuy − χsell)E
[
p2

∣∣ net orderflow = xi

]
. (3.18)

A regression of dealer i’s markups on the realized second-period prices (adjusted for the direction of the

trade), i.e.

mi = β0 + β(χbuy − χsell)p2 + ε, (3.19)

is similar to the regression

E
[
p2

∣∣ net orderflow = xi

]
= β′0 + β′p2 + ε′. (3.20)

We get from (3.19) to (3.20) using the limit in (3.18) and dropping the sign of the trade χbuy−χsell from

both variables in the regression (3.19). In (3.20) we regress dealer i’s conditional expectations of p2 on the

realized values of p2 and we know that

β′
p→ R2

i

as the sample becomes large, where R2
i is the r-squared statistic from the regression
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p2 = β0 + β1xi + ε,

i.e. a regression of the price p2 on dealer i’s order imbalance xi.

If we run the regression described in (3.19), where mi is replaced by the empirical estimates of the dealer’s

markups, and (χbuy − χsell)p2 refers to the price impact measures, we expect that β̂ is larger if R2
i is larger.

We can obtain an estimate of R2
i from regressions of future price changes on the dealers’ order imbalances.10

3.6.4 Endogenous dealer choice

We add two features to the model to capture the endogenous client-dealer choice.

First, we introduce an “arbitrageur” who is endowed with superior information about futures prices. The

arbitrageur has access to the interdealer market and can request a quote from one dealer in the first trading

round. In the first period, the arbitrageur and other customers of the contacted dealer have to pay the same

price.

Second, dealers will have a different reservation utility, when giving quotes to their customers and may

refuse to offer a quote if no quote can be found at which they break even.

All other assumptions on dealers and their clients will remain the same as before.

The arbitrageur can send a request for quote (RFQ) to one dealer in the first period, specifying some

(exogenously given) quantity α > 0 that the arbitrageur wants to trade. The RFQ does not specify whether

the arbitrageur wants to buy or sell. Thus, the dealer responds with a bid-ask spread. After the arbitrageur

has communicated whether she wants to buy or sell, the dealer charges the same price to the arbitrageur

and to the uninformed customers. The uninformed customers are, as before, happy to trade at any price.

Conditional on having traded with a dealer in period 1, the arbitrageur offloads the entire quantity α in the

interdealer market in period 2.

In the interdealer market, the optimal demand schedule of a dealer who only traded with uninformed

customers is still determined by (3.5). If, additionally, dealer i traded with the arbitrageur, then her inventory

in period 2 is either xi − α or xi + α, depending on whether the informed trader bought or sold. Thus, the

first order condition for characterizing the maximum of (3.2) using the different initial inventory implies

10Since E(p2) = 0, we get from the law of iterated expectations that β′
0

p→ 0 in large samples. Using this limit and mutiplying

both sides in (3.20) by χbuy − χsell gives β0
p→ 0 and β

p→ β′ in large samples, since χbuy − χsell is uncorrelated with the
error in (3.20) (due to symmetry of the normal distribution, signed order flow predicts signed price changes. The sign has no

additional predictive power). We thus get β
p→ R2

i in large samples.
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τ bi :=
γ(xi + α)− p2

γ + λ
(3.21)

if the arbitrageur bought in period 1 and

τsi :=
γ(xi − α)− p2

γ + λ
(3.22)

if the arbitrageur sold.

Since the demand of the arbitrageur is price insensitive, the price impact λ is still given by (3.4), where

a, and b are defined in (3.8) and (3.9). If the arbitrageur decides to trade with dealer i, the market clearing

condition in the interdealer market becomes

0 =





∑N
j 6=i τj + τ bi − α if arbitrageur bought in period 1,

∑N
j 6=i τj + τsi + α if arbitrageur sold in period 1.

(3.23)

In equation (3.23), the quantity α enters with a negative sign if the arbitrageur bought in period 1, since,

in that case, the arbitrageur will sell the same quantity in period 2. Solving (3.23) for p2, using , (3.4), (3.5),

(3.8), (3.9), (3.21) and (3.22) gives

pb2 :=
γ
∑N
j=1 xj

N
− γα

N(N − 2)
(3.24)

if the arbitrageur bought in period and

ps2 :=
γ
∑N
j=1 xj

N
+

γα

N(N − 2)
(3.25)

if the arbitrageur sold in period 1.

The prices a dealer quotes when contacted by the arbitrageur are determined as follows.

• ask price: At the ask, the dealer is indifferent between selling α to the arbitrageur and trading with

the uninformed customers and not trading in period 1, assuming that the arbitrageur will the buy α

from another dealer, that the uninformed customers will also trade with another dealer and that the

price in the interdealer market is higher than the ask price.

• bid price: At the bid, the dealer is indifferent between buying α from the arbitrageur and trading with

the uninformed customers and not trading in period 1, assuming that the arbitrageur will sell α to
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another dealer, that the uninformed customers will also trade with another dealer, and that the price

in the interdealer market is lower than the bid price.

Formally, this means

0 = E
[(
−(τ bi − xi − α)2 · γ/2 + (xi + α)× ask − pb2τi

)
−
(
−(τnotrade)2 · γ/2− p2bτnotrade

) ∣∣ xi, p2 > ask

]

Solving the last equation for ask gives

ask =
N

N + 1
E
[
pb2
∣∣ p2 > ask, xi

]
+

γxi
(N − 1)2

. (3.26)

Analogously, one gets

bid =
N

N + 1
E
[
ps2
∣∣ p2 < bid, xi

]
+

γxi
(N − 1)2

. (3.27)

For the sake of clarity, we now neglect any influence of the dealer’s uninformed orderflow xi on markups,

i.e. we consider the limiting case for σi → 0 and α→ 0. Then the arbitrageur, who knows p2 will buy from

the dealer if and only if

p2 >
N

N + 1
E
[
p2

∣∣ xi, p2 > ask
]
,

where p2 is again determined as in Section 3.6.2.

Analogously, the arbitrageur will sell the asset to the dealer if and only if

p2 <
N

N + 1
E
[
ps2
∣∣ xi, p2 < bid

]
.

The ask price converges in probability to N
N+1p2 if (corr(xi, p2))2 → 1. Thus, the probability that the

arbitrageur buys if p2 > 0 goes to one if (corr(xi, p2))2 → 1.

Analogously, one can show that the probability that the arbitrageur will sell to the dealer goes to one

if p2 < 0 and (corr(xi, p2))2 → 1. Since p2 6= 0 almost surely, the arbitrageur will trade with a probability

that is arbitrarily close to 1 if contacting a sufficiently informed dealer.

On the other hand, consider the case in which corr(xi, p2) = 0. Then, it can be shown that the dealer will

charge a fixed positive bid-ask spread with midpoint zero and the arbitrageur will not trade in the (positive-
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probability) event that p2 falls into that spread. Proposition 18 formalizes and proves these statements.

3.6.5 Discussion

The model presented above describes a mechanism according to which dealers may include expectations

about future prices because the dealers’ reservation price, i.e. the price at which dealers are indifferent

between trading and not trading, changes.

In actual markets, dealers may not necessarily quote their own reservation price, but may add a markup

that depends on the clients bargaining power. The model does not analyse those additional markups.

However, in empirical analyses it may be necessary to control for determinants of those markups in order to

determine the proper effect of expected price changes on dealers’ quotes.

3.7 Conclusion

Extending previous work on informed trading in FX markets, we document heterogeneity in the traders’

informedness, as measured by their price impact. We also show that informedness is persistent, i.e. traders

with a high price impact in one period are likely to have a high price impact in another period. Moreover,

we present evidence suggesting that informed traders are more likely to trade with informed dealers. These

findings are consistent with recent theory papers (Lee and Wang (2019)), Glode and Opp (2019)) that argue

that non-anonymous OTC markets with a two-tiered market structure with ”intermediation chains” may help

alleviate asymmetric information frictions. Our findings are also consistent with Evans and Lyons (2002)

and suggest that information frictions are also prevalent in a large market such as the Foreign-Exchange

market, even though its underlying fundamentals are traditionally largely thought of as driven by systematic

macro-economic risks. This has implications for the regulation of financial markets. If OTC markets with

their two-tiered structure exist largely due to the rent-seeking behavior of a small set of large dealers who

find ways to stymie competition, then regulators should mandate trading on exchanges, which would reduce

excessive markups and, by lowering trading costs, lead to more efficient trade.11 If, on the other hand, OTC

markets help alleviate significant financial frictions, then it is less clear that all assets should be traded on

anonymous centralized exchanges. The results in this paper offer some support in favor of this second view,

and thus suggest that caution may be warranted when regulating financial market structure.

11Convincing evidence that channeling trades of smaller less sophisticated traders onto electronic trading platforms indeed
leads to less price dispersion and more competitive prices is given in Hau et al. (2019). See also Duffie and Strulovici (2012).
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3.8 Appendix

3.8.1 Additional description of the data

Figure 3.5: Histogram of maturity dates. This figure shows the frequency with which contracts of the

maturities with values on the horizontal axis are traded. The sample period is May 2018 to April 2019.

Maturity is expressed in days.

0
.0

1
.0

2
.0

3
.0

4
.0

5
D

en
si

ty

0 100 200 300 400
between

Table 3.15: Trades in the C2C market. This table shows the number of trades that are executed between

the dealers’ customers directly in the sample period from May 2018 to April 2019. Stars signal that values

have been omitted due to confidentiality concerns.

Non-financial Fund Ins. & Pen. Central Bank Government Empty

Non-financial 7,115

Fund 247,269 165,206

Insurance & Pension 312 991 8

Central Bank 0 0 0 0

Government 279 509 7 0 0

Empty 14,351 125,155 891 98 92 *
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Table 3.16: Average notional in the C2C market. This table shows the average notional in EUR of

trades that are executed between the dealers’ customers directly in the sample period from May 2018 to

April 2019.

Non-financial Fund Ins. & Pen. Central Bank Government Empty

Non-financial 892,935

Fund 125,273 3,454,508

Insurance & Pension 333,659 6,798,043 44,725,209

Central Bank 0 0 0 0

Government 11,874,660 4,830,630 10,092,969 0 0

Empty 6,711,257 573,142 67,393,467 25,702,818 110,600,000 34,234

Table 3.17: Average notional and number of trades in the D2D market. This table shows the

number of trades and the average notional in EUR of trades that are executed between the dealers’ customers

directly in the sample period from May 2018 to April 2019. Stars signal that values have been omitted due

to confidentiality concerns.

number of trades average notional volume

G16 Bank G16 Bank

G16 995,490 98,028,476

Bank 383,859 * 90,904,190 40,811,433
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Figure 3.6: Markups. This figure shows the average markups across all traders over the sample period.
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Figure 3.7: Histogram of average trades per day. This figure shows the distribution of the trader’s

average number of trades per day conditional on trading. All traders that trade 12 time or more on average

per day when trading have been allocated to the last group, i.e. to the 11-trades group.
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Figure 3.8: Persistence of price impact and the size of markups. In Panel A, a group’s average

1-minute price impact in the second half of the sample is plotted against its 1-minute price impact in the

first half of the sample. In Panel B, a group’s average 1-day price impact in the second half of the sample is

plotted against its 1-day price impact in the first half of the sample. Larger circles correspond to groups in

which trades are associated with higher markups on average in the first half of the sample.
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Figure 3.9: Persistence of price impact and the size of total notional traded. In both panels, a
group’s average 1-day price impact in the second half of the sample is plotted against its 1-day price impact
in the first half of the sample. In Panel A, only HFT market participants are considered and in B, only
non-HFT market participants are considered. Larger circles correspond to groups in which traders generate
a higher total notional volume (EUR) in the first half of the sample.
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Figure 3.10: Persistence of 1-minute price impact and the size of total notional traded for HFT
and non-HFT market participants. In both panels, a group’s average 1-minute price impact in the
second half of the sample is plotted against its 1-minute price impact in the first half of the sample. In Panel
A, only HFT market participants are considered and in B, only non-HFT market participants are considered.
Larger circles correspond to groups in which traders generate a higher total notional volume (EUR) in the
first half of the sample.

Figure 3.12: Histogram of the dealers’ informedness.
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Figure 3.11: Persistence of 1-day price impact and the size of total notional traded for HFT and
non-HFT market participants. This figure a group’s average 1-minute price impact in the second half
of the sample against its 1-minute price impact in the first half of the sample. Larger dots correspond to
groups in which traders generate a higher notional volume (EUR) per trade in the first half of the sample.

Table 3.18: Permanent price impact of traders. This table shows the average changes in the benchmark

rates for the 1-minute and the 1-day horizon, the corresponding standard deviations as well as t-stats for

each trader type. The standard deviations refer to single observations as opposed to the mean estimates.

1-day impact 1-minute impact

trader type mean std. dev. t-stat mean std. dev. t-stat

CENTRAL BANK -0.0000133 0.0048531 -0.21 0.00000326 0.0002118 1.16

EMPTY 0.0000224 0.0046875 3.39 0.00000106 0.0002322 3.23

FUND 0.0000189 0.0046789 4.99 0.0000011 0.0002296 5.91

GOVERNMENT -0.00000701 0.004862 -0.24 0.00000564 0.0002611 3.57

INSURANCE & PENSION -0.0000763 0.0049035 -4.71 0.00000216 0.0002271 2.88

NON-FINANCIAL 0.0001174 0.0048899 19.03 0.00000133 0.0002408 4.38
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Figure 3.13: Informedness and sensitivity with respect to price impact. After having sorted trades
first into quintiles based on dealer informedness and then having sorted trades within each quintile into
two groups based on 1-day price impact, this figure shows the difference in the average markups of the
group with a high 1-day price impact and the group with a low 1-day price impact for the 5 quintiles. The
difference in markups is called slope. In Panel B, After having sorted trades first into terciles based on
dealer informedness and then having sorted trades within each tercile into 10 groups based number of trades
(holding the number roughly constant within each group), this figure shows average markups for each group
an the average 1-day price impact of the trades of each group. Red dots (informed dealers) refer to trades
where the dealer informedness is in the highest tercile, while blue dots (uninformed dealers) refer to trades
where the dealer informedness is in the lowest tercile.

Table 3.19: Price impact of dealers’ clients. This table shows the average clients price impact for the

1-minute and the 1-day horizon as well as the corresponding standard deviations aggregated for each dealer

type.

1-day impact 1-minute impact

trader type mean std. dev. t-stat mean std. dev. t-stat

BANK 0.0000706 0.004668 12.54 0.0000011 0.0002506 3.74

G16 0.0000278 0.004762 8.45 0.0000013 0.0002267 8.03
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Table 3.20: Markups for traders. This table shows the average markup for each trader type as well as

the corresponding standard deviations. Stars indicate that values are not reported due to confidentiality

concerns.

trader type mean standard deviation

CENTRAL BANK * 0.0009116

EMPTY 0.0001678 0.0042364

FUND 0.0000754 0.0020724

GOVERNMENT 0.0001240 0.0014073

INSURANCE & PENSION 0.0000091 0.0015384

NON-FINANCIAL 0.0003284 0.0055631

Table 3.21: Markups from dealers. This table shows the average markup for each dealer type as well as

the corresponding standard deviations.

trader type mean standard deviation

BANK 0.000317 0.004075

G16 0.000092 0.003378

Table 3.22: Informedness and price impact. This table shows the average price impact of clients whose

dealers have informedness above the median compared to analogous statistics when dealers’ informedness

is below the median. Informedness is defined as in Section 3.4. Besides average 1-day and 1-minute price

impact, the table shows the total number of trades executed by each group of dealers as well as the number

of dealers that belongs to each group.

1-day price impact 1-minute impact trades number of dealers

uninformed 0.000036600 0.000000538 1447095 34

informed 0.000041900 0.000001960 1359241 108
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Table 3.23: Connectedness in D2D market and price impact. This table shows the average price

impact of clients whose dealers have more connections in the D2D market than the median compared to

analogous statistics when dealers have fewer connections than the median. Besides average 1-day and 1-

minute price impact, the table shows the total number of trades executed by each group of dealers as well

as the number of dealers that belongs to each group.

1-day price impact 1-minute impact trades number of dealers

unconnected .000039 0.0000013200 1,508,747 125

connected .000044 0.0000009440 1,237,597 7

Table 3.24: Connectedness in D2C market and price impact. This table shows the average price

impact of clients whose dealers have more connections in the D2C market than the median compared to

analogous statistics when dealers have fewer connections than the median. Besides average 1-day and 1-

minute price impact, the table shows the total number of trades executed by each group of dealers as well

as the number of dealers that belongs to each group.

1-day price impact 1-minute impact trades number of dealers

unconnected 0.000048 0.00000117 1,595,402 137

connected .0000276 0.00000131 1,210,934 5
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Table 3.25: Probability of being an informed dealer. We run the regression

R2 = BX + ε,

where R2 is the informedness measure described in the text. This table shows the coefficient estimates B

for various explanatory variables X as well as robust standard errors. In columns 1 to 3 we focus on dealers

executing more than 0.5% of the notional volume of the entire D2C market. In columns 4-6 we focus on

dealers executing more than 2.5% of the notional volume (EUR) of the entire D2C market.

> 0.5% notional volume > 2.5% notional volume

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

total notional traded notional -0.96 0.04 -0.60 -2.90***

(1.05) (1.60) (0.91) (0.65)

# trades dealer -0.10** -0.01 -0.12** -0.22***

(0.05) (0.07) (0.04) (0.05)

D2D counterparties -0.00

(0.00)

D2C counterparties -0.00

(0.00)

Constant 0.00** 0.00*** 0.01** 0.00* 0.00*** 0.01***

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

N 20.00 20.00 20.00 11.00 11.00 11.00

* p < 0.10, ** p < 0.05, *** p < 0.01

189



Table 3.26: Markups and price impact in different subsam-

ples with fixed effects Using dealer-client fixed effects, we run

the regression

markupit = BX + ε,

where εit is an error term, X are explanatory variables specified in

the table and markupit is the markup that trader i has to pay at

time t. We report coefficients B and standard errors that are clus-

tered at the dealer level. In column 1, we focus on HFT market

participans, and in column 2 we focus on non-HFT market par-

ticipants. In column 3 we exclude all traders labelled as neg-PI

traders. In column 4 we focus only on those traders. In column

5 we focus on the trades for which volatility is below the median

across all trades and in column 6 we focus on trades for which

volatility is above the median across all trades. We excluded all

trades with markups below -2% and above 3%. Order imbalance

has been divided by 106.

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

HFT non-HFT no low-PI low-PI low vol high vol

real. 1-day impact × info dummy 0.006 0.011** 0.008** 0.019*** 0.008** 0.011*

(0.004) (0.005) (0.004) (0.007) (0.003) (0.006)

realized 1-day impact 0.009*** 0.009*** 0.009*** 0.007*** 0.008*** 0.009***

(0.002) (0.002) (0.002) (0.001) (0.002) (0.002)

realized 1-minute impact min 0.150*** 0.061** 0.083*** 0.148* 0.103** 0.085***

(0.049) (0.029) (0.026) (0.075) (0.051) (0.029)

market conditions:

volatility 1.126 0.444* 0.870** 0.107 0.553 0.685

(0.699) (0.235) (0.409) (0.434) (0.723) (0.545)

smart average 1-day impact 0.004 -0.000 0.003 -0.005 0.007 -0.004

(0.009) (0.007) (0.006) (0.012) (0.005) (0.011)

(To be continued)
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Table 3.26-Continued.

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

HFT non-HFT no low-PI low-PI low vol high vol

varying trader characteristics:

log(traders’ monthly counterparties) 0.014 -0.027** -0.005 -0.077*** 0.002 -0.017

(0.046) (0.011) (0.022) (0.028) (0.028) (0.018)

log(trader’s monthly trades) 0.032** 0.023** 0.032*** -0.008 0.011 0.040***

(0.012) (0.010) (0.007) (0.042) (0.012) (0.011)

varying dealer characteristics:

dealer’s signed OI 0.048 0.020 0.038 0.015 0.044 0.026

(0.041) (0.024) (0.034) (0.026) (0.040) (0.025)

Constant -0.000 0.000*** 0.000 0.000 0.000 -0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

N 961931 1780807 2286548 456190 1384874 1357864

p < 0.05, ** p < 0.01, *** p < 0.001
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Table 3.27: Probability of trading with connected dealers. We run the regression

connected = BX + ε,

where εit is an error term, X are explanatory variables specified in the table and connected is the the

connectedness dummy discussed in Section 3.4. We report coefficients B and standard errors that are

clustered at the trader level. The dataset includes D2C trades. We excluded all trades with markups below

-2% and above 3%.

excluding HFT HFT only

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

avg. 1-day impact -2.26 -2.11 -3.09 18.18 19.86 -11.90

(3.57) (3.56) (3.41) (73.43) (72.51) (70.97)

avg. 1-min impact 33.42 -29.67 320.21 -53.76

(77.69) (73.73) (2227.70) (2190.89)

realized 1-day impact 0.03 0.03 -0.09 -0.23*

(0.05) (0.05) (0.13) (0.12)

realized 1-min impact -2.38** -2.24** -0.28 0.28

(1.04) (1.04) (1.85) (2.07)

log(counterparties) 68.15*** -69.73

(9.05) (50.16)

log(monthly trades) -48.87*** 115.78***

(6.00) (44.19)

volatility -929.89*** 65.94

(120.59) (597.69)

Constant 0.42*** 0.42*** 0.58*** 0.51*** 0.52*** -0.21

(0.01) (0.01) (0.01) (0.07) (0.07) (0.31)

* p < 0.10, ** p < 0.05, *** p < 0.01

3.8.2 Technical details

This appendix contains technical results related to the model extension in section 3.6.4. First, it is shown

that there are unique solutions to the fixed-point problems in (3.26) and (3.27). To this end, a result on
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truncated normal random variables is useful.

Definition 3. A truncated normal random variable with parameters µ and σ and threshold a has the

distribution of a normal random variable Y with mean µ and variance σ2 conditional on Y > a. Thus, X

has has the density

dP({X < x})
dx

=





1
σφ( x−µσ )

1−Φ( x−µσ )
if x ≥ a,

0 if x < a,

(3.28)

where φ denotes the density of a standard normal random variable and Φ denotes the distribution function

of a standard normal random variable.

Lemma 13. Let X be a truncated normal random variable with parameters µ, σ and threshold a. Let

κ :=
a− µ
σ

. (3.29)

Then,

E(X) = µ+ σλ (κ) (3.30)

and

V(X) = σ2
[
1− λ(κ)(λ(κ)− κ)

]
, (3.31)

where λ denotes the hazard rate function of a standard normal random variable, i.e.

λ(x) :=
φ(x)

1− Φ(x)
. (3.32)

Proof. Using the density in (3.28), the moment generating function of X is given by
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M(t) := E
(
etX
)

=
1

1− Φ
(
a−µ
σ

) 1

σ
√

2π

∫ ∞

a

etse−
(s−µ)2

2σ2 ds

=
1

1− Φ
(
a−µ
σ

) 1

σ
√

2π
eµt+σ

2t2/2

∫ ∞

a

e−
(s−µ−σ2t)2

2σ2 ds

= eµt+σ
2t2/2

1− Φ
(
a−µ
σ − σt

)

1− Φ
(
a−µ
σ

)

The first two derivatives are given by

M ′(t) = (µ+ σ2t)eµt+σ
2t2/2

1− Φ
(
a−µ
σ − σt

)

1− Φ
(
a−µ
σ

) + eµt+σ
2t2/2

σφ
(
a−µ
σ − σt

)

1− Φ
(
a−µ
σ

)

and (using φ′(x) = −xφ(x))

M ′′(t) =
(
σ2 + (µ+ σ2t)2

)
eµt+σ

2t2/2
1− Φ

(
a−µ
σ − σt

)

1− Φ
(
a−µ
σ

) + 2(µ+ σ2t)eµt+σ
2t2/2

σφ
(
a−µ
σ − σt

)

1− Φ
(
a−µ
σ

)

+σ2

(
a− µ
σ
− σt

)
eµt+σ

2t2/2
φ
(
a−µ
σ − σt

)

1− Φ
(
a−µ
σ

) .

Evaluating those derivatives at zero gives

E(X) = M ′(0) = µ+ σ
φ
(
a−µ
σ

)

1− Φ
(
a−µ
σ

)

and

E(X2) = M ′′(0) = µ2 + σ2 + 2µσ
φ
(
a−µ
σ

)

1− Φ
(
a−µ
σ

) + σ2

(
a− µ
σ

) φ
(
a−µ
σ

)

1− Φ
(
a−µ
σ

) .

Using (3.29), (3.32) and V(X) = E(X2)− E(X)2, one now gets (3.31).

The results in Lemma 13 can be used to show the existence and uniqueness of a bid ask spread that a
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dealer is willing to quote once contacted by an arbitrageur.

Lemma 14. For any given customer demand xi and a given covariance matrix Σ of the demanded quantities

xj, j = 1, ..., N , there are a unique ask ∈ R and a unique bid ∈ R such that (3.26) and (3.27) hold.

Proof. This proof focuses on a solution to (3.26), since the corresponding statement for (3.27) is shown

analogously. For a fixed demand of uninformed customers xi, consider the function f : R→ R defined by

f(t) :=
N

N + 1
E
[
p2|xi, p2 > t

]
+

γxi
(N − 1)2

such that (3.26) can be rewritten as f(ask) = ask. We also have

E
[
p2|xi, p2 > t

]
=

∫∞
t
sρ(s) ds∫∞

t
ρ(s) ds

,

where ρ is the density of p2 with respect to the Lebesgue measure of p2 conditional on the realization of

x2. Due to (3.24), the joint normality and analogously to the reasoning in the text before (3.15), this means

(by the normal projection theorem) that µ is the density of a normal random variable with mean

µ :=
γ

N
1′Σ−1

i,i Σ∗,ixi −
γα

N(N − 2)
(3.33)

and variance

σ2 :=
γ2

N2


1′Σ1−

(
1′Σ∗,i

)2

Σi,i


 . (3.34)

By (3.30) in Lemma 13, we have

E
(
p2|xi, p2 > K

)
= µ+ σλ

(
K − µ
σ

)
. (3.35)

By the Banach Fixed Point Theorem, there is a unique ask ∈ R with ask = f(ask) if |f ′(x)| ≤ M with

0 < M < 1 for all x ∈ R. The latter is shown in two steps:

1. The hazard rate function λ ist strictly increasing, i.e. λ′ > 0.

2. The hazard rate function λ satisfies λ′ < 1

Then, λ′(x) ∈ (0, 1) implies f ′(x) ∈ (0, N
N+1 ). Thus, the claim follows by the Banach Fixed-Point

Theorem.
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To prove the first step, differentiate the hazard rate function. Using the facts that φ′(x) = −xφ(x) (which

can be verified by simple computation) and Φ′(x) = φ(x) (which holds by definition), one gets

λ′(x) =
φ′(x)(1− Φ(x)) + Φ′(x)φ(x)

(1− Φ′(x))2

= −x φ(x)

1− Φ(x)
+

(
φ(x)

1− Φ(x)

)2

= λ(x)(λ(x)− x). (3.36)

Applying the formula (3.30) for the expectation of truncated normal random variables to a standard

normal random variable X, one gets

λ(x) = E(X|X > x) > x.

Since by (3.32) one has λ > 0, it now follows from (3.36) that λ′(x) > 0 for all x ∈ R.

To prove the second step, note that the expression on the left-hand side of (3.31) must be positive for

any κ ∈ R. This implies that

λ(x)(λ(x)− x) < 1

for all x ∈ R. Now it follows with (3.36) that λ′(x) < 1 for x ∈ R.

In order to characterize the bid ask spread for different levels of dealer informedness, the following two

auxiliary results are useful.

Lemma 15. The expression σλ
(
x
σ

)
, where λ is given by (3.32), is strictly monotone increasing in σ for all

x ∈ R and all σ > 0.

Proof. Let x ∈ R and 0 < σ1 < σ2. As shown in the proof of Lemma 14, one has 0 < λ(y) > y and λ′(y) < 1

for all y ∈ R. From these two fact it follows that the line l :
[

0, xσ1

)
→ R with

l(y) := y
λ(x/σ1)

x/σ1

lies strictly below λ on its domain. Using y = x/σ2, this implies
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σ1

σ2
λ(x/σ1) < λ(x/σ2).

Multiplying both sides by σ2 gives

σ1λ

(
x

σ1

)
< σ2λ

(
x

σ2

)
.

We can now prove the claim that the arbitrageur is almost always able to trade with the dealer if the

dealer is sufficiently informed. Moreover, the following results states the resulting bid-ask spreads for both

informed and uninformed dealers and provides an expression for the probability with which an arbitrageur is

able to trade with a completely uninformed dealer given that the dealer’s order flow from uninformed clients

is negligible.

Proposition 18. Let

R2 :=

(
1′Σ∗,i

)2

Σi,i1′Σ1
.

be the squared correlation between dealer i’s order flow from uninformed customers and the future price

p2, let Σi,i → 0 and let α→ 0. Then,

• As R2 → 1, both the ask (bid) of dealer i converges in probability to N
N+1p2 if p2 > 0 (p2 < 0) and to

zero otherwise and the probability that the arbitrageur trades with the dealer goes to 1.

• If R2 = 0, one has

ask

γ
√

1′Σ1/N
= S

and

bid

γ
√

1′Σ1/N
= −S,

where S satisfies the fixed-point equation

S :=
N

N + 1
λ(S),
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where λ is given by (3.32). In this case, the probability that the arbitrageur trades with the dealer is

strictly below 1.

In the following, the first and second bullet point are proved separately. Due to symmetry, only the

expressions for the limit of the ask price will be derived explicitly.

Step1: Proof of the first bullet point.

With the ask price given by (3.26) and using (3.33), (3.34) and (3.35) from the proof of Lemma 14, one

has

ask
p→ N

N + 1
E
[
p2

∣∣ p2 > ask, xi

]

=
N

N + 1

(
µ+ σλ

(
ask − µ

σ

))
(3.37)

as Σi,i → 0. This convergence can be shown using Chebyshev’s inequality. In the following, the limit in

(3.37) will be examined for R2 → 1. First, R2 → 1 and (3.34) imply

σ → 0. (3.38)

Moreover, for σ > 0, it must always be the case that ask > N
N+1µ. Suppose that is not the case. Then

one would get the contradiction

N

N + 1
µ ≥ ask =

N

N + 1

(
µ+ σλ

(
ask − µ

σ

))
>

N

N + 1
µ.

Since, for any fixed µ > 0, the ask prices are bounded from below and are, by Lemma 15, strictly

increasing in σ, the prices must converge as σ → 0, holding µ fixed.

Note that 0 < λ′(x) < 1 implies that

max{λ(x)− x|x ≥ 0} = λ(0) =

√
2

π
. (3.39)

Suppose now, that limσ→0 ask ≥ µ. Then, using (3.39), one would obtain the contradiction

lim
σ→0

ask = lim
σ→0

N

N + 1

(
µ+ σλ

(
ask − µ

σ

))
≤ lim
σ→0

N

N + 1

(
µ+ σ

√
2

π
+ (ask − µ)

)
=

N

N + 1
lim
σ→0

ask.
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Thus,

lim
σ→0

ask < µ. (3.40)

Since for any x < µ and a standard normal random variable X, one has

lim
σ→0

λ

(
x− µ
σ

)
= lim
b→−∞

E(X|X > b) = 0,

it must be the case that

lim
σ→0

ask = lim
σ→0

N

N + 1

(
µ+ σλ

(
ask − µ

σ

))
=

N

N + 1
µ. (3.41)

Suppose now that µ < 0. Because ask − µ > − 1
N+1µ for any σ > 0 due to the above reasoning, one has

lim
σ→0

σλ

(
ask − µ

σ

)
→ ask − µ

because of (3.39). If now follows that the ask price has to satisfy

lim
σ→0

ask =
N

N + 1
(µ+ lim

σ→0
ask − µ),

i.e. limσ→0 ask = 0.

Since µ
p→ p2 as σ → 0 and α → 0, where p2 is determined as in Section 3.6.2, the probability that

ask < p2 if p2 > 0 goes to 1 as σ → 1. Analogously, the probability that bid > p2 if p2 < 0 goes to 1 as

σ → 1. To conclude, the probability that the arbitrageur trades with the dealer goes to 1 as σ → 1, since

p2 > 0 or p2 < 0 with probability 1.

Step2: Proof of the second bullet point.

As above, the limit in (3.37) is examined for R2 = 0. The last two conditions and (3.34) imply

σ →∞. (3.42)

Moreover, since R2 = 0, one always has µ = 0 as can be seen from (3.33), since 1′Σ−1
i,i Σ∗,i = 0 in this

case. Thus, (3.37) becomes

ask
p→ N

N + 1

(
σλ

(
ask − µ

σ

))
(3.43)
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Instead of looking at the behavior of the ask prices directly, we consider the expression

K :=
ask

σ
.

If the ask price satisfies (3.43), then K satisfies

K =
N

N + 1
λ(K). (3.44)

Since 0 < λ′(x) < 1 for all x ∈ R, a solution K to (3.44) exists and is unique, which can be shown using

the Banach Fixed-Point Theorem. Moreover, K > 0, since λ(x) > 0 for all x ∈ R.

The probability that p2 > ask is given by 1−Φ(Kσ ), where K satisfies (3.44) and Φ denotes the distribution

function of a standard normal random variable. Since K > 0, this probability is less than 1
2 . Analogously,

the probability that p2 < bid is less than 1
2 . Thus, the arbitrageur will trade with the uninformed dealer

with a probability of less than 1. One obtains the expressions for the bid and ask prices in the statement of

the proposition by using (3.34) to express σ in terms of the primitive parameters.

3.8.3 The effect of measurement errors in the FX benchmark price on regression

coefficient estimates

While most data are generally affected by measurement errors, a potential measurement error in the bench-

mark price (e.g. due to noisy quotes from dealers in the TRTH database or imprecise timestamps in the

EMIR database) may pose a special problem since the benchmark price is used for both calculating price

impact and markups. This appendix has three goals:

1. It is explored how errors in the benchmark price of the transactions affect the coefficient estimates in

a regression of markups on price impact.

2. An argument is presented that, given the empirical results in the main text, the estimate of the impact

of 1-day price impact on markups has, under plausible conditions, an upward bias of no more than 1

% of the coefficient estimate.

3. It is shown that even if errors in the benchmark price are large, this effect does, under plausible

conditions, not affect estimates on how differently informed dealers respond to markups.
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A potential bias in coefficient estimates: To address the first of the above points, let t be the reported

time of a transaction that is observed in the dataset and let T be the point in time a fixed horizon after

the reported transaction (e.g. T − t is equal to one minute, one day, etc). Consider now the following five

random variables:

mo
t := observed FX benchmark price at time t,

m∗t := actual FX benchmark price at time t

mo
T := observed FX benchmark price at time T,

m∗T := actual FX benchmark price at time T,

P := price paid for the contract,

where the price of the contract is not affected by measurement errors. Moreover, let sign(trade) := 1 if

the trader buys and sign(trade) := −1 if the trader sells. With the definitions given above, we can define the

observed price impact, PIo, the true price impact, PI∗, the observed markup, MUo, and the true markup,

MU∗ as follows.

PIo := sign(trade)(mo
T −mo

t ),

P I∗ := sign(trade)(m∗T −m∗t ),

MUo := sign(trade)(P −mo
t ),

MU∗ := sign(trade)(P −m∗t ).

Using these definitions, we can express the observed variables in terms of the corresponding actual

variables:

PIo = PI∗ + sign(trade)(m∗t −mo
t )︸ ︷︷ ︸

=:ε1

+ sign(trade)(mo
T −m∗T )︸ ︷︷ ︸

=:ε2

, (3.45)

MUo = MU∗ + sign(trade)(m∗t −mo
t )︸ ︷︷ ︸

=ε1

, (3.46)
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where we also defined the error terms ε1 and ε2 that affect the observations of price impact and markup.

Consider now the univariate regression model

MU∗ = β0 + β1PI
∗ + ε, (3.47)

where ε is an error term and β1 = Cov(MU∗,PI∗)
V ar(PI∗) . We can estimate β1 by replacing actual values by

observed values, but then, by (3.45) and (3.46), our estimate β̂1 becomes (in a large sample)

β̂1 =
Cov(MUo, P Io)

V ar(PIo)
=
Cov(MU∗ + ε1, P I

∗ + ε1 + ε2)

V ar(PI∗ + ε1 + ε2)
, (3.48)

which is not necessarily equal to the true β1.

Quantifying the bias: In the following, an upper bound for the bias derived above is stated for the case

in which errors are uncorrelated with the true markup. It is also assumed that errors are uncorrelated with

each other as well as with the true price impact. Let β̂minute1 and β̂day1 denote the estimates of the regression

coefficient β1 from (3.47), where PIo stands for the observed 1-minute price impact or for the 1-day price

impact, respectively. Note that the error ε1 that affects those estimates is the same for the case with the

1-day price impact as for the case with the 1-minute price impact. The coefficient estimates β̂1 for various

horizons are shown in Table 3.28. As for the regressions in Section 3.4, trades by CCPs and central banks

as well as trades with extreme markups have been excluded from the regressions shown in Table 3.28.
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Table 3.28: Markups and price impact. This table shows coefficient estimates for an OLS regression

of markups on realized values of the price impact for various horizons. Standard errors are clustered on

the dealer level and shown in parentheses. Trades by central banks, CCPs as well as trades with markups

smaller than 2% or greater than 3% have been excluded.

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

all non-HFT HFT all all all all all

1-min impact 0.081** 0.043 0.141*** 0.085*** 0.086**

(0.032) (0.029) (0.049) (0.032) (0.034)

30-min impact 0.035*** 0.026***

(0.008) (0.008)

1-day impact 0.016*** 0.016*** 0.006***

(0.002) (0.002) (0.002)

5-day impact 0.013*** 0.011***

(0.002) (0.001)

Constant 0.000*** 0.000*** 0.000** 0.000*** 0.000*** 0.000*** 0.000*** 0.000***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

* p < 0.10, ** p < 0.05, *** p < 0.01

The estimates

If Cov(MU∗, P I∗) ≥ 0, we get from (3.48) and and the correlations assumed above that

V ar(ε1) ≤ β̂minute1 V ar(PIo). (3.49)

Looking at Table 3.28, we have β̂minute1 ≈ 0.1. and β̂day1 ≈ 0.01. Using standard deviations of the

observed 1-minute price impact, PIo,minute, and 1-day priceimpact, PIo,day from Tables 3.18 and 3.19, we

get V ar(PIo,minute) ≈ (0.0002)2 and V ar(PIo,day) ≈ (0.005)2. Using these approximations, we get from

(3.49) that

V ar(ε1) / 4 · 10−10.

We also get
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Cov(PIo,day,MUo) = β̂day1 · V ar(PIo,day) ≈ 3 · 10−7.

and therefore, considering (3.48), that

β̂day1

βday1

=
Cov(Mo, P Io,day)

Cov(Mo, P Io,day)− V ar(ε1)

V ar(PIo,day)− V ar(ε1)− V ar(ε2)

V ar(PIo,day)

≤ Cov(Mo, P Io,day)

Cov(Mo, P Io,day)− V ar(ε1)

≈ 3 · 10−7

3 · 10−7 − 4 · 10−10
.

The potential upward bias can therefore only be in the order of magnitude of 0.1% of the original

coefficient estimate.

One can see in Table 3.28 that the relationship between price impact and markups is very robust with

respect to the horizon. Moreover, comparing model 1, model 3 and model 5, the coefficient estimates

barely change, when including more variables. If the observations would be heavily affected by a common

measurement error, we would expect that estimates would change more, since the independent variables

would be heavily correlated. Only after including the 5-day price impact (model 6), the coefficient estimate

for the 1-day price impact changes, which is plausibly explained by the correlation between 1-day and 5-day

price changes.

Moreover, while 1-minute price impact is significantly related to the markups for non-HFT client, the

same is not true for HFT clients. Unsless the trades of HFT clients have on average a different error, this

suggests that the strong result for non-HFT clients is not driven by the error.

No upward bias for the estimate for the interaction term: Consider the linear regression model

MU∗ = β0 + β1PI
∗ + ε+ β2PI

∗1informed + ε, (3.50)

whith the same interpretion as (3.47) and 1informed = 1 if the trade happens with a dealer that is

classified as informed and 1informed = 0 otherwise. As the sample becomes large, one has

β̂2 = β̂informed1 − β̂uninformed1 ,

204



where β̂informed1 and β̂uninformed1 are the estimates of β1 from running the regression in (3.47) for informed

dealers only and uninformed dealers only, respectively. Using the results from above and assuming that

V ar(ε1) as well as the variance of the price impact do not change across informed and uninformed dealers,

we have

β̂2 =
Cov(MI∗, P I∗| informed)− Cov(MI∗, P I∗| uninformed)

V ar(PIo)

as the sample becomes large, whereas the true coefficient satisfies

β2 =
Cov(MI∗, P I∗| informed)− Cov(MI∗, P I∗| uninformed)

V ar(PI∗)
.

Under the assumptions stated above, V ar(PIo) ≥ V ar(PI∗). Thus, the positive estimate of β2 may only

be biased towards zero but not upwards if the estimate is positive.
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Janssen, M. C., J. L. Moraga-González, and M. R. Wildenbeest (2011). Oligopolistic markets with sequential

search and production cost uncertainty. The RAND Journal of Economics 42 (3), 444–470.

Jovanovic, B. and A. J. Menkveld (2014). Dispersion and skewness of bid prices.

Jovanovic, B. and A. J. Menkveld (2015). Dispersion and Skewness of Bid Prices. working paper.

Kim, O. and R. E. Verrecchia (1991). Market reaction to anticipated announcements. Econometrica 30 (2),

273–309.

Kondor, P. and G. Pintér (2019). Clients’ connections: Measuring the role of private information in decen-

tralised markets. working paper.

Kyle, A. S. (1985). Continuous auctions and insider trading. Econometrica 53 (6), 1315–1336.

Kyle, A. S. (1989). Informed Speculation with Imperfect Competition. The Review of Economic Stud-

ies 56 (3), 317–355.

Kyle, A. S., A. A. Obizhaeva, and Y. Wang (2017). Smooth Trading with Overconfidence and Market Power

. The Review of Economic Studies, 1–52.

Lagos, R. and G. Rocheteau (2009a). Liquidity in asset markets with search frictions. Econometrica 77 (2),

403–426.

Lagos, R. and G. Rocheteau (2009b). Liquidity in asset markets with search frictions. Econometrica 77 (2),

403–426.

211



Lagos, R., G. Rocheteau, and P.-O. Weill (2011a). Crises and liquidity in over-the-counter markets. Journal

of Economic Theory 146 (6), 2169–2205.

Lagos, R., G. Rocheteau, and P.-O. Weill (2011b). Crises and liquidity in over-the-counter markets. Journal

of Economic Theory 146, 2169–2205.

Lee, T. and C. Wang (2018). Why trade over-the-counter? when investors want price discrimination.

Lee, T. and C. Wang (2019). Why trade over-the-counter? when investors want price discrimination. working

paper.

Lester, B., G. Rocheteau, and P.-O. Weill (2015a). Competing for order flow in otc markets. Journal of

Money, Credit and Banking 47 (S2), 77–126.

Lester, B., G. Rocheteau, and P.-O. Weill (2015b). Competing for Order Flow in OTC Markets. Journal of

Money, Credit and Banking 47 (2), 77–126.

Lester, B., A. Shourideh, V. Venkateswaran, and A. Zetlin-Jones (2017). Screening and adverse selection in

frictional markets. working paper.

Levin, D. and J. L. Smith (1994). Equilibrium in auctions with entry. The American Economic Review ,

585–599.
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