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Abstract
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mediate large volumes of transactions and to acquire low levels of expertise, whereas dealers
profit more from acquiring expertise when intermediating large volumes of transactions. Our
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best data, technology, and skills, despite the significant adverse selection concerns triggered
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1 Introduction

A seminal insight from the literature on asymmetric information, dating back to at least Akerlof

(1970), is that one should be wary of trading against a counterparty that possesses superior exper-

tise (e.g., data, technology, and skills). Such counterparty can condition its trading decisions on

superior information and take advantage of less informed traders. Yet, in real financial markets,

the dealers that intermediate most trades happen to be extremely sophisticated institutions (see,

e.g., Hagströmer and Menkveld 2019). For example, Goldman Sachs remains the second most

active over-the-counter (OTC) dealer of derivatives among U.S. banks while spending $400M per

year to acquire financial data from third-party sources and $400K on average per employee to

attract, compensate, and retain the best and brightest.1 When a financial institution acts as an OTC

“dealer,” it buys and sells securities on its own behalf, using its expertise to make decisions that

boost the institution’s profits (see, e.g., Manaster and Mann 1996, Chae and Wang 2003, van der

Wel, Menkveld, and Sarkar 2009).2 It is thus puzzling that most investors and traders opt to trade

against expert dealers, despite the obvious adverse selection concerns associated with their supe-

rior expertise. Additionally, why don’t we see dealers trying to build a reputation for lacking the

private information and skills used to take advantage of their counterparties, thereby minimizing

adverse selection concerns?

In this paper, we jointly model dealers’ expertise acquisition and investors’ order-flow alloca-

tion in OTC markets. Dealers acquire costly expertise to improve their ability to value the assets

they trade with investors — expertise allows dealers to take advantage of the less informed in-

vestors that send them order flow. Investors, however, take into account the expertise each dealer

is expected to use against them when they choose how to split order flow across dealers.
1See OCC (2021), Campbell (2018), and Goldman Sachs’ 2021-Q4 earnings report for the specific numbers in the

sentence. For evidence of concentrated OTC intermediation for various types of assets, see Cetorelli et al. (2007),
Atkeson, Eisfeldt, and Weill (2014), Begenau, Piazzesi, and Schneider (2015), Di Maggio, Kermani, and Song (2017),
Hagströmer and Menkveld (2019), Li and Schürhoff (2019), Siriwardane (2019), and Hendershott et al. (2020), among
many others.

2This role contrasts with that of a “broker,” which executes orders on behalf of its clients and earns a flat commis-
sion for the service.
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An important and novel feature of our analysis consists of how we model dealers’ expertise

to capture the limited information spillovers across assets and transactions. In most models of

information acquisition, a trader’s expertise level dictates the informational quality of the signals

this trader can observe for all transactions being considered. While this assumption might be

realistic for highly specialized dealers or commodity markets, in many other settings a dealer’s

acquisition of superior information about a specific security or transaction is likely to have limited

pricing implications for other securities and transactions. For example, the majority of corporate

bonds trade less than twice a year (see Chaderina, Muermann, and Scheuch 2022) while differences

in maturity, duration, covenants, and collateral pledged render even bonds from the same issuer

imperfect substitutes. Thus, if a dealer gains an informational advantage for a specific transaction,

it does not mean that this dealer will also benefit from a similar advantage in all future transactions.

In our model, we assume that a dealer’s expertise level dictates the quantity of transactions for

which this dealer will have the attention and resources required to gain an informational advantage

over its counterparties. By hiring smart traders, purchasing fast computers, and acquiring propri-

etary databases, a dealer ends up increasing its capacity or bandwidth to take advantage of coun-

terparties across multiple transactions involving various assets within a short time period. When

investors are interested in trading different assets (e.g., various corporate bonds, municipal bonds,

and derivative products linked to different entities), a dealer’s resources must be split to assess the

terms of trade of all proposed transactions. Once the dealer allocates some scarce resources to value

an interest-rate futures contract for example, those same resources are no longer available to value

a currency swap that is part of a different transaction. As more order flow gets directed toward this

dealer, its resources are spread out more thinly across the proposed transactions, thereby weakening

this dealer’s ability to gain an informational advantage and assess the terms of trade associated with

each transaction. These “liquidity externalities” are reminiscent of models of rational inattention

in which an agent’s attention budget must be spread across a set of information and decisions (see,

e.g., Sims 2003, Kacperczyk, Van Nieuwerburgh, and Veldkamp 2016, Maćkowiak, Matějka, and
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Wiederholt 2023). They are also consistent with empirical findings by Corwin and Coughenour

(2008) and Chakrabarty and Moulton (2012) suggesting that dealers have limited attention and

resources they can dedicate to assessing their various trades. These liquidity externalities are the

first of two essential forces in our model.

As hinted earlier, our model features a tension between investors’ and dealers’ preferences for

dealers’ expertise capacity. Ceteris paribus, investors prefer to trade against dealers possessing

little expertise capacity, as it reduces adverse selection concerns. Dealers, on the other hand, prefer

to have access to high expertise capacity, as it allows them to extract a larger share of the surplus

when trading with investors. We show that, when the cost of expertise is sufficiently low, trad-

ing is concentrated around one dealer that acquires a high level of expertise in equilibrium. This

central dealer invests in expertise until investors are indifferent between trading with this dealer

whose expertise capacity is thinly spread among a large number of transactions (resulting in high

liquidity) and trading with less sophisticated dealers whose scarcer resources can be used to gain

informational advantages in a small number of transactions (resulting in low liquidity). Thus, para-

doxically, in equilibrium order flow is concentrated around a dealer that employs smarter traders,

owns faster computers, and has better data. This outcome arises because dealers’ expertise in-

vestments are endogenous responses to investors’ expected allocations of order flow. A dealer

expecting to intermediate a high volume of transactions cannot credibly commit to not acquiring

the expertise needed to take advantage of its unsophisticated counterparties. An outcome where

most order flow is concentrated around one unsophisticated intermediary cannot be sustained in

equilibrium as the large number of investors expected to do business with this “central” interme-

diary would render expertise acquisition too profitable for this intermediary. The endogeneity of

dealers’ expertise levels is the second essential force in our model.

Our paper contributes to the literature that studies the allocation of order flow in OTC markets.

In contrast with theoretical predictions from the large literature that assumes random matching in

OTC markets, Hagströmer and Menkveld (2019) and Hendershott et al. (2020) empirically show
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that order-flow matching patterns are highly persistent, thereby highlighting the need to under-

stand how traders select their counterparties. Green (2007) theoretically analyzes dealers’ incen-

tives to take advantage of investors who cannot compare terms of trade across dealers without

incurring search costs. Unlike us, Green (2007) does not study the endogenous acquisition of ex-

pertise by dealers in response to the expected volume of transactions or the liquidity externalities

of order-flow concentration in light of adverse selection concerns. Chacko, Jurek, and Stafford

(2008), Lester, Rocheteau, and Weill (2015) and Sambalaibat (2018) highlight the execution-speed

implications of order-flow concentration without modeling dealers’ optimal response in terms of

expertise acquisition. Pagano (1989) and Chaderina and Green (2014) endogenize market partici-

pation in light of liquidity externalities, but do not consider the role played by dealers’ endogenous

expertise.

Our paper shows how order-flow concentration can endogenously reduce trading inefficiencies

due to dealers’ superior information, thereby rationalizing why Li and Schürhoff (2019) find that a

few dealers tend to attract most OTC trade orders and that the marginal transaction intermediated

by these central dealers commands a smaller markup than the marginal transaction intermediated

by more peripheral dealers. Baumann et al. (2023) find that following corporate default, bond

investors concentrate their order flow around a few select dealers with superior expertise, and

receive better terms of trade than what is offered by other dealers. These findings are consistent

with our model’s equilibrium prediction that, despite its high expertise investments, a central dealer

offers better terms of trade than competing peripheral dealers.

A few recent papers have rationalized order-flow concentration around intermediaries that pos-

sess socially valuable information. Babus and Hu (2017) argue that trading through a central dealer

provides this dealer with information that is useful in policing counterparties and disciplining them

in case of misbehavior. Li and Song (2024) jointly model dealers’ expertise acquisition and in-

vestors’ order-flow allocation in OTC markets when a dealer’s superior information is directly

shared with its customers, who can then make better portfolio decisions thanks to the expertise
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acquired by their chosen dealers. They show that concentration around one dealer is optimal when

dealers effectively act as brokers or advisors. Bethune, Sultanum, and Trachter (2022) show that

if central dealers know more about the private valuations of their clients (e.g., their liquidity needs

or inventory levels), concentrating order flow around them improves trade efficiency. Relatedly,

Chang and Zhang (2021) show how trading concentration arises in equilibrium, thereby enhanc-

ing trade efficiency, if traders are uncertain about their counterparties’ trading needs when they

must form their trading network. In light of these insights, one might presume that, if endowing a

dealer with surplus-creating information increases the order flow allocated to this dealer as shown

in these papers, endowing a dealer with surplus-appropriating information might repel traders from

sending their order flow to such dealer. In many financial markets, superior information about the

common value of traded securities, such as their future cash flows or default probabilities, is likely

to be what most dealers aim to acquire. The resulting asymmetric information gives rise to adverse

selection and is therefore welfare destroying. In this paper, we focus on how the acquisition of

superior information about the common value of financial securities and the adverse selection it

creates affect order-flow allocations. We show that when dealers’ informational advantages are

used against their investors but have limited spillovers across transactions/securities, pooling order

flow around a central dealer is optimal for investors, as it protects them from adverse selection. At

a broader level, our paper contributes to the large literature shedding light on recent trends in U.S.

industrial concentration (see, e.g., Covarrubias, Gutiérrez, and Philippon 2019, and the references

therein) by highlighting a novel channel specific to the financial sector.

Finally, our paper contributes to the literature that studies information acquisition in OTC mar-

kets. Glode, Green, and Lowery (2012) highlight OTC traders’ incentives to overinvest in expertise

prior to their trading interactions in order to take advantage of their counterparties, but assume an

exogenous order-flow allocation. Glode and Opp (2020) show how predictable trading interac-

tions can incentivize costly information acquisition by OTC traders. Galeotti and Goyal (2010)

and Herskovic and Ramos (2020) study network formation games where information is shared
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within connections, leading to complementarities and concentration. Boyarchenko, Lucca, and

Veldkamp (2021) study information sharing among OTC dealers who learn from taking their cus-

tomers’ orders. All these papers are, however, silent about the liquidity externalities of order-flow

concentration in light of adverse selection concerns, which are the focus of our analysis.

2 Model

Our model has two stages. In the first stage, dealers acquire costly expertise while investors choose

the dealers with whom they will trade. In the second stage, trade takes place between investors and

dealers. We will first introduce the trading game and analyze agents’ optimal trading behavior in

the second stage. Using these results, we will then solve for the optimal amounts of expertise that

dealers acquire and the optimal allocations of order flow that investors choose in the first stage.

2.1 Trading Stage

Since the focus of our paper is on how dealers and investors behave in the first stage, we keep our

model of the second stage as simple as possible. While the model makes formal assumptions about

how trading occurs among agents, we will later emphasize the generic properties of trading games

that our central insights rely on.

Consider a trading game between the current owner of a financial asset and a prospective buyer.

The current owner values the asset for its common value v, whose realization can either be vl or

vh (> vl) with equal probabilities based on public information. The expected value of the asset is

then: E(v) ≡ vh+vl
2

. The prospective buyer reaches out to the current owner of the asset (a.k.a.,

the seller) because, in addition to its common value v, the buyer would collect a private benefit

b > 0 from acquiring and holding the asset (e.g., caused by unmodeled diversification, investment

horizon, or liquidity benefits). The existence of gains to trade b is public knowledge and implies

that trading the asset would improve welfare.
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Before a transaction occurs, the seller receives a private signal s ∈ {vl, vh} about the value of

the asset and this signal is accurate with probability α = 1
2
+ e. We use ei ∈

[
0, 1

2

]
to denote the

seller’s level of expertise for this specific transaction (relative to what the buyer knows). If e = 0,

the seller’s private signal is uninformative about the value of the asset, whereas if e = 1
2
, the seller

learns perfectly the value of the asset. We assume that, during the trading stage, both the seller and

the buyer know the level of e. While the seller’s transaction-specific expertise e is taken as given

in this stage, we will later formalize dealers’ incentives to invest in expertise (e.g., technology,

human capital, and data) and boost their e as a function of how they expect investors’ order flow to

be allocated.

To avoid signaling and equilibrium multiplicity concerns, we assume that the prospective buyer

makes a take-it-or-leave-it offer to purchase the asset from the (privately informed) seller at a price

P . When deciding which price P to offer, the buyer faces an intuitive tradeoff. Offering a higher

price means that the buyer is more likely to get the asset and realize the gains to trade b. However,

offering a higher price also means that, conditional on getting the asset, the buyer shares more of

its surplus with the seller.

Specifically, the buyer considers offering a price:

Ph = αvh + (1− α)vl = E(v) + e(vh − vl), (1)

which is equal to how much the seller would value the asset after observing a signal s = vh. If this

price is offered, the seller accepts to trade with the buyer regardless of whether the signal is s = vh

or s = vh, which is the socially optimal trading outcome as the gains to trade b are realized with

probability one.

The buyer alternatively considers offering a price:

Pl = αvl + (1− α)vh = E(v)− e(vh − vl), (2)
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which is equal to how much the seller would value the asset after observing a signal s = vl. The

seller accepts this price after observing a signal s = vl but not after observing a signal s = vh,

which means that the gains to trade b are destroyed half of the time.

Overall, the buyer’s expected surplus from offering a price P ∈ {Pl, Ph} is:

Π(α, b, P ) ≡


1
2
(1− α)(vh + b− Pl) +

1
2
α(vl + b− Pl) if P = Pl,[

1
2
α + 1

2
(1− α)

]
(vh + b− Ph) +

[
1
2
(1− α) + 1

2
α
]
(vl + b− Ph) if P = Ph,

=


b
2

if P = Pl,

b− e(vh − vl) if P = Ph.

(3)

A buyer never finds it optimal to offer either P > Ph (which is dominated by offering P = Ph)

or P < Pl (which is dominated by offering P = Pl), nor does the buyer ever offer P ∈ (Pl, Ph)

(which is dominated by offering Pl). We now characterize the buyer’s optimal bidding strategy

when facing a seller with transaction-specific expertise e.

Proposition 1. In equilibrium, the buyer offers the price:

P ∗ =


Pl = E(v)− e(vh − vl) if e > ē ≡ b

2(vh−vl)
,

Ph = E(v) + e(vh − vl) if e ≤ ē ≡ b
2(vh−vl)

.

(4)

Throughout the paper, proofs of our formal results are relegated to the Appendix. As Proposi-

tion 1 shows, the solution for P ∗ allows for two cases that differ in how adverse selection impacts

the liquidity of trade. For low levels of e ≤ ē, adverse selection concerns are mild and, as a re-

sult, the buyer finds it optimal to make a high offer Ph that the seller accepts with probability one.

In this case, liquidity is high and the full surplus from trade is split between the buyer and the

seller through the optimal bid P ∗, which is increasing in the seller’s expertise level e. However,
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for high levels of expertise e > ē, the seller’s informational advantage becomes too concerning

for the buyer who prefers to offer the low price Pl, making the optimal bid P ∗ decreasing in the

seller’s expertise level e. In this case, liquidity is low as half of the surplus from trade is destroyed

due to adverse selection concerns. Altogether, the seller benefits from a higher transaction-specific

expertise as long as the buyer is willing to offer Ph, but having too much expertise can impede

trade and result in the seller being worse off. In addition, the buyer’s incentives to offer a high

price that sustains liquid trading are increasing in the private benefit b of holding the asset. These

comparative statics are illustrated in Figure 1, which plots the buyer’s optimal bid as a function of

the seller’s transaction-specific expertise level e for two levels of private benefit b.

(a) Gains to trade b1 (b) Gains to trade b2

Figure 1
Buyer’s Optimal Bidding Function. This graph plots the buyer’s optimal price offer P ∗ as a function
of the seller’s expertise level e, as formalized in Proposition 1, for two levels of private benefit from
trade b1 and b2, where b1 > b2. Each panel highlights how the buyer’s optimal price offer P ∗ drops
when the seller’s expertise e crosses either ē1 ≡ b1

2(vh−vl)
in panel (a) or ē2 ≡ b2

2(vh−vl)
in panel (b).

The next corollary establishes that the buyer is made better off by being paired with a seller

with lower transaction-specific expertise.

Corollary 1. If e ≤ ē ≡ b
2(vh−vl)

, the buyer’s expected surplus Π is decreasing in the seller’s

expertise level e. If e > ē ≡ b
2(vh−vl)

, the buyer’s expected surplus Π is unaffected by the seller’s

expertise level e.
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For the remainder of the paper, we impose a parametric restriction on b that results in adverse

selection impeding trade for high enough levels of transaction-specific expertise:

Assumption 1. 0 ≤ b < vh − vl.

Imposing b < vh − vl guarantees that the liquid-trading threshold satisfies ē < 1
2

and that there

exists a region ē < e ≤ 1
2

where P ∗ = Pl is the optimal bidding strategy. This restriction will help

capture, in the analysis below, the notion that dealers must limit how much expertise they acquire

given investors’ adverse selection concerns.

2.2 Expertise Acquisition and Order-Flow Allocation Stage

Using the trading game analyzed above, we now study how dealers choose how much expertise

to acquire and how investors choose the dealers with whom they trade. While the analysis of the

trading stage in subsection 2.1 focused on the seller being privately informed, the payoff functions

we derived would not change if we instead assumed that an uninformed seller quoted a price to

a buyer with expertise level e. Thus, we can interpret the buyer’s expected profit Π derived in

subsection 2.1 more broadly as the payoff of an unsophisticated investor trading against an expert

dealer, regardless of who is long and who is short the asset. To capture the idea that dealers’

investments in expertise are made in anticipation of investors’ order-flow allocation and investors’

order flow is allocated in anticipation of dealers’ expertise levels, we solve for a Nash equilibrium

when investors’ and dealers’ decisions are made simultaneously.

As briefly explained in the introduction, our model is designed to capture the notion that a

dealer’s investment in expertise improves its capacity to take advantage, within a short period of

time, of various counterparties across multiple transactions involving different securities. As high-

lighted by the empirical findings in Corwin and Coughenour (2008) and Chakrabarty and Moulton

(2012), a dealer cannot value all existing securities and assess the terms of trade of all proposed
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deals simply by hiring one trader, purchasing one computer, or acquiring one proprietary database.

Instead, the dealer needs to spread its resources across the various transactions it performs, in a

way reminiscent of Sims’ (2003) attention allocation constraint. The more resources the dealer

invests to boost its expertise, the higher is that dealer’s bandwidth for assessing the profitability of

a variety of potential transactions. To depict in a tractable manner this idea that more scalability

requires additional investments, we assume that the market is fragmented in the sense that it is

populated by multiple investors each interested in trading a different asset (e.g., a specific corpo-

rate bond, municipal bond, or derivative product). Each dealer starts with k units of total expertise

(e.g., data, human capital, computing power) available to value assets and gain an informational

advantage over investors. This initial level of expertise can be thought of as originating from the

various financial activities that dealers participate in, such as investment banking and sell-side anal-

ysis, that may boost dealers’ informational advantages when trading but without being motivated

by dealers’ trading profits per se.3 Each dealer j can then expand its total expertise to kj > k at

a cost c(kj − k) if such investment is deemed to increase the dealer’s trading profits. As we show

below, each dealer’s optimal investment in expertise depends both on how order flow is expected

to be allocated in the first stage and on how trading is expected to occur in the second stage.

Each dealer is assumed to start with a loyal client base of measure n. These are unsophisticated

investors who always trade with the same (e.g., local) dealer, in the spirit of Green (2007). We refer

to the N investors who are not loyal to any specific dealer and who optimize based on the expected

terms of trade as independent investors. A dealer j’s total order flow nj ≡ n + n∗
j combines

the transaction volume from its loyal investors and from the independent investors who chose this

particular dealer. In the simultaneous-move game of this stage, each independent investor chooses

which dealer to do business with and each dealer chooses how much additional expertise capacity

to acquire. When considering doing business with dealer j, investor i conjectures the transaction-

specific expertise ej that will allow this dealer to gain an informational advantage. Then trade
3See, for example, Chung and Cho (2005) for empirical evidence of expertise-related interactions between sell-side

analysis and market making.
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occurs as described in subsection 2.1, taking these decisions as given.

Dealer j’s transaction-specific expertise is assumed to be ej = 1
2
min

(
kj
nj
, 1
)

, reflecting the

dealer j’s’ expertise capacity kj normalized by its total order flow nj while ensuring that the sig-

nal’s probability of being correct, 1
2
+ ej , cannot be greater than one. When dealer j receives

weakly less order flow nj than its expertise capacity kj , dealer j is able to produce a perfect signal

about the value of each asset traded with investors. However, if the order flow nj is larger than the

expertise capacity kj , dealer j’s resources are spread out across all proposed transactions and the

resulting signal associated with each transaction is imperfect. Dealers are allowed to be short or

long any asset in their inventory (recall: the model behaves symmetrically whether the dealer is a

buyer or a seller).

Substituting the optimal bid P ∗ derived in Proposition 1 into the dealer’s profit function, we

can write the dealer’s total expected profit as:

∆(kj, nj) =


−c(kj − k) if ej > ē,

njej(vh − vl)− c(kj − k) if ej ≤ ē.

(5)

The next lemma shows that when expertise is sufficiently cheap to acquire dealer j is better off

increasing kj until ej = ē.

Lemma 1. For a given nj ,
∂∆(kj ,nj)

∂kj
> 0 as long as ej < ē ≡ b

2(vh−vl)
and c < 1

2
(vh − vl).

Manaster and Mann (1996), Chae and Wang (2003), and van der Wel, Menkveld, and Sarkar

(2009), among others, document how dealers and market makers use their superior information to

boost their own profits. In our setting, a dealer benefits from increasing its expertise in two ways.

A first benefit comes from making better decisions when responding to offers. This benefit is most

evident when ej > ē as investors are so concerned about adverse selection that they make offers that

result in illiquid trading. For a given price offer, the more accurate the signal is, the more profitable
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is the dealer’s decision whether to refuse or execute the transaction. However, the improved-

decision benefit is offset by worse prices being offered by investors who grow more concerned

about adverse selection. This situation helps capture how trade failures negatively impact liquidity

and immediacy in OTC markets, as documented by Hendershott et al. (2024). A second benefit

of expertise is triggered when ej ≤ ē. In that region, if the dealer’s signal becomes marginally

more precise, investors respond by making more generous offers to ensure that the dealer agrees to

trade with probability one. While our model makes formal assumptions about how trading occurs

among agents, the central insights we highlight throughout the paper rely on the generic properties

that, ceteris paribus, a dealer’s expertise increases the surplus from trade it can appropriate and

decreases the surplus from trade its counterparties can retain.

An equilibrium of the expertise acquisition and order-flow allocation stage is defined by deal-

ers’ expertise choices k∗
j ≥ k and investors’ dealer choices Dealeri such that:

• for any investor i that chooses to rout its trade to dealer j, i.e., Dealeri = j, we have:

Π

(
1

2
+

1

2
min

(
k∗
j

nj

, 1

)
, b, P ∗

j

)
≥ Π

(
1

2
+

1

2
min

(
k∗
j′

nj′ + 1
, 1

)
, b, P ∗

j′

)
∀j′ ̸= j,

(6)

where P ∗
j and P ∗

j′ denote the optimal price offers from investors when trading with dealer j

and dealer j ′ respectively (derived in Proposition 1),

• for any dealer j that chooses to acquire an expertise capacity k∗
j and expects to receive order

flow nj as a result of investors’ dealer choices Dealeri, we have:

∆
(
k∗
j , nj

)
≥ ∆

(
k′
j, nj

)
∀k′

j ̸= k∗
j . (7)

As already stated, we model dealers’ and investors’ decisions as a simultaneous-move game.

This timeline captures the idea that expertise acquisition and order-flow allocation are endogenous

to each other and none of these decisions unilaterally drives the other (as would be the case if
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these decisions were sequential). While the initial level of expertise as well as the loyal client base

of each dealer are well-known to all market participants, simultaneity implies that at this stage

investors do not yet know for sure dealers’ future levels of expertise, whereas dealers are not yet

certain of investors’ future allocation of order flow. Our equilibrium definition, however, imposes

that there is no systematic deviation between conjectured and realized outcomes when agents make

their decisions in the first stage. Thereafter, all agents observe the allocation of investors’ order

flow and dealers’ acquisition of expertise and enter the trading stage knowing what each dealer’s

transaction-specific expertise ej is.

We should also emphasize that there is nothing unethical or illegal in how dealers interact

with investors in our model. Dealers are simply using their superior information when bargaining

with investors, occasionally rejecting offers expected to yield negative profits (see Hendershott et

al. 2024). In equilibrium, investors are not misled or exploited as they accurately forecast deal-

ers’ expertise level. In reality, investors’ knowledge about dealers’ expertise might be acquired

through a more complicated (dynamic) game than what we currently model, yet the two generic

properties of the trading game that we highlighted above can survive in many alternative economic

environments.

For the remainder of this section, we make the following parametric assumption about dealers

and investors:

Assumption 2. All dealers are ex-ante identical with respect to their initial levels of expertise

capacity k and order flow from loyal investors n. Moreover, k ≥ n+ 1.

Assumption 2 ensures that if any dealer is only intermediating its loyal investors’ flow, the

resulting transaction-specific expertise is above the liquid trading threshold ē, and trade happens

only half of the time. If adverse selection concerns were milder and these dealers’ transaction-

specific expertise was below ē, then adverse selection would not prevent trade to remain liquid and

would solely transfer surplus. Since the focus of our paper is on the effects of adverse selection on
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order-flow allocation, we impose this parametric restriction that will ensure that adverse selection

is a serious concern for investors when they decide how to allocate their order flow.

In what follows, we show how concentrating trade around one dealer can reduce the negative

effects of dealers’ endogenous adverse selection, thereby allowing independent investors to trade

efficiently with their chosen dealer(s). Before fully characterizing the equilibrium, we develop the

basic intuition for why order-flow concentration benefits independent investors.

Lemma 2. If in equilibrium at least one dealer has transaction-specific expertise that does not

prevent liquid trading (i.e., ej ≤ ē ≡ b
2(vh−vl)

), then all independent investors’ order flow is

allocated to the same dealer and, as a result, other dealers only receive order flow from their loyal

investors.

Intuitively, this lemma shows that if independent investors were expected to split their trans-

action volume among two or more dealers, then each independent investor would benefit from

re-routing its order flow to a different dealer. By doing so, a deviating investor would decrease

how much expertise the targeted dealer can use for each transaction (i.e., this dealer’s ej). There-

fore, it would be in the best interest of every independent investor to allocate its order flow to

a single dealer in order to stretch this dealer’s expertise capacity and minimize its informational

advantage in each transaction. The existence of one dealer whose ej ≤ ē ensures that while an ad-

ditional independent investor switching to dealer j would further decrease ej , it would also benefit

this investor as well as all other investors that trade with this dealer. Recall from Corollary 1 that

an investor’s trading profit is decreasing in its dealer’s expertise ej as long as ej ≤ ē and trading

thereby remains liquid.

Lemma 2 thus highlights how “liquidity externalities” can incentivize independent investors to

concentrate their order flow around one dealer. Each investor prefers to trade with a dealer that is

attracting a lot of other independent investors, because this dealer uses less of its expertise capacity

to take advantage of this specific investor. In response to the lower per-transaction expertise of this

15



dealer, investors are willing to make more generous offers that result in trading with this dealer

being more liquid (i.e., more likely to happen). However, as we show in the next proposition,

dealers take the allocation of order flow into account when choosing how much expertise to acquire.

But before deriving this result, we need to rule out extreme outcomes by imposing a parametric

restriction on the populations of dealers and investors.

Assumption 3. The market is populated with L dealers and N independent investors, such that

k

n+N
L

≤ b
vh−vl

.

This restriction limits how much expertise dealers start with for the case where aggregate order

flow is split evenly across all dealers. Dealers’ initial level of expertise k is then low enough to

allow for liquid trading as investors still find it optimal to make generous offers (see Proposition

1), despite their adverse selection concerns. This restriction also implies that, if all independent

investors were to send their order flow to the same dealer, spreading the expertise capacity k across

this larger transaction volume would result in transaction-specific expertise ej that is still low

enough to allow for liquid trading. We will study the case in which this assumption is violated in

Section 3.

In the next proposition we combine the insights of Lemmas 1 and 2 with Assumption 3 and

pin down the equilibrium allocations of investors’ order flow and the equilibrium levels of dealers’

expertise.

Proposition 2. When c < 1
2
(vh − vl), in equilibrium one dealer, say j∗, receives all the order

flow from independent investors and acquires the highest level of expertise that allows trading to

remain liquid, whereas all other dealers trade only with their loyal investors and do not acquire

additional expertise above the initial level k.

Proposition 2 establishes that, when the cost of expertise is low enough, in equilibrium all in-

dependent investors’ order flow is concentrated around one central dealer that makes the largest
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investment in expertise among all dealers. While its investors would prefer this dealer to have

weaker informational advantages when trading, alternative dealers who acquire less expertise than

the central dealer also happen to participate in fewer transactions. In fact, Assumption 2 implies

that these “peripheral” dealers have plenty of expertise capacity they could use against any deviat-

ing independent investor — a deviation that reallocates an investor’s order flow toward a peripheral

dealer would result in illiquid trading. Consistent with this prediction, Li and Schürhoff (2019) find

that the marginal order intermediated by peripheral dealers commands a larger markup than the

marginal order intermediated by central dealers. From Lemma 1, we know that for a small enough

cost parameter c a dealer benefits from increasing its expertise as long as it does not prevent trading

to remain liquid. Thus, the central dealer optimally reaches its expertise cutoff given its equilib-

rium level of order flow, whereas peripheral dealers are in position to use their limited resources

to take advantage of any investor that trades with them. As a result, independent investors are

indifferent between doing business with the expert dealer j∗ that attracts all independent investors’

order flow and doing business with any of the other dealers whose levels of expertise and order flow

are limited — in both cases, investors collect an expected profit of b
2

as shown in subsection 2.1.

Proposition 2 thus highlights that in equilibrium the large investments in expertise the central

dealer makes do not deter independent investors from sending their order flow its way. Investors

recognize that trade is more liquid with the central dealer than with peripheral dealers who possess

too much expertise for the limited order flow they receive. In equilibrium, investors trading with the

central dealer have their offers accepted with probability one, implying maximal levels of liquidity

and surplus from trade, whereas peripheral dealers accept to trade with their investors only half of

the time, implying inefficiently low levels of liquidity and surplus from trade.

In the spirit of Green (2007), we can interpret this equilibrium as featuring a sophisticated (i.e.,

expert) dealer attracting the transaction volume of attentive (i.e., independent) investors and mul-

tiple less sophisticated dealers benefiting from the inattentiveness of their loyal investor clienteles.

Yet, for sufficiently low c, investors are indifferent about which dealer to trade with in equilibrium
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because all dealers have ej ≥ ē. The central dealer provides liquid trading and earns a positive

expected profit, whereas peripheral dealers provide illiquid trading and earn no profit.

We now analyze how the cost of expertise more generally affects the central dealer’s invest-

ments in expertise, while taking into account the endogeneity of order flow. As discussed above,

a dealer benefits from acquiring expertise through the better terms of trade investors offer and

through the ability to make better decisions in response to these offers. In order to decide how

much expertise to acquire, a dealer must then compare these benefits with the cost of expertise.

The proposition that follows generalizes Proposition 2 to allow for c ≥ 1
2
(vh − vl).

Proposition 3. In equilibrium, the central dealer’s level of transaction-specific expertise is:

e∗ =


ē ≡ b

2(vh−vl)
if c ≤ 1

2
(vh − vl),

e ≡ 1
2

(
k

n+N

)
if c > 1

2
(vh − vl).

(8)

This proposition shows that the central dealer’s equilibrium level of expertise is weakly de-

creasing in the cost of expertise. This prediction may seem natural at first, but the analysis must

account for how the central dealer’s choice of expertise is complicated by investors’ optimal bid-

ding response. If investors expect their dealer to have a low level of expertise, they offer good

terms of trade to ensure that the dealer accepts them with probability one, thereby maximizing the

liquidity of trade. As a result, acquiring a marginally higher level of expertise solely benefits the

dealer by improving the terms of trade and thereby increasing its share of the surplus. Having said

that, acquiring substantially more expertise would, however, trigger the opposite response. When

the dealer’s transaction-specific expertise is sufficiently high, adverse selection concerns are too

severe and investors offer worse terms of trade, resulting in illiquid trading. At that point, the

benefits of higher expertise are guaranteed to be lower than the costs.

Figure 2 illustrates the benefits and costs of expertise acquisition for high and low levels of c.

Panel (a) shows that when acquiring expertise is cheap, the central dealer maximizes its profit by
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(a) c ≤ 1
2
(vh − vl) (b) c > 1

2
(vh − vl)

Figure 2
Benefits and Costs of Acquiring Expertise. Panel (a) compares the central dealer’s gross profit from trade to
the cost of expertise when the cost of expertise is low. Panel (b) compares the central dealer’s gross profit
from trade to the cost of expertise when the cost of expertise is high. In both cases, the central dealer’s
equilibrium net profit ∆∗

j as a function of its expertise ej is the distance between the two plotted lines.

targeting the maximum level of expertise that still allows for liquid trading. The graph illustrates

that in this case the dealer earns a sizable profit. When the expertise costs are high, however, the

central dealer maximizes its profit by not acquiring any extra expertise. Panel (b) illustrates that in

this case the central dealer still earns a positive profit, albeit smaller than in panel (a).

Overall, a central dealer may benefit from boosting its expertise capacity because it allows to

receive better terms of trade from investors and to make better decisions. The dealer compares

the resulting higher trade payoff with the cost of acquiring expertise. In equilibrium, the dealer

acquires a level of expertise that does not repel the order flow from independent investors, who

recognize that other (less popular) dealers would also take advantage of them since their limited

expertise capacity is not spread as thinly as the central dealer. In all cases, the equilibrium can still

be thought of featuring a central dealer providing high liquidity to a large pool of attentive investors

and multiple peripheral dealers only attracting their loyal clienteles and trading less frequently

with each of them, thereby providing less liquidity. Moreover, when the cost of expertise is high,

independent investors are collecting strictly higher trading profits from their central dealer, who

provide high liquidity, than loyal investors are collecting from their peripheral dealers, who provide

low liquidity.
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3 Extensions and Model Implications

We now extend the baseline model to discuss the robustness of our insights and to enrich their

cross-sectional and time-series implications.

3.1 Refusing Order Flow

In our baseline model, dealers choose their level of expertise and investors choose the dealers that

will receive their order flow. Once the total amount of order flow that investors send to dealer j is

known, the dealer’s expertise capacity is mechanically spread out among all transactions and trade

occurs following investors’ optimal bidding behavior. But what would happen if the central dealer

was able to refuse order flow in order to keep its per-transaction expertise high?

From the baseline analysis, equation (5) shows that a dealer’s total expected profit can be

written as ∆(kj, nj) = njej(vh − vl) − c(kj − k) as long as ej ≤ ē. Using ej = 1
2
min

(
kj
nj
, 1
)

and the fact that a central dealer will never find it optimal to acquire additional excess capacity that

pushes kj
nj

> 1, we can write ∆(kj, nj) =
kj
2
(vh − vl) − c(kj − k), which means that once the

expertise acquisition has taken place, the dealer does not benefit from refusing order flow. For a

given level of expertise capacity kj , a central dealer that refuses to service the order flow from some

investors would bring more expertise to each accepted transaction, thereby earning higher profit

per transaction. Yet, this effect would be neutralized by the reduction in the number of transactions

from which the dealer extracts surplus. Moreover, by refusing order flow, this dealer would also

risk violating the condition ej ≤ ē that renders its expected profit negative (see equation (5)).

Overall, in our setting a central dealer would collect a weakly lower profit than in our baseline

analysis if it were to refuse some investors’ order flow.4

4For order-flow refusal to become optimal, we would need the liquidity externalities to exhibit sufficient concavity.
For example, if trading an additional asset with a new investor became increasingly cumbersome in terms of the exper-
tise capacity a dealer needs to gain an informational advantage, then the dealer’s expected profit could be decreasing
in its total order flow nj .
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3.2 Payment for Order Flow

In the equilibrium of our baseline model, peripheral dealers collect no profit from trading with

their loyal investors, in contrast with models like Green (2007) where dealers take advantage of

their loyal/naive clienteles. This difference is due to the fact that while by construction loyal

investors cannot switch dealers in either setting, in our setting loyal investors can still worsen the

terms of trade they offer if their local dealer happens to have concerning levels of expertise. As

an implication of this result, if we were to allow dealers to pay for order flow, peripheral dealers

would be unwilling to offer any compensation aimed at attracting independent investors’ order

flow, unless the additional order flow was so large that it would reduce dealer expertise below

the point where ej = ē and trading is liquid. Thus, subject to an intuitive parametric restriction,

the concentration of order flow around a central dealer would survive in an environment where

payment for order flow is allowed.

3.3 Ex Ante Dealer Heterogeneity

In our baseline model, the equilibrium allocation of order flow disproportionately favors one dealer

even though all dealers are assumed to be homogeneous ex ante. When the cost of expertise is

small enough, the central dealer finds it optimal to acquire more expertise than its peers. This

prediction rationalizes why investors tend to (paradoxically) allocate their order flow to the most

sophisticated dealers, despite standard adverse selection concerns. A natural limitation of our

equilibrium predictions so far is that any of the ex-ante identical dealers can be selected by investors

to become the market leader — our analysis has been silent about how independent investors may

coordinate on picking a single dealer and how this chosen dealer knows to expect more order flow

when deciding how much expertise to acquire. To shed light on how the ex-ante characteristics of

the dealer that turns out ex post to be the central one impact investor welfare, we now allow for

ex-ante heterogeneity in the per-unit cost of expertise acquisition and rank possible equilibria in
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terms of investors’ welfare. We denote by cj the cost of acquiring expertise for dealer j.

Proposition 4. Independent investors weakly prefer an equilibrium in which the dealer with the

highest cost of expertise cj becomes the central one.

Proposition 3 shows that the central dealer’s level of expertise is weakly decreasing in c, while

Corollary 1 shows that investors weakly prefer to trade with dealers with a lower ej . It is therefore

intuitively clear that independent investors are weakly better off when the central dealer is the one

facing the highest cost of expertise.

3.4 Increasing Accessibility of OTC Markets

In our baseline model, we assume a market populated by many independent investors. In particular,

we focus on the homogenous case where k < b
vh−vl

(
n+ N

L

)
, implying that investors’ total order

flow (i.e., Ln+N ) is large relative to dealers’ total initial expertise capacity (i.e., Lk).

We now relax this restriction to shed light on recent trends in investors’ accessibility to OTC

markets. To do so, we analyze an equilibrium for the case with ex-ante homogenous dealers and

k >
(
n+ N

L
+ 1
) (

b
vh−vl

)
. When this condition holds, all dealers start with a level of expertise that

would result in illiquid trading if independent investors were to allocate their transactions evenly

among dealers. The following proposition demonstrates that an even allocation of order flow can

now be observed in equilibrium.

Proposition 5. If k > b
vh−vl

(
n+ N

L
+ 1
)
, there exists an equilibrium in which all independent

investors allocate their order flow evenly among dealers and no dealer acquires any additional

expertise.

Proposition 5 describes a market outcome in sharp contrast to the one discussed in the baseline

analysis: we now have an equal allocation of order flow across all dealers. Independent investors
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know that all dealers will have informational advantages that result in illiquid trading, yet since

such business model is prevalent, investors have no incentives to switch dealers.

Unlike when Assumption 3 holds, here none of the dealers expects to receive enough order flow

to warrant acquiring additional expertise. The dispersed allocation of order flow in this equilibrium

does not, however, benefit independent investors. That is, they are all trading with dealers who are

so informed that their investors only collect b
2

of surplus in equilibrium, due to the illiquidity of

trade.

Figure 3 illustrates how the informational advantage of the central dealer changes when the

number of independent investors crosses the threshold:

[
k

(
vh − vl

b

)
− n− 1

]
L. (9)

Figure 4 highlights the dynamics of the central dealer’s order-flow allocation. When the number

of independent investors is small, an equal allocation of order flow across all dealers is sustainable

in equilibrium. Panel (a) and (b) in Figure 3 show that e∗ > ē for small N , while Figure 4 shows

that each dealer’s order flow is n + N
L

. As the number of independent investors increases beyond

the threshold above, this equilibrium is no longer sustainable. The order flow concentrates around

a central dealer, which receives a total order flow n + N and either acquires enough expertise to

have the most precise signal without impeding liquid trading (i.e., e∗ = ē) or does not acquire any

extra expertise (i.e., e∗ = e), depending on the cost of expertise.

This extension can thus shed light on the consequences of the increasing liberalization of finan-

cial markets. Our results suggest that a disproportionally faster growth in the number of investors

than in the initial level of expertise for dealers (e.g., N growing faster than k) could have led to

more concentration of order flow. Moreover, this inflow of participants may have increased the

central dealer’s incentives to acquire expertise above and beyond what is or was standard in the

industry. Yet, since the dispersed equilibrium described in Proposition 5 features e∗ > ē for all
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(a) c ≤ 1
2
(vh − vl) (b) c > 1

2
(vh − vl)

Figure 3
Impact of Number of Independent Investors on Central Dealer’s Equilibrium Expertise. This figure plots the quality of
the central dealer’s information signal as a function of the number of independent investors, for two levels of expertise
cost. Panel (a) shows the case with a low cost of expertise, while panel (b) shows the case with a high cost of expertise.

Figure 4
Impact of Number of Independent Investors on Central Dealer’s Equilibrium Order Flow. This figure plots
the transaction volume allocated to a central dealer as a function of the number of independent investors.

dealers whereas the concentrated equilibrium from Proposition 2 may feature ej∗ ≤ ē for some

levels of expertise acquisition costs, independent investors may or may not have benefited from

this liberalization. We formalize this result in the corollary that follows.

Corollary 2. An increase in the number of independent investors from N <
[
k
(
vh−vl

b

)
− n− 1

]
L

to N >
[
k
(
vh−vl

b

)
− n

]
L benefits independent investors if and only if c > 1

2
(vh − vl).
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While new investors may greatly benefit from gaining access to OTC markets, our analysis

in Corollary 2 shows that incumbent investors are made better off only if the costs of expertise

are high enough. In particular, with a high enough c, the central dealer is unwilling to invest in

expertise and reach e = ē following an increase in OTC market accessibility. Yet, our analysis

shows that potential advancements in technology, and the associated decreases in the costs of

expertise dealers face, may have allowed a central dealer to extract a large fraction of the social

surplus created by providing investors with easier access to OTC markets.

4 Conclusion

We jointly model dealers’ acquisition of expertise and investors’ allocation of order flow in OTC

markets. An important and novel feature of our analysis consists of how we model dealers’ ex-

pertise, in a way reminiscent of models of rational inattention (see, e.g., Sims 2003, Kacperczyk,

Van Nieuwerburgh, and Veldkamp 2016, Maćkowiak, Matějka, and Wiederholt 2023) and con-

sistent with financial intermediaries’ attention constraints empirically documented by Corwin and

Coughenour (2008) and Chakrabarty and Moulton (2012). In our model, a dealer’s investment in

expertise determines the resources that this dealer can allocate toward gaining informational ad-

vantages over its counterparties across multiple transactions. Liquidity externalities arise in our

model since order-flow concentration spreads out the resources that the central dealer can use to

assess each proposed transaction, thereby weakening each investor’s adverse selection concerns

and increasing the liquidity of trade. Yet, expecting this high concentration of order flow, the cen-

tral dealer finds it profitable to acquire the highest level of expertise that does not push investors

away.

We show that, under intuitive conditions, the equilibrium allocation of order flow is concen-

trated toward one dealer that invests significant resources to gain informational advantages against

its investors. Despite their adverse selection concerns associated with the dealer’s large invest-
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ments in expertise, investors prefer to funnel their transactions to this expert dealer rather than

trading with less popular dealers who would provide less liquidity. Our analysis sheds light on the

drivers behind the concentration of OTC intermediation as well as on the welfare implications of

easier access to OTC markets.
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Appendix

A Proofs Omitted from the Text

Proof of Proposition 1: From (3), it is optimal to bid Pl if and only if Π(α, b, Pl) > Π(α, b, Ph).

Hence, the buyer’s optimal bidding strategy can be written as:

P ∗ =


Pl if e > b

2(vh−vl)
,

Ph if e ≤ b
2(vh−vl)

.

(A1)

Proof of Corollary 1: Substitute the optimal bidding policy of the buyer into the buyer’s profit:

Π(α, b, P ) =


b
2

if e > b
2(vh−vl)

,

b− e(vh − vl) if e ≤ b
2(vh−vl)

.

(A2)

This is a weakly-decreasing function of e without jumps:

∂Π(α, b, P )

∂e
=


0 if e > b

2(vh−vl)
,

−(vh − vl) if e ≤ b
2(vh−vl)

.

(A3)

Proof of Lemma 1: First of all, for a given level of order flow nj and expertise bandwidth kj , a

dealer’s expected profit, when the investor is the buyer and the dealer is the seller, is given by:

∆(kj , nj) ≡


nj

2 [αj(Pl − vl) + (1− αj)(Pl − vh)]− c · (kj − k) if P = Pl,

nj

2 [αj(Ph − vh) + (1− αj)(Ph − vl) + αj(Ph − vl) + (1− αj)(Ph − vh)]− c · (kj − k) if P = Ph.

(A4)
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where αj = 1
2
+ ej = 1

2
+ 1

2
min

(
kj
nj
, 1
)

and b is from the range of parameters consistent with

Assumption 1. We can substitute optimal bidding function from Proposition 1 to arrive at Equation

(5). Then we can show that when ej <
b

2(vh−vl)
:

∂∆(kj , nj)

∂kj
=

1

2
(vh − vl)− c. (A5)

Thus, as long as c < 1
2
(vh − vl), ∆(kj, nj) is strictly increasing in kj as long as ej < b

2(vh−vl)
.

Proof of Lemma 2: Suppose, by contradiction, that given all dealers’ choices of expertise, inde-

pendent investors allocate their order flow among at least two dealers, i.e., there exist dealers j′

and j” such that n∗
j > 0 and n∗

j′ > 0. Then, if ej′ < ej′′ <
b

2(vh−vl)
or ej′ < b

2(vh−vl)
< ej′′ , it

is optimal for an independent investor who was planning to do business with dealer j′′ to switch

to dealer j′ because of the weaker informational advantage that dealer j′ has in this specific trans-

action with this investor, following Corollary 1. Thus, this allocation of order flow cannot be part

of an equilibrium. If instead b
2(vh−vl)

> ej′ > ej′′ or ej′ > b
2(vh−vl)

> ej′′ , the reverse is true, and

similarly this order-flow allocation cannot be part of an equilibrium.

Now if ej′ = ej′′ <
b

2(vh−vl)
, an independent investor who was planning to do business with

either dealer is strictly better off switching because kj′

nj′+1
<

kj′′

nj′′−1
and kj′

nj′−1
>

kj′′

nj′′+1
. Finally,

if ej′ ≥ b
2(vh−vl)

and ej′′ ≥ b
2(vh−vl)

, then an independent investor is better off switching to the

dealer(s) whose ej <
b

2(vh−vl)
(which exist(s) given the statement of the lemma). Hence, no matter

what the dealers’ expertise levels are, it is always optimal for a subset of independent investors to

reallocate their order flow as long as the order flow of independent investors is allocated among

two or more dealers and at least one dealer in the economy has ej < b
2(vh−vl)

.

Proof of Proposition 2: To show that the stated equilibrium is indeed an equilibrium, we first rule

out that a dealer j ̸= j∗ would acquire kj > k of expertise. When k ≥ n + 1, this dealer’s ej

is already greater than b
2(vh−vl)

, which means that this dealer’s informational advantage creates so

much adverse selection that investors find it optimal to offer prices that do not yield liquid trading

(remember: dealers j ̸= j∗ do not attract any order flow from independent investors). Thus, dealer
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j’s profit is zero and there is no benefit to acquiring more expertise.

We next rule out that an independent investor would leave dealer j∗ and allocate order flow

to a different dealer. If that was the case, this investor would go from trading with a dealer with

ej∗ = b
2(vh−vl)

to trading with a dealer with ej = 1
2
min

(
k

n+1
, 1
)
> b

2(vh−vl)
. Since an investor’s

profit is equal to b
2

whenever its dealer’s expertise satisfies e > b
2(vh−vl)

, thus, there would be no

benefit to switching dealers.

Moreover, when c < 1
2
(vh − vl), dealer j∗ finds it optimal to increase its expertise level

until ej∗ = b
2(vh−vl)

(see Lemma 1). Once dealer j∗ reaches an expertise bandwidth of kj∗ =

(n+N) vh−vl
b

, the transaction-specific expertise reaches the maximum level that does not impede

full trade. At that point, there would be no benefit to acquiring more expertise. Thus, the outcome

described in the proposition is indeed an equilibrium.

Next, we show that an outcome where two dealers acquire expertise above k such that kj
nj

=
k∗j
n∗
j

cannot be an equilibrium. That is, we cannot have multiple dealers receiving order flow from

independent investors and acquiring enough expertise to take full advantage of their order flow. In

such a situation, similar to the logic in Lemma 2, independent investors would have an incentive to

go from dealer j to j∗ or the other way around. By switching from dealer j to j∗, investors would

increase the order flow going to dealer j∗ above this dealer’s expertise capacity, thereby spreading

its resources further and decreasing the average quality of its signals, i.e., kj
nj−1

>
k∗j

n∗
j+1

.

Finally, Assumption 3 rules out as an equilibrium a situation where independent investors al-

locate their order flow equally among dealers that all have excess expertise capacity despite not

making any investment, i.e., kj
nj

> b
vh−vl

for all j.

Proof of Proposition 3: Denote by nj∗ = n + N the total order flow that the dealer selected by

independent investors, say j∗, expects to receive. Recall from Equation (5) that the dealer’s profit
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is:

∆(kj∗ , nj∗) =


−c · (kj∗ − k) if ej∗ > b

2(vh−vl)
,

nj∗kj∗(vh − vl)− c · (kj∗ − k) if ej∗ ≤ b
2(vh−vl)

;

(A6)

or alternatively,

∆(kj∗ , nj∗) =


−c · (kj∗ − k) if kj∗ > nj∗

b
vh−vl

,

nj∗kj∗(vh − vl)− c · (kj∗ − k) if kj∗ < nj∗
b

vh−vl
.

(A7)

Hence, ∆(kj∗ , nj∗) is a piece-wise function of kj∗ for a given n∗
j with a jump at kj∗ = nj∗

b
vh−vl

.

The cost parameter c determines the ej∗ that the central dealer aims to achieve in equilibrium, for

a given level of order flow nj∗ . In particular, this dealer’s marginal benefit from acquiring more

expertise is given by ∂∆(kj∗ ,nj∗ )

∂kj∗
. If kj∗ ≤ nj∗ (thus: ej∗ ≤ 1

2
), this marginal benefit can be written

as:

∆(kj∗ , nj∗) =


−c if kj∗ > nj∗ · b

vh−vl
,

1
2
(vh − vl)− c if kj∗ < nj∗ · b

vh−vl
.

(A8)

If, however, kj∗ > nj∗ , the marginal benefit is:

∂∆(kj∗ , nj∗)

∂kj∗
= −c. (A9)

Hence, given the anticipated order flow of nj∗ , the optimal choice of kj∗ ∈
[
k, nj∗ · b

vh−vl

]
. In

order to find the optimal kj∗ we need to see if the c is above or below 1
2
(vh− vl). If c > 1

2
(vh− vl),

then ∆(kj∗ , nj∗) as a function of kj∗ is globally decreasing, meaning that it is optimal for the dealer

not to acquire any extra expertise. Then e∗ = e ≡ 1
2

(
k

n+N

)
.

If c ≤ 1
2
(vh− vl), then the first segment of the function is increasing, meaning that it is optimal

for the dealer to invest in expertise until kj∗ = nj∗
b

vh−vl
. Then e∗j =

b
2(vh−vl)

.

Altogether, the equilibrium features the following level of transaction-specific expertise for the
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central dealer:

e∗ =


e if c > 1

2
(vh − vl),

b
2(vh−vl)

if c ≤ 1
2
(vh − vl).

(A10)

Since e < b
2(vh−vl)

as implied by Assumption 3, e∗ is weakly decreasing in c.

Proof of Proposition 4: From Corollary 1 we know that independent investors weakly prefer to

trade with a dealer with the smallest ej∗ , thereby minimizing exposure to the information advantage

of a dealer. Since ej∗ is weakly decreasing in cj∗ according to Proposition 3, the higher the cost

of acquiring expertise is for the dealer, the lower is the equilibrium level of informativeness of the

central dealer. Hence, independent investors are better off if the central dealer is the dealer j with

the highest cj .

Proof of Proposition 5: Consider a dealer j that receives N
L

trades from independent investors and

does not acquire additional expertise, i.e., kj = k. The proposition statement implies that:

ej =
1

2
min

(
k

n+ N
L

, 1

)
>

b

2(vh − vl)
, (A11)

for all dealers. Hence, if an independent investor were to switch from dealer j to dealer j′, dealer

j′’s transaction-specific expertise would become:

ej′ =
1

2
min

(
k

n+ N
L
+ 1

, 1

)
>

b

2(vh − vl)
. (A12)

Hence, there is no incentive for any of the independent investors to deviate away from the current

choice of dealers. Therefore, kj = k for all j and independent investors allocating evenly their

order flow among dealers is an equilibrium.

Proof of Corollary 2: Before the increase in N , the equilibrium was consistent with Proposition 5,

which means that all investors were trading with a highly informed dealer, i.e., ej > b
2(vh−vl)

for
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all j. After the increase in N , Proposition 3 states that for a central dealer j∗ that receives all

independent investors’ order flow, we have ej∗ < b
2(vh−vl)

as long as c > 1
2
(vh − vl). Hence,

independent investors benefit from a liberalization of OTC that reduces their dealer’s transaction-

specific expertise. Otherwise, if c ≤ 1
2
(vh − vl) we still have that ej∗ = b

2(vh−vl)
for the central

dealer and ej =
1
2
min

(
k
n
, 1
)
> b

2(vh−vl)
for all other dealers, thus none of the incumbent investors

is made better off.
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