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Essay 1: BidAsk Spreads and the Decentralized Interdealer

Markets: Core and Peripheral Dealers

Abstract

This paper develops a model of an overthecounter market where dealers differ in their trade

execution efficiency to capture the coreperipheral nature of dealer networks documented in re

cent empirical studies. We investigate interdealer trading patterns and the relationship between

dealers’ trade execution efficiency and customer bidask spreads. In equilibrium, more efficient

central dealers provide intermediation services to peripheral dealers. Customers can find bet

ter bargains when trading with peripheral dealers, even though peripheral dealers may charge

wider bidask spreads on average. The extent of active shopping by customers can explain why

the relationship between dealers’ trade execution efficiency and customer bidask spreads varies

across markets. The findings are consistent with both anecdotal and empirical evidence from

municipal bond markets, markets for assetbacked securities and collateralized mortgagebacked

obligations.

1 Introduction

Overthecounter markets have, until quite recently, been opaque and difficult to study

empirically. Recent regulatory initiatives in data collection have increased transparency of

these markets for researchers and created opportunities to study intermediation patterns

and dealer networks. In this paper, we develop a theoretical model of an overthecounter

market where dealers differ in their trade execution efficiency in order to capture the

nature of dealer networks observed in the data. Our model provides implications for

interdealer trading patterns and bidask spreads that are consistent with empirically doc

umented facts for a wide variety of fixedincome instruments.

In the model, dealers’ buyandhold asset valuations are exposed to random liquidity

shocks. More interconnected dealers have higher trade execution efficiency and thus are

less concerned about their liquidity state when bargaining with their counterparties. Con

versely, peripheral dealers who have lower trade execution efficiency are more affected by
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liquidity shocks, and the variability of their reservation values is higher. This creates pos

itive trading gains between central and peripheral dealers even when they are in the same

liquidity state and have the same buyandhold asset valuation. Central dealers provide

intermediation services to peripheral dealers in equilibrium and reduce inventory risk of

the latter, which is consistent with the trading pattern documented in Li and Schürhoff

[2012] for municipal bond markets.

Intermediation that occurs between central and peripheral dealers negatively affects

the average terms of trade between peripheral dealers and customers. Even though a pe

ripheral dealer in the low liquidity state is willing to make larger price concessions to a

customer who buys the asset, in the steadystate customers are unlikely to find such better

bargains—more interconnected dealers quickly intermediate these away from peripheral

dealers. Thus, in the steadystate, customers are more likely to find a dealer in the same

liquidity state as they are themselves and get mediocre terms of trade. Overall, this gener

ates a negative relationship between average customer bidask spreads and dealers’ trade

execution efficiency in the baseline version of the model without active customer shopping,

which is consistent with the empirical findings in Hollifield, Neklyudov, and Spatt [2012]

in assetbacked securities and collateralized mortgagebacked obligations.

If customers are sufficiently more likely to trade with a dealer in the opposite liquidity

state when trading gains are the largest, the relationship between average bidask spreads

and dealers’ trade execution efficiency becomes positive. Such a positive relationship is

documented in Li and Schürhoff [2012] for municipal bond markets and can be interpreted

as the evidence for a larger extent of shopping activity by customers of municipal bonds.

Anecdotal evidence suggests that this can be the case—for example, strategies of some so

phisticated customers on the municipal bond markets involve searching actively for dealers

stuck with oddlot distributions.

The motivation for this paper originates from empirical studies of the data collected

recently for overthecounter markets. The detailed transaction level data collected by

Financial Industry Regulatory Authority (FINRA) in corporate bond markets and, more

recently, in securitizations, and by the Municipal Securities Rulemaking Board (MSRB) in
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municipal bond market allows researchers to reconstruct and study trading networks com

prising different counterparties using their dealer codes. Empirical studies of transaction

level data document the coreperipheral structure of interdealer networks and signifi

cant heterogeneity of dealers in terms of volumes traded, interdealer market participation,

and degree of interconnectedness with each other. A nontrivial relationship is empiri

cally documented on dealers’ interconnectedness and bidask spreads that customers face.

Li and Schürhoff [2012] study MSRB municipal bond audit trail data and find that few

central dealers charge up to 80% higher bidask spreads for mediumsize transactions.

Hollifield, Neklyudov, and Spatt [2012] study transactionlevel data in assetbacked secu

rities and nonagency collateralized mortgage obligations provided by FINRA and find that

bidask spreads charged by central dealers tend to be lower, implying that the effect of

interconnectedness on bidask spreads is ambiguous.

In the data, interdealer trades constitute a significant portion of daily trading activity

in different instruments. Li and Schürhoff [2012] observe 16 million interdealer trades

out of total 60 million transactions in 1.4 million municipal bonds between February 1998

and July 2011. Hollifield et al. [2012] observe a similar 10% to 20% proportion of trades

between dealers among all transactions in ABS and nonagency CMO securities between

May 2011 and February 2012. Both of these studies document significant heterogeneity in

interconnectedness of different dealers and the resulting differences in the bidask spreads

that customers face.

The empirical findings speak in favor of extending the existing theoretical models of

overthecounter markets that traditionally feature a centralized and homogenous inter

dealer market. First of all, on the centralized interdealer market modelled in the literature

there is a common equilibrium interdealer price in each type of instrument, while in the

data we observe a multitude of different interdealer prices. Secondly, when each dealer

has access to the centralized interdealer market, the reservation price for the asset is the

same across dealers, and it is difficult to rationalize varying quotes and bidask spreads

customers face.1

1In this case only the customer’s reservation value or dealer’s bargaining power affects bargaining out
comes. Larger bidask spreads charged by a particular type of dealers would imply either higher bargaining
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This paper contributes to a growing theoretical literature on search in overthecounter

markets. Duffie, Gârleanu, and Pedersen [2005, 2007] develop the seminal searchand

matching model of an overthecounter market and derive bidask spread charged by mar

ketmakers with access to a centralized interdealer market. Dunne, Hau, and Moore [2012]

characterize dealers’ intermediation role and inventory management between monopolistic

customer market and competitive interdealer market. Atkeson, Eisfeldt, and Weill [2012]

characterize singleperiod trading patterns in creditdefault swaps contracts (CDS) be

tween banks with heterogeneous exposures to the aggregate default risk and show that

an interdealer market with close to common prices arises endogenously. Babus [2012]

develops a model of endogenous formation of a central brokerdealer when agents are al

lowed to invest in trading relationships. In this paper, we take a different approach and

introduce exogenously an interdealer market that allows for heterogeneity across dealers’

search technologies and thus has the potential to explain the nature of dealer networks

observed in the data. Our model is similar to Gofman [2011], in that dealers bargain

ing surplus affects bilateral prices along with private buyandhold values; however, in

our model dealers are matched with their counterparties randomly according to a search

andmatching procedure, and the trading network arises as a realization of this random

process. Unlike Zhu [2012], who studies pricing implications of a “ringing phone curse”

when sellers contact buyers sequentially with possibility of a repeat contact, in our model

the market is large enough so that reputation effects of repeat contacts do not occur.

The remainder of the paper is organized as follows. Section 2 describes the environ

ment and introduces heterogeneity in dealers’ trade execution efficiency. Section 3 studies

the equilibrium implications for the bidask spreads charged by dealers. Section 4 presents

numerical simulation of a symmetric trading equilibrium, analysis of dealer networks that

emerge, customer shopping activity, and the robustness of the underlying bargaining pro

cedure. Section 5 presents the discussion of reasons why dealers might be heterogenous

in their trade execution efficiency. Section 6 concludes.

power of these dealers or a type of market segmentation with most disadvantaged customers being served by
these dealers. A question that then arises is why other dealers do not engage in competition for serving these
disadvantaged customers.
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2 The Environment

Overthecounter markets for a majority of fixedincome instruments such as corporate

bonds, municipal bonds, various types of securitized products—lack an institutional mech

anism that would allow customers of these products to trade directly with each other.

Instead, all transactions are intermediated by designated dealers who are registered with

corresponding regulatory authorities. Trades are executed through bilateral meetings and

negotiations between a customer and a dealer or between two dealers. In this section, we

describe an exchange economy and introduce a randommatching technology for dealers

who differ in their trade execution efficiency.

2.1 Customers and Dealers

There are two types of agents in the model: Customers and dealers, both riskneutral

and infinitelylived. Every agent has measure zero in a continuum of agents. The set of

dealers has measure Md ∈ (0, 1), and the set of customers has measure (1−Md). Customers

and dealers can hold and trade an asset in positive per capita supply s ∈ (0, 1), which is

traded on an overthecounter market with a search friction. All agents discount future

cash flows at a constant rate r > 0.

At any point in time, customers and dealers differ in their marginal utilities of holding

the asset and in terms of their trade execution efficiency in the overthecounter market.

For these two reasons, there are gains from trade.

Marginal utility of holding the asset θi(t) follows a twostate stochastic Markov pro

cess. Both customers and dealers can be either in “high” or “low” intrinsic liquidity state

at any point in time. The liquidity state switches from low to high with intensity γup

and from high to low with intensity γdn, independent across agents. A customer in the

low liquidity state receives constant per unit utility flow θi(t) = θlow, and a customer in

the high liquidity state receives utility flow θi(t) = θhigh. A dealer in the low liquid

ity state receives θi(t) = θl, and a dealer in the high liquidity state receives θi(t) = θh.

Throughout the paper we assume that θhigh > θh ≥ θl > θlow. Such stochastic variation

in the utility flows generates gains from trade and is a traditional modeling tool used in
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the literature on overthecounter markets (Duffie, Gârleanu, and Pedersen [2005, 2007];

Vayanos and Wang [2007]; Weill [2007]). Our setup allows for both customertodealer and

dealertodealer transactions.

Asset holdings of agents are restricted to the [0, 1] interval. Both short selling and

holding more than one unit of the asset is not feasible for agents. In equilibrium, due to

the riskneutrality assumption and resulting linearity of the expected utility function, all

agents hold either 0 or 1 unit of the asset. Thus, in the paper we refer to the two types

of asset holdings: “Owners” hold one unit of the asset, and “nonowners” hold zero units.

Together with the two liquidity states, both customers and dealers can be characterized by

one of the following four types at any point in time: {ho, lo, hn, ln}—high owner, low owner,

high nonowner, and low nonowner. This constitutes the complete set of possible types

for customers, and we denote their measure in the overall population by µC
ho, µ

C
lo, µ

C
hn, µ

C
ln,

respectively. The following identity holds for customers’ masses:

µC
ho + µC

lo + µC
hn + µC

ln = (1−Md). (1)

Customers in the model have the lowest level of trade execution efficiency, which is

normalized to zero. Customers passively wait for dealers to find them on the market.

Unlike customers, dealers differ in their trade execution efficiency λi ∈ [0,+∞), thus the

number of different dealer types is infinite. More interconnected dealers are assumed to

have higher trade execution efficiency and thus lower expected trade execution delays.

In the following subsection 2.2, we describe how trade execution efficiency λi determines

the likelihood of finding a counterparty. We assume that the distribution of λi in the

population of dealers is characterized by strictly increasing and continuous cumulative

density function F (λ). Dealer i is born with trade execution efficiency λi ∈ [0,+∞), and

it remains constant throughout his life. We let µho(λ) be the measure of all high owner

dealers with λi ≤ λ in the total population of agents, similarly we define functions µlo(λ),
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µhn(λ), and µln(λ). The following identities hold for dealers’ masses:

∫ +∞

λ=0
dµho(λ) +

∫ +∞

λ=0
dµlo(λ) +

∫ +∞

λ=0
dµhn(λ) +

∫ +∞

λ=0
dµln(λ) = Md, (2)∫ +∞

λ=0
dµho(λ) +

∫ +∞

λ=0
dµlo(λ) = s−

(
µC
ho + µC

lo

)
. (3)

2.2 RandomMatching Technology

There is a search friction on the overthecounter market. A pair of agents can execute a

trade with each other only after they have been matched according to a specified random

matching technology. This creates unintended transaction delays. Neither customers nor

dealers are allowed to contact each other instantly; however, by construction transaction

delays are less severe on the interdealer market. To model the search friction, we use the

independent random matching technology described below.

At Poisson arrival times with intensity λi ∈ [0,+∞) each dealer contacts a customer

or another dealer, chosen from the entire population randomly and uniformly. Contact

times are pairwise independent. In this framework, λi represents “search efficiency” for

each dealer: As dealer’s trade execution efficiency increases, trade execution delays and

dealer’s exposure to the search friction diminishes.

Consider subset of customers that contains a fraction µ of the overall population. A

dealer with trade execution efficiency λi contacts a customer from the given subset at an

almost sure rate λiµ. Note that this rate is the product of dealer’s λi and the measure µ

of the subset under consideration. The same line of argument cannot be directly applied

to interdealer meetings. All dealers have different trade execution efficiency, and dealers

with higher efficiency are more likely to find another dealer. The interdealer matching

process is not uniform, and we cannot directly apply the Law of Large Numbers developed

for the uniform random matching among a continuum of agents (Podczeck and Puzzello

[2010], Ferland and Giroux [2008], Duffie and Sun [2007]). Fortunately, in our setting

there exists an appropriate change of dealers’ measure outlined below. Under the new

dealers’ measure the interdealer matching is back to being uniform, and standard results

apply.
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Consider two sets of dealers A and B, and let µA be the measure of set A and

FA(λ) be the conditional cumulative density function of dealers in set A with λi ≤ λ.

Similarly, we define µB and FB(λ). For the set A define RadonNikodym derivative

fA(λi) = λi/
∫
(λ)dFA(λ) and for the set B define similarly fB(λi) = λi/

∫
(λ)dFB(λ). We

use fA and fB to rescale dealers in the two sets A and B, respectively. Dealers with higher

trade execution efficiency are split in greater number of representatives for the matching

purposes. Once rescaled, we assume there is independent uniform matching between rep

resentatives in sets A and B with the total meeting rate of (
∫
(λ)dFA(λ)+

∫
(λ)dFB(λ))µAµB.

The exact Law of Large Numbers applies for meetings between dealers in A and B. It re

mains to verify that the described matching technology is consistent: The total meeting

rate is additive for disjoint sets of dealers. We verify this claim in the following lemma:

Lemma 2.1. Let A, B, and C be disjoint sets of dealers with measures µA, µB , and µC ,

respectively. Let m(X,Y ) be the total meeting rate between dealers in arbitrary sets X and

Y . Under the described random matching technology the total meeting rate satisfies:

m(A,B ∪ C) = m(A,B) +m(A,C). (4)

Proof: See Appendix C.1.

To illustrate the change of measure described above, consider the following example.

Let A be a set of dealers and let their trade execution efficiency λi be uniformly distributed

on an interval from 0 to 10. In this case, the cumulative density function is FA(λ) = λ/10,

the mean execution efficiency level is
∫ 10
0 λdFA(λ) = 5, and the RadonNikodym derivative

is fA(λi) = λi/5. The distribution of dealers under the new measure is GA(λ) = λ2/100.

Figure 1 compares the original and the new distribution of dealers. Dealers with higher

trade execution efficiency λi are overrepresented under the new measure, captured by

convexity of GA(λ).

It follows, that the random matching technology can be applied to the entire population

of dealers. Under this technology a dealer with trade execution efficiency λi contacts a

dealer from set A with measure µA and conditional cumulative density function FA(λ) at
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Figure 1: Example of a change of dealers’ measure for matching technology.
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the almost sure rate (λi +
∫
(λ)dFA(λ))µA. This expression corresponds to per capita limit

of the total contact rate between sets A and B as the measure of set B goes to zero. The

described randommatching technology is an example of a linear search technology used

by Duffie, Gârleanu, and Pedersen [2005] and extended to heterogeneous search intensi

ties setting. The idea originally was introduced by Diamond [1982] and Mortensen [1982].

Our randommatching technology closely relates to other literature that deals with hetero

geneous search intensities in continuous time with continuum of agents in the population.

Shimer and Smith [2001] develop a randommatching technology where each agent estab

lishes a contact with a subset of agents according to his individual search intensity and

then the potential partner is drawn randomly from the subset with likelihood proportional

to partner’s search intensity. It has been shown that the choice of particular random

matching technology affects agents’ incentives for optimal search; however, in the context

of our paper agents’ search intensities are exogenous.

In the following section, we apply the described random matching technology to study

customers’ and dealers’ equilibrium asset valuations and customer bidask spreads.

2.3 Trading Equilibrium

When an owner of the asset meets a nonowner, they bargain over the terms of trade. The

asset changes hands when gains from trade are positive, otherwise trade does not happen.
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In interdealer meetings, all dealers divide existing gains from trade according to the

symmetric Nash bargaining solution. We assume the Nash bargaining power in interdealer

meetings is equal to 0.5 for all dealers, and does not depend on dealers’ trade execu

tion efficiency λi. This assumption simplifies the exposition and establishes an important

benchmark—the outcome of interdealer bargaining is being determined solely by dealers’

outside options and not by relative differences in their market power. We discuss plau

sibility of this assumption and provide details on the underlying bargaining procedure in

section 4.4.

In every transaction with a customer, all dealers have bargaining power q ≥ 0.5. When

there are positive trading gains in a customerdealer meeting, the emerging transaction

price is called “bid quote” when it is a buy from customer, and “ask quote” when it is a

sell to customer. These quotes are used in the measurement of customer bidask spreads.

Dealers may have higher bargaining power that customers in our model.

In our analysis, we focus on the steadystate dynamic trading equilibria. In these equi

libria, agents’ asset valuations and the distribution of agents’ types in the overall population

do not change over time. A steadystate dynamic trading equilibrium is characterized by a

set of agents’ statecontingent valuations and a distribution of masses that satisfy the two

conditions below.

Definition 2.1. A steady state dynamic trading equilibrium is characterized by state and

typecontingent asset valuations ∆V σ (customers’ valuations ∆V C
h and ∆V C

l , and dealers’

valuations as functions of their trade execution efficiency ∆Vh(λi) and ∆Vl(λi)), and the

distribution of agents’ masses µ (its components are listed in equations (2) and (3)), that

satisfy the following consistency and optimality conditions:

Optimality: ∆V σ(t) = Et{max (Vσ(owner))−max (Vσ(non− owner))|µt}, (5)

Consistency:
dµt

dt
(∆V σ) = 0. (6)

In the rest of this subsection, we describe components of the definition 2.1 presented

above. Similar to Duffie, Gârleanu, and Pedersen [2005, 2007] we express each agent’s
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value function in terms of the next stopping time τu at which agent’s marginal utility

changes, and the next stopping time τm at which the agent is matched with a counterparty.

The optimality condition above implies that only trades with positive trading gains are

executed. For example, the steady state value function for a dealer who holds one unit of

the asset in high liquidity state, and has trade execution efficiency λi is:

Vho(λi) = Et

(∫ min (τu,τm)

t
(θh)e

−r(u−t)du+ e−r(τu−t) ×A+ e−r(τm−t) ×B

)
, (7)

A = Vlo(λi)× 1{min (τu,τm)=τu},

B = E(max (Vhn(λi) + P , Vho(λi))|µt)× 1{min (τu,τm)=τm}

In each bilateral meeting with positive trading gains, the asset is exchanged at the price

set according to the Nash bargaining solution. We provide our discussion of the bargaining

process in section 4.4. Note that we assume there is no asymmetric information about

counterparties’ types and thus all positive trading gains in this environment are realized

in equilibrium. Let X and Y denote two opposite liquidity states. Equilibrium transaction

prices have the following form:

CustomerDealer: P
ask/bid
XY (λi) = (1− q)×∆VX(λi) + q ×∆V C

Y , (8)

Interdealer: PXY(i, j) = 0.5×∆VX(λi) + 0.5×∆VY (λj).

Finally, the evolution of agents’ masses in the population is described by the following

system of differential equations. The system for customers’ masses is:

dµC
lo

dt
= −γup × µC

lo + γdn × µC
ho − µC

lo

(∫ +∞

0

(λj) dµln (λj) +

∫ +∞

0

(λj) dµhn (λj)

)
,

dµC
hn

dt
= −γdn × µC

hn + γup × µC
ln − µC

hn

(∫ +∞

0

(λj) dµlo (λj) +

∫ +∞

0

(λj) dµho (λj)

)
,

dµC
ln

dt
= −γup × µC

ln + γdn × µC
hn + µC

lo

(∫ +∞

0

(λj) dµln (λj) +

∫ +∞

0

(λj) dµhn (λj)

)
,

dµC
ho

dt
= −γdn × µC

ho + γup × µC
lo + µC

hn

(∫ +∞

0

(λj) dµlo (λj) +

∫ +∞

0

(λj) dµho (λj)

)
. (9)

For any level of trade execution efficiency λ, the following system describes evolution of
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dealers’ masses (the equation for dealersowners is shown).

dµXo(λ)

dt
= γX × µYo(λ)− γY × µXo(λ) +

∫ λ

0

(BXn (λi) +AXn (λi)) dµXn (λi)−
∫ λ

0

(AXo (λi) +BXo (λi)) dµXo (λi) ,

AXo (λi) =

∫ +∞

0

(
1{PXl(i,j)>∆Vl(λi)} × (λi + λj)

)
dµln (λj) +

∫ +∞

0

(
1{PXh(i,j)>∆Vl(λi)} × (λi + λj)

)
dµhn (λj) ,

BXo (λi) = 1{∆VC
h
>P ask

Xh (λi)} × λi × µC
hn. (10)

We develop an algorithm to solve for the steadystate dynamic trading equilibrium. We

conjecture, that dealers reservation prices for the asset ∆Vh(λi) and ∆Vl(λi) are monotonic

functions of trade execution efficiency λi. Under this conjecture, we solve for equilibrium

agents masses and asset valuations. We then verify that our conjecture holds for our

solution. We provide details on the algorithm in the Appendix B. In the following section,

we study emerging customer bidask spreads for dealers with different levels of trade

execution efficiency.

3 Customer BidAsk Spreads

In environments with bilateral bargaining, heterogeneous agents have different outside

options and consequently different reservation values for the asset. In order to understand

how dealers’ interconnectedness and levels of trade execution efficiency affects bidask

spreads in equilibrium, we first study how dealers’ reservation values are affected. A

simplified environment below develops intuition behind the general theoretical results that

follow.

3.1 Dealers’ Reservation Values

Consider a simplified trading model with a search friction. We use it to develop economic

intuition. There is a pool of customers comprised of buyers and sellers. At every instant

of time t ≥ 0, there is a continuum of buyers with common reservation values for an

asset P buy and a continuum of sellers with reservation values P sell < P buy, who cannot

trade with each other. Dealer market consists of one single infinitesimal dealer who is

riskneutral, infinitelylived, and discounts his cash flows at a rate r > 0. The dealer
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meets customers at a deterministic sequence of event times that are equally spaced in

time: t = {∆, 2∆, 3∆, . . .}. At every event time only one customer is met, either buyer

or seller at the dealer’s discretion. Asset holdings are restricted to [0, 1], each unit of

the asset provides constant cash flow of θ to the dealer such that θ/r ∈ (P sell, P buy). Gains

from trade are always positive and split according to the Nash bargaining solution in which

dealer’s bargaining power is q ∈ [0, 1].

In the simplified environment, ∆ is a proxy for dealers’ trade execution efficiency. The

larger ∆ is, the longer it takes to trade with a counterparty. Dealers’ intrinsic buyand

hold valuation for the asset is θ/r. As ∆ approaches infinity, dealer’s reservation value

for the asset approaches his buyandhold valuation. When ∆ is finite, we write down

the Bellman equations for the dealer’ statecontingent value function (the states here are

“owner” and “nonowner”):

Vown =

∫ ∆

0
θe−rtdt+ (Vnon + q × P buy + (1− q)× (Vown − Vnon))e

−r∆, (11)

Vnon = (Vown − q × P sell − (1− q)× (Vown − Vnon))e
−r∆. (12)

The following lemma presents the equilibrium dealer’s reservation value of the asset

(Vown − Vnon). It turns out, that in this environment the dealer’s reservation value is a

weighted average of dealer’s buyandhold value and the average of customers’ reservation

prices, or market “midquote”.

Lemma 3.1. In the simplified environment, the equilibrium dealer’s value of the asset

is equal to the weighted average of dealer’s buyandhold valuation and the average of

customers’ reservation prices:

Vown − Vnon =

(
P buy + P sell

2

)
× 2q

er∆ − 1 + 2q
+

(
θ

r

)
× er∆ − 1

er∆ − 1 + 2q
. (13)

Proof: See Appendix D.1.

The weight 2q/(er∆ − 1 + 2q) on the customers’ average reservation prices is monoton

ically increasing in both dealer’s trade execution efficiency (inverse of ∆) and bargaining
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power q. Buyandhold valuation matters less for more efficient dealers. In the limit, as

trade delays diminish ∆ → 0 dealer’s buyandhold valuation θ/r no longer matters for

bargaining outcomes.

We establish a similar result when transaction delays are not symmetric for buying

versus selling. This may be the case for dealers in low liquidity state that have higher

likelihood of meeting buyers than sellers. In the following lemma, we assume the transac

tion delay for the dealer is longer when he sells to a customerbuyer (k ×∆, k ∈ (1,+∞))

than when he buys from a customerseller (∆).

Lemma 3.2. In the simplified environment, the equilibrium dealer’s value of the asset is

equal to the weighted average of dealer’s buyandhold valuation and the weighted average

of customers’ reservation prices, so that when delays in dealing with customersbuyers are

longer, the weight on customerssellers reservation price is larger (w1 < 0.5).

Vown − Vnon =
(
Pbuy × w1 + Psell × (1− w1)

)
× w2 +

θ

r
× (1− w2) , (14)

w1 =

(
er∆ − 1

)
(ek×r∆ + er∆ − 2)

,

w2 =

(
ek×r∆ + er∆ − 2

)
q

(er∆ − 1) (ek×r∆ − 1) + (ek×r∆ + er∆ − 2) q
.

Proof: See Appendix D.1.

Similarly to the symmetric case, the weight w2 on the average reservation prices of

customers is monotonically increasing in dealer’s trade execution efficiency (inverse of ∆)

and bargaining power q.

The simplified environment demonstrates that a dealer’s reservation value for the asset

lies in between his buyandhold value and an appropriately defined average market value.

As dealer’s trade execution efficiency increases, reservation value depends less on dealer’s

buyandhold value. This finding is intuitive, as a more efficient dealer has lower holding

periods, for which the buyandhold utility flow matters. In a more general environment

where dealers’ buyandhold values are exposed to random liquidity shocks, we expect

the quotes from more efficient dealers to be less affected by such variability. The market
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Figure 2: Execution delays ∆ and the dealer’s value of the asset
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“midquote” is a more important determinant of bargaining positions for more efficient

dealers. Thus, we expect variability of quotes posted by more efficient dealers to be

smaller. Conversely, dealers with lower trade execution efficiency will be willing to provide

a better deal to customers when they are in the opposite liquidity state.

We demonstrate the relationship between dealers’ reservation values and customers

bidask spreads graphically in Figure 3. The xaxis is the inverse of dealer’s trade exe

cution delay ∆—dealers with higher trade execution efficiency are on the right side along

the xaxis. Panel B of Figure 3 demonstrates bid and askquotes charged by the dealer.

We observe lower variability of customer quotes for dealers with higher trade execution

efficiency. This holds in the general model with multiple dealers and random matching.

Higher variability of customer quotes offered by peripheral dealers is a testable prediction

of our model.

The average bidask spread customers face when trading with different types of deal

ers depends on the crosssectional distribution of dealers across liquidity states and asset

ownership types. In Figure 3, the quotes shown on the dashed lines of Panel B correspond

to dealerssellers with relatively low buyandhold values (dashed ask quotes) and dealers

buyers with relatively high buyandhold values (dashed bid quotes). These quotes also

correspond to relatively good deals for customers on each side of the market. In a similar
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Figure 3: Relationship between dealers’ reservation values and bidask spreads
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fashion, the quotes shown on the solid lines correspond to relatively bad deals for cus

tomers, because trading gains realized in such transactions are low. When owners and

nonowners are uniformly distributed across different liquidity states in the crosssection,

the dashed lines and dotted lines are equally likely to occur and the average bidask spread

is the same for dealers with different trade execution efficiency and transaction delays ∆.

However, the general model with search and matching that follows predicts that there are

more owners in high liquidity state than owners in low liquidity state in the steadystate

equilibrium, and thus on Figure 3 solid lines are more likely to occur. This implies a neg

ative relationship between average customer bidask spread and dealers’ trade execution

efficiency. Less interconnected dealers are expected to offer wider spreads on average than

more interconnected dealers, consistent with evidence in Hollifield, Neklyudov, and Spatt

[2012] for ABS and CMO markets.

Now imagine that customers are actively shopping for good bargains provided by deal

ers in the opposite liquidity states, shown by dashed lines on Figure 3. This puts extra

probability on smallest possible bidask spreads values and can eventually revert the rela

tionship between average customer bidask spread and dealers’ trade execution efficiency.

The positive relationship observed documented by Li and Schürhoff [2012] for municipal

bonds market is consistent with such customer shopping. We explore this extension of the
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general model in section 4.3.

3.2 General Model

A similar line of argument to the one developed above applies in the general environment.

In any steady state dynamic trading equilibrium (definition 2.1) there exists a unique

market “midquote” that serves as the limit for reservation values of dealers as trade

execution efficiency increases. Dealers with higher trade execution efficiency are less

affected by their buyandhold values when they bargain with customers. In our notation,

this occurs when the gap in dealers’ reservation values in two liquidity states ∆Vh(λi) −

∆Vl(λi) is decreasing in dealer’s trade execution efficiency λi.

In this subsection, we conjecture that a steadystate dynamic trading equilibrium ex

ists. We are able to demonstrate existence and uniqueness of such equilibrium for sym

metric markets in section 4. Let {∆V σ,µ} be an equilibrium. Our first step is to identify

the average market “midquote”:

Definition 3.1. For any steady state dynamic trading equilibrium {∆V σ,µ} define the

average market midquote ∆V as the limit of reservation price of a zeromeasure dealer

as that dealer’s trade execution efficiency λi goes to infinity:

∆V = lim
λ→+∞

(∆V (λi)). (15)

Definition 3.1 states the average market midquote as the asset reservation price for a

dealer not exposed to search friction. Such dealer does not have to exist for us to be able

to compute the average market midquote. A single zeromeasure dealer does not affect

the steady state trading equilibrium {∆V σ,µ} and can be added to the population without

consequences.

Proposition 3.1. Let {∆V σ,µ} be a steadystate dynamic trading equilibrium. There exists
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a unique average market midquote ∆V , which is the fixed point of the following mapping:

∆V = T1(∆V ), (16)

T1(x) =

(
q × (max(∆V C

h , x)µC
hn +max(∆V C

l , x)µC
ln +min(∆V C

h , x)µC
ho +min(∆V C

l , x)µC
lo)

+
1

2
×
(∫ +∞

0
max(∆Vh(λj), x)dµhn(λj) +

∫ +∞

0
max(∆Vl(λj), x)dµln(λj)

+

∫ +∞

0
min(∆Vh(λj), x)dµho(λj) +

∫ +∞

0
min(∆Vl(λj), x)dµlo(λj)

))
×

×(q × (1−Md) + 0.5×Md)
−1.

Proof: See Appendix D.2.

The average market midquote can be thought of as the representative asset valuation

on an overthecounter market with heterogeneous participants. This is also a benchmark

point above which any dealer with sufficiently high trade execution efficiency will be

willing to sell, and below which the same dealer will be willing to buy.

In our analysis, we do not study asymmetric steadystate equilibria with some dealers

having their reservation values on one side of the average market midquote in all possible

liquidity states. In an asymmetric steadystate equilibrium, some dealers are always more

likely to buy than sell, while others are always more likely to sell than buy. We concentrate

on the subclass of market equilibria that are relatively symmetric, that is each dealer

depending on its liquidity state can be on the either side of the midquote from time to

time, and experience both buying and selling pressures. The definition of a relatively

symmetric equilibrium follows:

Definition 3.2. A steady state dynamic trading equilibrium {∆V σ,µ} is relatively sym

metric when the average market midquote ∆V is in between all agents’ reservation values

in the two opposite liquidity states:

∆Vh(λ) > ∆V > ∆Vl(λ) , for ∀λ ∈ [0,+∞). (17)

Note that in Definition 3.2 perfect symmetry is not required, as the reservation values
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of dealers in the opposite liquidity states are not required to be equidistant from the

average market midquote. However the case of perfect symmetry is interesting due to its

tractability, and is presented in section 4.

Our key result is the following proposition. We are able to show that in any relatively

symmetric steadystate equilibrium dealers with higher trade execution efficiency are less

exposed to variability in their buyandhold values. This result allows us to demonstrate

negative relationship between bidask spreads and dealers’ trade execution efficiency.

Proposition 3.2. Let {∆V σ,µ} be a steadystate dynamic trading equilibrium that is rela

tively symmetric. Then ∆V σ satisfies the following property:

d(∆Vh(λ)−∆Vl(λ))

dλ
< 0. (18)

Proof: See Appendix D.3.

This finding shows that the intuition developed in section 3 holds in the generalized

setting with search and matching. The general model is used to compute the steadystate

masses of different dealers in a crosssection and use these to compute average customer

bidask spreads. We perform this analysis numerically in the following section.

4 Analysis of Symmetric Markets

In this section, we study a special type of steadystate dynamic trading equilibria that are

symmetric. Such equilibria occur when the buyandhold values of dealers and customers

are symmetric: (θhigh+θlow)/2 = (θh+θl)/2, the switching process between the two liquidity

states for each agent is symmetric: γup = γdn = γ, and the asset initial supply is: s = 1/2.

Definition 4.1. A steadystate dynamic trading equilibrium {∆V σ,µ} is symmetric when
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the following conditions hold:

µ satisfies: µC
hn = µC

lo = µC ,

µC
ho = µC

ln = (1−Md)/2− µC ,

µhn(λ) = µlo(λ) = µ(λ), ∀λ ∈ [0,+∞),

µho(λ) = µln(λ) = (F (λ)/2− µ(λ)), ∀λ ∈ [0,+∞).

Any symmetric steadystate trading equilibrium is relatively symmetric as well, as it

satisfies the property in Definition 3.2. The average market midquote for a symmetric

market is (θhigh + θlow)/2 and any agent’s valuation in the high liquidity state is above this

value.

The following lemma allows us to solve for equilibrium masses of customers and dealers

in a symmetric steadystate equilibrium.

Lemma 4.1. In a symmetric steadystate dynamic trading equilibrium the function µlo(λ)

(describing distribution of search speeds λ across dealers who hold the asset in low liquidity

state) satisfies the following ODE:

Md

2

((
γ + xµC − y(x) + 2xy′(x)

)
F ′(x) + x(F (x)− 1)y′′(x)

)
(19)

=

(
2γ + 2xµC − 2y(x) + 4xy′(x) +

∫ +∞

x

1

2
zMdF

′(x)dz

)
y′′(x),

where: y(x) =

∫ x

0
µlo(λ)dλ

y(0) = 0, y′(0) = 0.

Proof: See Appendix E.1.

We solve the model numerically. We let dealers’ trade execution efficiency λi be uni

formly distributed on an interval from 0 to 10. In this case, the conditional cumulative

density function F (λ) = λ/10, and the mean execution efficiency level is
∫ 10
0 λdF (λ) = 5.

Figure 7 demonstrates the solution for the following parameters of the model:
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parameter value comment

γup = γdn 0.5 the same to ensure symmetry of equilibrium
Md 1/2 half of the population are dealers
q 0.7 dealers have higher bargaining power than customers
θhigh 5.1 MU of customer in high state
θlow 4.4 MU of customer in low state
θh 5 MU of dealer in high state
θl 4.5 MU of dealer in low state

4.1 Equilibrium Dealer Networks

In the dynamic trading equilibrium we find, dealers differ in the number of counterpar

ties they meet over time. The numbers of transactions with customers and interdealer

transactions differ as well. In equilibrium, there is an infinitely dense network of trading

relationships, which is random at the level of individual agent, and deterministic in aggre

gate (by the appropriate law of large numbers, see Duffie and Sun [2007] for discussion).

Despite the fact that the model features a continuum of dealers and customers, we are able

to compute expected number of counterparties encountered over a given interval of time

by a given agent, which would correspond to that agent’s degree centrality. As all agents

are infinitesimally small, no pair of agents will meet each other twice in the equilibrium

almost surely, thus the number of trades and the number of counterparties are the same.

Consider a dealer with trade execution efficiency λi ≥ 0. In the steadystate, the

lifetime of this dealer follows a fourstate continuoustime Markov chain with the generator

matrix Q(λi):

Q(λi) =

ho

lo

hn

ln



(−γdn − λhigh
sell ) γdn λhigh

sell 0

γup (−γup − λlow
sell) 0 λlow

sell

λhigh
buy 0 (−γdn − λhigh

buy ) γdn

0 λlow
buy γup (−γup − λlow

buy)


. (20)
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where: λhigh
sell = λi × µC

hn +

∫ λi

λ=0
(λi + λ)dµhn(λ)

λlow
sell = λi × µC

hn +

∫ ∞

λ=0
(λi + λ)dµhn(λ) +

∫ ∞

λ=λi

(λi + λ)dµln(λ)

λhigh
buy = λi × µC

lo +

∫ ∞

λ=0
(λi + λ)dµlo(λ) +

∫ ∞

λ=λi

(λi + λ)dµho(λ)

λlow
buy = λi × µC

lo +

∫ λi

λ=0
(λi + λ)dµlo(λ).

The matrix of conditional probabilities P (t, λi) of a dealer residing in each given state at a

given point in time can be obtained by solving the Kolmogorov equation (∂P /∂t)(t, λi) =

Q(λi)×P (t, λi). We then compute the expected number of transitions in this Markov chain

over a given fixed period of time, using results on Markov chains from Guttorp [1995]. For

example, the expected number of dealer’s buys over time period t ∈ (0, T ) (both from

customers and on interdealer market) is equal to:

E[Nbuy] =
4∑

i=1

[
Prob(X0 = i)×

∫ T

0

(
λhigh
buy Pi→hn(t, λi) + λlow

buyPi→ln(t, λi)
)
dt

]
. (21)

Note that we can compute the expected number of customer and interdealer trades sep

arately as well, by using the relevant customer and interdealer portions of λhigh
buy and λlow

buy

in the formula above.2 For the analysis below we assume that the initial state probabilities

Prob(X0 = i) are consistent with the stationary distribution of this Markov chain. In this

case unconditional probabilities of being in each state are constant in time and the above

equation reduces to:

E[Nbuy] =

∫ T

0

(
λhigh
buy Phn(t, λi) + λlow

buyPln(t, λi)
)
dt,

where: Phn(t, λi) =
γup(γdnλ

low
sell + λhigh

sell (γup + λlow
buy + λlow

sell))

(γdn + γup)(γup(λ
high
buy + λhigh

sell ) + (γdn + λhigh
buy + λhigh

sell )(λ
low
buy + λlow

sell))
,

Pln(t, λi) =
γdn(γupλ

high
sell + λlow

sell(γdn + λhigh
buy + λhigh

sell ))

(γdn + γup)(γup(λ
high
buy + λhigh

sell ) + (γdn + λhigh
buy + λhigh

sell )(λ
low
buy + λlow

sell))
.

Here we study equilibrium trading frequencies and dealers’ interconnectedness. The

2This is justified, since the future lifetime of a dealer does not depend on whether the asset was purchased
on the interdealer market or from a customer. This allows to reduce the number of relevant states to 4.
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random matching between customers and dealers generates a network of trading relation

ships. In this section we characterize various properties of the realized network.

Figure 4: Dealers’ Expected Centralities (and Volumes) in Symmetric Market
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Figure 5: Degree Centrality Distribution in Symmetric Market
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An empirical feature of many observed networks is a power law distribution of the num

ber of links. Our model suggests that a uniform distribution of trade execution efficiency

levels for dealers may generate a convex distribution of expected numbers of links (degree

centrality) and trading volume across dealers. More efficient dealers endogenously receive

larger volume of interdealer trades, shown on Figure 4. This convexity is explained by

the endogenous intermediation role more efficient dealers obtain among the less efficient
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dealers. However such growth in degree centrality reduces once the efficiency reaches

relatively high values on the market—the top dealers experience a reduction in the positive

matching externality by always dealing with less efficient dealers. Thus, the distribution

of degree centrality on the market is bimodal (shown in Figure 5). It reflects an expo

nential decay for relatively lower values of λ (as in power law distributions), and fat right

tails due to the matching externality effect.

Figure 6: Dealers’ Expected Centralities (and Volumes) in Relatively Symmetric Market
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Panel B: Dealers’ Degree Centrality distribution
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Large imbalances in the aggregate initial asset endowment may flatten out the convexity

of the numbers of interdealer links, shown on Figure 6.

These results allow us to establish the mapping from the underlying search economy

to the empirically observed network structure.
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4.2 Customer BidAsk Spreads

Figure 7: Numerical Solution for the symmetric steadystate trading equilibrium
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Panel B: Customers’ and dealers’ equilibrium
reservation values
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Panel D: Conditional Mean BidAsk Spreads in
equilibrium

Based on the reservation values on Panel B of Figure 7 and the crosssectional distri

bution of dealers, we compute conditional average bidask spreads customers face when

meeting a dealer with a given level of trade execution efficiency λi. The resulting cus

tomer bidask spreads are presented on Panel D of Figure 7. We observe a negative

relationship between bidask spreads and dealers’ trade execution efficiency λi. It is pos

sible to demonstrate that as the intensity of switching across liquidity states γ increases,

the negative relationship between computed bidask spreads flattens in the limit.

The explanation for the negative relationship between dealers’ trade execution effi

ciency and average bidask spreads observed is the following. In relatively symmetric
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steadystate equilibrium, less efficient dealers are more exposed to search friction and have

more weight on their buyandhold valuations in their asset reservation values. Their buy

andhold valuations are exposed to random liquidity shocks. More efficient dealers suffer

less from these shocks, because their reservation values are closer to the constant average

market midquote. Interdealer trading results in overrepresentation of highowners and

lownonowners in the population, because owners in high liquidity state are less likely to

sell than owners in low liquidity state. Dealers in the same liquidity state as customers

cannot offer good bargains because trading gains are small. As dealer’s trade execution

efficiency diminishes, these trading gains become even lower. This is the reason, why we

observe higher average bidask spreads for less interconnected dealers when they trade

with customers.

4.3 Customers’ Shopping Activity

Active customer shopping for better quotes may have important consequences and reverse

the negative relationship we observe in the general model. Below we define formally what

active customer shopping stands for in our environment.

Definition 4.2. A market is characterized by active customer shopping when a trade be

tween a customer and a dealer is more likely to occur when the dealer and the customer

are in the opposite liquidity states than when they are in the same liquidity state.

In the baseline model, any customer in a high liquidity state who does not have an

asset can trade with both highliquidity state dealers and lowliquidity state dealers. The

highliquidity state dealers are overrepresented in the crosssection of dealers in the

steadystate equilibrium and they have lower trading gains with customers.

Consider the following example. There are three dealers on a market and one cus

tomer. In this example, we assume the dealers have equal trade execution efficiency, to

concentrate on the customer shopping. The customer does not have the asset and is in

high liquidity state, so that the customer’s buyandhold valuation is relatively high. The

three dealers hold the asset, and their liquidity states as well as gains from trading with

the customer are shown in the table:
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Figure 8: Numerical Solution for the symmetric equilibrium with shopping
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Panel D: Conditional Mean BidAsk Spreads in
equilibrium

trading gains
liquidity state with the customer

dealer A high $2 (lowest)
dealer B high $3
dealer C low $11 (highest)

All the three dealers have positive gains from trading with the customer. In the baseline

model that would imply all the three transactions are equally likely. The probability p

of a "Dealer C to customer" transaction occurring is 1/3. Note that this dealer offers

the highest gains from trading to the customer. Active customer shopping would occur

when this probability is larger p > 1/3. In this section, we modify the randommatching

technology of the baseline model and assume the extreme case scenario of such customer

shopping—no trade happens between a customer and a dealer in the same liquidity state,
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p = 1.

Active customer shopping may occur for various reasons. First, customers may apply

an extra effort to locate lowliquidity owners among dealers and get better deals. Second,

exogenous transaction costs may make transactions with small trading gains infeasible to

carry out. For these reasons, active customer shopping is not necessarily associated with

sophistication of customers, because sophisticated customers may be less sensitive to these

exogenous transaction costs. Active customer shopping may not be observed on markets

with relatively large overall magnitude of trading gains. When trading gains are large

even for counterparties in the same liquidity state, all trades with positive gains will be

executed as in the baseline version of the model.

In what follows, we assume that no trade happens between a customer and a dealer in

the same liquidity state. We solve for the steadystate equilibrium of the modified model

numerically using the same parameters values as in the previous subsection.

Panel D of Figure 8 demonstrates positive relationship between average bidask spreads

and dealers’ trade execution efficiency. The finding is consistent with empirical evidence

in Li and Schürhoff [2012] on municipal bond markets.

4.4 The Bargaining Model

So far in our analysis we worked with Nash bargaining solution, where trading gains were

split proportionally in all bilateral meetings (in all interdealer meetings the gains were

split equally, while in customerdealer meetings, dealers were getting fixed proportion q

of the gains). Two questions we ask in this section are: 1) can these fixed proportions be

justified using equilibrium outcomes of a dynamic bargaining model; and 2) how changes

in the fixed proportions affect our results.

As it is known in the literature, in a bilateral bargaining game with simultaneous offers,

any value of the fixed proportion q can be justified as a Nash equilibrium (discussed in

Kreps [1990]). In the context of overthecounter trading, Duffie et al. [2003] present a

version of a dynamic bargaining game with alternating offers, where at each stage of the

game one of the two agents is chosen randomly to make an ultimatum takeitorleaveit
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offer, and the continuoustime limit of such game is considered. In one version of the

game, when agents are not allowed to search for other counterparties during bargaining

process, the endogenous bargaining power arises as a function of model parameters and

probabilities of making an ultimatum offer. The bargaining power is higher when the

probability of making an offer is higher for each agent, or when agent’s ability to meet

other partners is lower (making the agent relatively more patient). In another version of

the game, when agents are allowed to search for other counterparties during the bargaining

process, the endogenous bargaining power of an agent is equal to the probability of making

an ultimatum offer and does not depend on other model parameters. Intuitively, agent’s

ability to keep searching for counterparties during bargaining implies that there is no

sacrifice being made when bargaining process is initiated. Higher ability of meeting other

partners increases the likelihood of a breakdown in any given bargaining round.

We follow Duffie et al. [2003], and use the framework of Rubinstein and Wolinsky

[1985] and others, to verify whether similar results can be obtained in a model with a

continuum of different types of dealers, and what are the required assumptions. We show

that under a set of reasonable assumptions, we are able to justify our Nash bargaining

assumption in a dynamic bargaining game with alternating offers.

In our trading model, customers and dealers could be in one of the two liquidity states

and can have different trade execution efficiency (note that trade execution efficiency of

customers is normalized to zero). These agents’ types determine a subset of potential

counterparties with positive trading gains in the population for each agent. We take two

arbitrary agents and assume they play a dynamic bargaining game when they are matched,

in which they are allowed to exchange offers at discrete moments of time ∆t. In each

customerdealer round, one agent is chosen randomly to make an ultimatum offer, so that

the probability of a dealer making an ultimatum offer is q̂. In each interdealer round,

one of the dealers is chosen equally likely. From now on we will focus on customer

dealer meetings where customer is a buyer, and dealer has execution efficiency λi. Denote

dealer’s optimal offer by Pi and customer’s optimal offer by PC . Denote the expected

transaction price by P̂ = q̂Pi + (1 − q̂)PC . Similar analysis holds for customerssellers, as
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well as for interdealer meetings with minor modifications.

Let A be a subset of dealers with measure µA, who have positive trading gains when

matched with the given customer, and let λA be their average trade execution efficiency:

λA =
∫
A λdFA(λ). Similarly, let B be a subset of other dealers and customers, who have

positive trading gains with the given dealer, with average trade execution efficiency λB

(here we assign zero trade execution efficiency for all customers in B). The rate, at which

the customer finds a substitute for the dealer he is negotiating with is λAµA, while a similar

rate for the dealer is (λi+λB)µB. Additionally, let γA be the rate at which the liquidity state

of the customer switches (γA = γdn, as highliquidity customers are the only buyers in the

model), and let γB be the rate at which the dealer’s liquidity state switches (γB ∈ {γup, γdn},

depending on the initial liquidity state of the dealer). Assume further that the bargaining

process stops once any of the two agents is matched with another counterparty or when

the liquidity state switches (we discuss plausibility of this in our setting below).

Under the assumption that both customer and dealer can search for other counterpar

ties during the bargaining process, the optimal prices offered satisfy the following set of

equations (here we use W to denote value function of an agent who has a counterparty to

bargain with at the moment):

PC + Vn(λi) = Wo(λi) = Vo(λi) + e−r∆t

(
e−(γA+γB+λAµA+λBµB)∆t

)(
P̂ −∆V (λi)

)
, (22)

V C
o − Pi = WC

n = V C
n + e−r∆t

(
e−(γA+γB+λAµA+λBµB)∆t

)(
∆V C − P̂

)
,

lim
∆t→∞

(PC) = lim
∆t→∞

(Pi) = (1− q)×∆V (λi) + q ×∆V C ,

where: q = q̂.

The result above suggests that as long as both agents are allowed to keep looking

for counterparties while bargaining and the bargaining stops when such counterparty is

encountered, the bargaining power does not depend on agents’ search abilities (relative

measures of A and B sets, and average trade execution efficiencies λA and λB). This is

consistent with Duffie et al. [2003] and justifies the fixed proportion q for customer trades

(and 1/2 for interdealer trades) used in our trading model. Here we assumed that the
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bargaining process stops once any of the two agents finds a substitute counterparty or

when the liquidity state switches. The latter can constitute an issue, when for example

a customerbuyer is bargaining with a dealer in high liquidity state, while the dealer

switches to low liquidity state in between rounds. Alternatively, a customer may find a

counterparty with significantly lower trading gains, so that he would not want to drop

out from bargaining. In Rubinstein and Wolinsky [1985] this is not a problem, because all

matches generate the same amount of good to share.

In our setting this is not the case. This observation suggests that in a match which

is particularly favorable for one party, we may overestimate the bargaining power of this

party by assuming the fixed proportion in the split of the pie. The results above require

a credible commitment from such party to withdraw from bargaining process whenever

other deal appears even with lower gains. Such situation occurs when customers bargain

with dealers in the opposite liquidity state (the customer is unlikely to find a better deal

and will be less likely to terminate bargaining).

The import of this discussion is that it is reasonable to modify the Nash bargaining

assumption and instead think of q as a function of both the probability of making an offer

in a bargaining round and the size of the trading gain relative to the marketwide average

trading gain. In this case, customers who encounter a peripheral dealer in the same

liquidity state will have slightly higher bargaining power than in our baseline model, and

the negative relationship we find may be flattened. However, one should note, that such

effect is of a secondorder nature, and primaryly the bargaining power is still driven by

the probability of making an ultimatum offer. The latter point implies that quantitatively

this does not change the results too much, while it reduces tractability of the model.

Moreover, the reverse logic applies to the case when agents are not allowed to look for

other counterparties while bargaining. Here, both agents make a commitment to each other

to continue bargaining and reject any other match. In this situation the party to which

such commitment is most expensive (a more efficient party in finding good deals outside)

has lower bargaining power, which is consistent with the finding in Duffie et al. [2003].

This suggests that the fixed proportions we use is somewhere in between the two models
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(with searching allowed and without) and makes them even more reasonable. Further, all

these issues can be reconciled, when we let a more anxious party be more likely to make

the ultimatum offer, effectively altering the probability of making an ultimatum offer so

that in the end all gains are split in fixed proportions.

Finally we discuss comparative statics with respect to changes in the values of relative

bargaining power of dealers and customers. The figure below shows agents’ reservation

values and associated bidask spreads for three different values of bargaining power q ∈

{0.05, 0.5, 0.95}, as well as the relationship between average bidask spreads and dealer’s

trade execution efficiency.

Figure 9: Equilibrium reservation values for different dealers’ bargaining power values

0 2 4 6 8 10

94.6

94.8

95.0

95.2

95.4

Execution Efficiency Λi

E
q
u
ili

b
ri
u
m

R
e
s
e
rv

a
ti
o
n

V
a
lu

e
s

Panel A: Reservation values for q = 0.05
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Panel B: Reservation values for q = 0.5
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Panel C: Reservation values for q = 0.95
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Panel D: Equilibrium Average BidAsk Spreads

It can be observed from Panel D of Figure 9 that the relationship between dealers’

trade execution efficiency and average bidask spreads flattens out as q increases, while
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overall average spreads rise. Intuitively, when customers have little bargaining power with

dealers, transaction prices are determined by customers’ reservation values only, which do

not depend on dealer’s individual levels of trade execution efficiency. When dealers always

make ultimatum offers to customers, the model predicts no relationship between average

bidask spreads and dealers’ trade execution efficiency. Presence of a negative relationship

in the data suggests that customers may have significant bargaining power.

5 The Origins of F (λ)

In this section, we investigate the economics behind and possible origins of dealers’ trade

execution efficiency distribution F (λ). In the model, dealers’ trade execution efficiency

corresponds to abilities of dealers to search for counterparties. The delay in trade execution

is larger for dealers with lower λi, implying that it is more difficult and costly for these

dealers to establish profitable matches on a decentralized market and realize gains from

trading. When such dealers are hit with an adverse liquidity shock, it takes some time for

them to rebalance their asset holdings. In the model, we assume dealers are born with a

particular value of λi and this value remains unchanged throughout dealers’ lifetime.

Technological “trading capital” can be one determinant of λi for each dealer. For ex

ample, in the overthecounter equity space, there are several ITinfrastructure products

that are designed to enhance the matching of counterparties, such as “OTC Link.” These

products often do not cover the securitizations trading, however it is reasonable to think

that brokerdealers in securitizations rely on similar electronic communication systems

(and potentially more sophisticated and fragmented systems). A brokerdealer with a

wider access to these types of systems (or even owning and designing such a system) will

have higher value of λi in the model. Then the distribution F (λ) describes how the extent

of such “trading capital” is distributed in the crosssection of dealers at a given point in

time.3

In the model, a dealer with higher λi is more efficient at trading both with the pool of

customers and with other dealers. Customerrelations capital, which includes the extent

3F (λ) is assumed to be stable over time in the model.
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of marketing activity, performance of the salesefforts and salespersonnel, contributes to

the speed of profitable customer trade execution. Hollifield, Neklyudov, and Spatt [2012]

document that the extent of customer and interdealer activity of different dealers is highly

correlated, with fairly few dealers having substantial differences in their customer and

interdealer participation measures. Thus, a dealer with high λi is substantially invested

in customerrelations capital as well. Finally, the legal support and the extent of inhouse

expertise contribute to the value of dealer’s λi, especially for more advanced securitized

products. These considerations suggest that λi in the model can be the result of a costly

investment, and dealers with different λi differ in their equilibrium investment levels,

captured by the crosssectional distribution F (λ).

5.1 Market shares of dealers

The link between costly “trading” capital and the trade execution efficiency distribution

F (λ) can be formalized as follows. The set of dealers in the population has measure Md.

Each dealer has obtained ki amount of “trading capital”, at cost ci(ki). The heterogeneity of

dealers comes from different cost functions for obtaining the same level of trading capital.

Denote the measure of dealers with trading capital less than k by H(k) = Md ×Pr(ki < k),

and let H−1(F ) be the inverse cumulative density function of trading capital. Denote the

average level of trading capital across dealers by k̄. Then the market share Mi of dealer

i ∈ [0,Md] is:

Mi =
1

Md
× H−1(i)∫Md

0 H−1(x)dx
=

ki
k̄
. (23)

The trade execution efficiency of a dealer λi is proportional to the dealer’s market share

Mi, where λ̄ is the average number of trades one dealer on a homogeneous market executes

with a unit measure of customers with positive trading gains per unit of time (possibly a

function of k̄):

λi = λ̄(k̄)×Mi. (24)

This way λ̄ can be thought of the average severity of search friction on the decentralized

market. Note that there are two forces that determine dealers’ λi: the crowdingout (or the
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armsrace), when investment of other dealers reduce the market share of a given dealer.

This force is strongest, when λ̄ is constant and does not depend on the average level of

trading capital on the market. In this case only relative values of trading capital matter,

while absolute levels do not. The other force is the overall market efficiency, which is

strongest when λ̄ is an increasing function of the average trading capital k̄. In this case,

each unit of trading capital contributes both to individual market share and the overall

market efficiency.

Now we turn to the shapes of cost functions that may justify a particular F (λ) dis

tribution. In this sense, we think of dealers’ trade execution efficiency levels as choice

variables.

5.2 The costs of trade efficiency

In the trading model faster trade execution is a Paretoimprovement, as everybody bene

fits from it. For this reason, without an exogenous cost of faster trading, all parties would

prefer to increase their trade execution efficiency λi to infinity. The exogenous cost can

originate from the capital and human investment needed in order to increase one’s effi

ciency (speed) of trading. We use our trading model to evaluate marginal benefits MB(λi)

of having a given level of efficiency on the market. The shape of the MB(λ) curve can

be used to deduce marginal costs of obtaining a given level of λi when dealers are able to

choose optimally their levels of trade execution efficiency.

The argument is as follows. We take a given distribution F (λ) and obtain the steady

state expected trading profits of dealers as a function of trade execution efficiency level

λ. In our setting, there is a continuum of dealers, thus each single dealer’s decision does

not affect the overall market equilibrium. This is a simplifying feature of our analysis,

and it allows us to obtain the individual marginal benefit curve MB(λ) as the derivative of

the crosssectional expected trading profit function. We assume that each dealer in period

t = 0 is assigned randomly one of the liquidity and assetownership types, according to

the steadystate distribution of these for a particular level of trade execution efficiency λi.

The model starts in its steadystate from the beginning of time. We use our results from
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section 4.1, where we characterize the steadystate probability distribution for the Markov

chain that desribes each dealer’s lifetime.

We use the same calibration as in Section 4 to illustrate our analysis and reveal eco

nomic principles that drive dealers’ profitability on fragmented markets. The resulting

marginal benefit curve is shown on Figure 10. The figure demonstrates that the marginal

Figure 10: Equilibrium marginal benefit of trade execution efficiency
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benefit from trading on the market is increasing in the level of trade execution efficiency,

except for the least efficient dealers. These dealers enjoy a positive matching externality

and benefit indirectly from trading with more efficient dealers. They receive additional

intermediation services from more efficient dealers. As their trade execution efficiency

increases, the value of such externality drops, which is reflected in the downwardsloping

portion of the marginal benefit curve. Dealers with different cost functions select their

optimal efficiency levels along the curve. Generally, the marginal cost is smaller for less

efficient dealers, which shows that being efficient is highly profitable on a decentralized

interdealer market. The positive externality faced by less efficient dealers creates an

additional barrier to entry to the topleague of dealers.
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6 Conclusion

In this paper, we presented a model of a decentralized interdealer market where dealers

differed in their trade execution efficiency. The model was designed to fit the core

peripheral structure of dealer networks documented in recent empirical studies of various

fixedincome instruments. In equilibrium, more efficient dealers were intermediating

order flow of peripheral dealers. The baseline model predicted a negative relationship

between dealers’ trade execution efficiency and customer average bidask spreads when

customers were equally likely to trade irrespective of the size of positive trading gains. Our

results demonstrate an interesting link between the extent of active customer shopping and

the difference in average bidask spreads that customers face when they trade with central

versus peripheral dealers.

In the context of overthecounter markets, this paper links together traditional search

theory, in which intermediaries are typically homogeneous and the interdealer market is

centralized, with networktheory, which allows for richer network structures that are

typically nonstochastic and exogenously fixed. Here the network structure arises endoge

nously as a result of heterogeneity in dealers’ search technologies. Dealers with ex ante

higher trade execution efficiency emerge as more interconnected dealers in the steady

state trading equilibrium.

One particular application of these tools is the empirical analysis of transaction level

data—the model allows us to evaluate the part of customer bidask spreads that is at

tributable to heterogeneity of dealers and their outside options. It is possible to estimate

the distribution of dealers’ trade execution efficiency separately for subcategories of dif

ferent instruments and compare implications of the model. This is particularly relevant to

highly segmented markets in securitized products and derivatives.

There are several directions for future research. Firstly, in the current paper we focus

on the benchmark scenario under which dealers differ in trade execution efficiency, while

bargaining power is the same across dealers. In reality, more efficient dealers may have

greater market power in dealing with their counterparties. The analysis of exogenous

differences in market power across dealers could strengthen our findings quantitatively.
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Another important aspect of the current analysis is how the trading protocol is set

up. Our analysis relies on random searchandmatching, where agents do not strategically

choose other counterparties. The condition for a successful trade execution is positive

training gains. An alternative way of setting up the trading process is a directedsearch

framework as in Burdett, Shi, and Wright [2001]. Under the directedsearch methodology

sellers post quotes and buyers strategically choose a seller to trade with. The directed

search methodology is not common in the literature on overthecounter markets; however,

it is important to evaluate robustness of our key findings to alternative specifications of

the trading protocol.
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Appendices

A Supplementary Notation

To simplify the exposition of the formulas in this appendix, we introduce and define the following
variables and functions. We refer to this notation throughout the appendix as supplementary:

Agents’ Masses in the Population

1. The rate of meeting a dealer in set A with higher trade execution efficiency
by a dealer with trade execution efficiency λi = y:

mfstD(y, FA(·)) =
∫ ∞

y

(y + z)× dFA(z). (25)

2. Similarly, the rate of meeting a dealer with
lower trade execution efficiency:

mslwD(y, FA(·)) =
∫ y

0

(y + z)× dFA(z). (26)

3. The rate of meeting a dealer by
a customer:

mDo = mfstD(0, µho(·)) + mfstD(0, µlo(·)), for a nonowner customer; (27)

mDn = mfstD(0, µhn(·)) + mfstD(0, µln(·)), for an owner customer. (28)

4. The difference between two rates: the total rate of meetings between
lowowner dealers with trade execution efficiency lower than x and their
conjectured counterparties, and the total rate of such meetings
for lownonowner dealers:

trdnetlow(x) =

∫ x

0

(
y × µC

hn + mfstD(y, µln(·)) + mfstD(y, µhn(·)) + mslwD(y, µhn(·))
)
× dµlo(z)

−
∫ x

0

(
y × µC

lo + mslwD(y, µlo(·))
)
× dµln(z). (29)

5. Similarly defined difference in rates for
dealers in highliquidity state:

trdnethigh(x) = −
∫ x

0

(
y × µC

lo + mfstD(y, µho(·)) + mfstD(y, µlo(·)) + mslwD(y, µlo(·))
)
× dµhn(z)

+

∫ x

0

(
y × µC

hn + mslwD(y, µhn(·))
)
× dµho(z). (30)

Agents’ Asset Valuations

6. The customer trading mapping used to
derive dealers’ asset valuations:

TC(x) = (1−Md)
−1 ×

(
max

(
∆VC

h , x
)
µC

hn +max
(
∆VC

l , x
)
µC
ln

+ min
(
∆VC

h , x
)
µC

ho +min
(
∆VC

l , x
)
µC

lo

)
. (31)
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7. Dealers’ measure in the population weighted
by their trade execution efficiency levels:

Mλd =

∫ +∞

0

(λj) dµhn (λj) +

∫ +∞

0

(λj) dµln (λj) +

+

∫ +∞

0

(λj) dµho (λj) +

∫ +∞

0

(λj) dµlo (λj) . (32)

8. Two interdealer trading mappings (unweighted and weighted)
used to derive dealers’ asset valuations:

T (x) = (Md)
−1 ×

(∫ +∞

0

max (∆Vh (λj) , x) dµhn (λj) +

∫ +∞

0

max (∆Vl (λj) , x) dµln (λj)

+

∫ +∞

0

min (∆Vh (λj) , x) dµho (λj) +

∫ +∞

0

min (∆Vl (λj) , x) dµlo (λj)

)
, (33)

Tλ(x) = (Mλd)
−1 ×

(∫ +∞

0

λj max (∆Vh (λj) , x) dµhn (λj) +

∫ +∞

0

λj max (∆Vl (λj) , x) dµln (λj)

+

∫ +∞

0

λj min (∆Vh (λj) , x) dµho (λj) +

∫ +∞

0

λj min (∆Vl (λj) , x) dµlo (λj)

)
. (34)

In the following lemma, we prove that the mappings TC(x), T (x), and Tλ(x) are contraction map
pings. We use this result in other proofs that follow.

Lemma A.1. Let X = [(θlow/r), (θhigh/r)] and let ∆Vh(λ),∆Vh(λ) : [0,+∞) → X. The mapping
T (x) : X → X (standard Euclidean metric) satisfies the condition for being a contraction: ∀x, y ∈
X, ∃k : 0 < k < 1 and |T (x) − T (y)| ≤ k × |x − y|. Similarly, this result holds for mappings TC(x)
and Tλ(x).

Proof. We present a proof of the claim for T (x), the same line of argument applies to the two other
mappings. For any continuous cdf function FA(·) we have the following:∫ +∞

0

max (g(λj), x) dFA (λj) = x×
∫ +∞

0

1{g(λj)≤x}dFA (λj) +

∫ +∞

0

g(λj)× 1{g(λj)>x}dFA (λj) .

Take any y < x ∈ R :∫ +∞

0

(max (g(λj), x)−max (g(λj), y)) dFA (λj) =

= (x− y)×
∫ +∞

0

1{g(λj)≤y}dFA (λj) +

∫ +∞

0

(x− g(λj))× 1{y<g(λj)≤x}dFA (λj) =

= (x− y)×
∫ +∞

0

1{g(λj)≤x}dFA (λj)−
∫ +∞

0

(g(λj)− y)× 1{y<g(λj)≤x}dFA (λj) .

Similarly, we establish:∫ +∞

0

(min (g(λj), x)−min (g(λj), y)) dFA (λj) =

= (x− y)×
∫ +∞

0

1{g(λj)≥x}dFA (λj) +

∫ +∞

0

(g(λj)− y)× 1{x>g(λj)≥y}dFA (λj) =

= (x− y)×
∫ +∞

0

1{g(λj)≥y}dFA (λj)−
∫ +∞

0

(x− g(λj))× 1{x>g(λj)≥y}dFA (λj) .
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Use the facts established above to derive upper bound on T (x)−T (y) (clearly T (x) is nondecreasing
in x, so T (x)−T (y) ≥ 0 and we drop absolute value operators from the needed contraction condition):

T (x)− T (y) = (x− y)× (Md)
−1 (A)− (Md)

−1(B),

where A =

(∫ +∞

0

1{∆Vh(λj)≤x}dµhn (λj) +

∫ +∞

0

1{∆Vl(λj)≤x}dµln (λj)+

+

∫ +∞

0

1{∆Vh(λj)≥y}dµho (λj) +

∫ +∞

0

1{∆Vl(λj)≥y}dµlo (λj)

)
, and

B =

(∫ +∞

0

(∆Vh(λj)− y)× 1{y<∆Vh(λj)≤x}dµhn (λj) +

∫ +∞

0

(∆Vl(λj)− y)× 1{y<∆Vl(λj)≤x}dµln (λj)+

+

∫ +∞

0

(x−∆Vh(λj))× 1{x>∆Vh(λj)≥y}dµho (λj) +

∫ +∞

0

(x−∆Vl(λj))× 1{x>∆Vl(λj)≥y}dµlo (λj)

)
.

We observe that A is the total measure of dealers, to which a dealer with reservation value x would
have sold the asset and from which a dealer with reservation value y would have bought the asset.
B is the mean trading gain for dealers with reservation values in between x and y when they buy
from a dealer with reservation value x and sell to a dealer with reservation value y. As A increases,
B increases by construction. The maximum possible value for A is Md, and at this value B < 0.
Thus it is possible to define k ∈ (0, 1) such that:

T (x)− T (y) < (x− y)× k.

One possible way to define k is as follows. Take any ε ∈ (0, 1). Over the set of any x and y such that
the measure A is greater than 1− ε compute the minimum level b(ε) of the conditional gains from
trade B, which is strictly positive (otherwise A must be zero, which results in a contradiction).
Then a plausible value for k is:

k = max

(
ε, 1− r × b(ε)

θhigh − θlow

)
.

B Solving for SteadyState Equilibrium

We conjecture that in equilibrium dealers’ reservation values ∆Vh(λ) and ∆Vl(λ) are monotonic
functions of λ. We verify this conjecture once we obtain the solution for ∆Vh(λ) and ∆Vl(λ). Under
this conjecture, the system of differential equations describing law of motion for agents’ masses is
(we use supplementary notation from appendix A).

dµln(λ)

dt
= γdn × µhn(λ)− γup × µln(λ) + trdnetlow(λ);

dµlo(λ)

dt
= γdn × µho(λ)− γup × µlo(λ)− trdnetlow(λ);

dµhn(λ)

dt
= −γdn × µhn(λ) + γup × µln(λ) + trdnethigh(λ);

dµho(λ)

dt
= −γdn × µho(λ) + γup × µlo(λ)− trdnethigh(λ).

It follows that when ∆Vh(λ) and ∆Vl(λ) are monotonic functions of λ, Proposition 3.2 together with
the relative symmetry condition from definition 3.2 implies that ∆Vh(λ) is decreasing in λ, while
∆Vl(λ) is increasing. In such an equilibrium, more efficient dealers in low liquidity state will be
buying the asset from less efficient dealers in low liquidity state, while more efficient dealers in
high liquidity state will be selling to less efficient dealers in high liquidity state. In our model,
customers in high liquidity state never sell the asset, while customers in low liquidity never buy,
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and this is consistent with customers’ equilibrium asset valuations. These trading patterns are
imposed in the system of differential equations above.

Further, we note that the Markovswitching across liquidity types is independent of trading,
thus in the steady state the proportion of agents in the highliquidity state is always equal to
γup/(γup+ γdn). This allows us to solve for customers’ masses in the population in terms of dealers’
masses:

µC
lo =

mDo (1−Md) γdnγup

(γdn + γup) (mDn × γdn + mDo (mDn + γup))
, µC

ln =
γdn

γup + γdn
× (1−Md)− µC

lo;

µC
ho =

mDo (1−Md) γup (mDn + γup)

(γdn + γup) (mDn × γdn + mDo (mDn + γup))
, µC

hn =
γup

γup + γdn
× (1−Md)− µC

ho.

We also have the following restrictions on dealers’ masses:

µhn(λ) =
γup

γup + γdn
× F (λ)×Md − µho(λ), µln(λ) =

γdn

γup + γdn
× F (λ)×Md − µlo(λ).

Dealers are born with a particular trade execution efficiency level λ. To simplify the exposition,
we assume that liquidity state switching intensities are symmetric: γup = γdn = γ. In the steady
state, the lefthand side of the system of differential equations above is zero, independent of λ.
Thus we differentiate these equations with respect to λ and obtain:

γ ×
(
µ′
lo(λ)− µ′

ho(λ)
)
+

(
λ× µC

hn +

∫ λ

0

(λ+ z)µ′
hn(z)dz +

∫ ∞

λ

(λ+ z)
(
µ′
hn(z) + µ′

ln(z)
)
dz

)
µ′
lo(λ)−

−
(
λ× µC

lo +

∫ λ

0

(λ+ z)µ′
lo(z)dz

)
µ′
ln(λ) = 0,

γ ×
(
µ′
ho(λ)− µ′

lo(λ)
)
−

(
λ× µC

lo +

∫ λ

0

(λ+ z)µ′
lo(z)dz +

∫ ∞

λ

(λ+ z)
(
µ′
ho(z) + µ′

lo(z)
)
dz

)
µ′
hn(λ) +

+

(
λ× µC

hn +

∫ λ

0

(λ+ z)µ′
hn(λ)dz

)
µ′
ho(λ) = 0.

We guess values of A =
∫∞
0

µho(z)dz and B =
∫∞
0

µlo(z)dz. Given our guesses for A and B, the

above system simplifies to a twodimensional system of second order ODEs in terms of
∫ λ

0
µho(z)dz,

and
∫ λ

0
µlo(z)dz. We solve the system numerically and obtain µho(λ) and µlo(λ). We use this

solution to update our guesses of A and B and iterate until convergence. The convergence occurs
very quickly, we are working on a formal proof for this convergence. In the case of symmetric
markets defined in 4.1, no iteration is needed, because the system of ODEs does not depend on A
nor B, see Lemma 4.1.

Once we obtain agents’ masses in a candidate equilibrium, it remains to solve for agents’ asset
valuations and verify our initial conjecture about monotonicity of dealers’ valuations ∆Vh(λ) and
∆Vl(λ). The solution for agents masses does not depend on particular values of ∆Vh(λ) and ∆Vl(λ),
because in the baseline model any trade is executed as long as trading gains are positive.

The Bellman equation for dealers’ asset valuations implies (expression for ∆Vl(λ) is similar):

∆Vh (λ) = A(λ)−1 × { r × (θh/r) + γdn ×∆Vl (λ) +

+λ× (q(1−Md)T
C (∆Vh (λ)) + 0.5×MdT (∆Vh (λ))) + 0.5MλdTλ (∆Vh (λ)) }

where A(λ) = (r + γdn + λ× (q × (1−Md) + 0.5×Md) + 0.5×Mλd) .

We use Lemma A.1 that establishes contraction mapping property for TC(·), T (·), and Tλ(·).
Holding agents’ masses fixed, we provide initial guess for ∆Vh(λ) and ∆Vl(λ) using agents’ buy
andhold valuations and no trading. We update our guesses using the system of two Bellman
equations above. The convergence occurs very quickly, because the two Bellman equations are
weighted averages of the three contraction mappings and a constant.
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C RandomMatching Technology

C.1 Lemma 2.1

Let A, B, and C be disjoint sets of dealers with measures µA, µB , and µC , respectively. Let m(X,Y )
be the total meeting rate between dealers in arbitrary sets X and Y . Under the described random
matching technology the total meeting rate satisfies m(A,B ∪ C) = m(A,B) +m(A,C).

Proof.

Recall that according to the described random matching technology:

m(A,B ∪ C) =

(∫
(λ)dFA(λ) +

∫
(λ)dF(B∪C)(λ)

)
× µA(µB + µC).

Use the fact that for two disjoint sets the conditional cumulative distribution of dealers satisfies:

F(B∪C)(λ) =
FB(λ)× µB + FC(λ)× µC

µB + µC
.

Combining these two facts and rearranging terms, we obtain the result:

m(A,B ∪ C) =

(∫
(λ)dFA(λ) +

∫
(λ)dFB(λ)× µB +

∫
(λ)dFC(λ)× µC

µB + µC

)
× µA(µB + µC)

=

∫
(λ)dFA(λ)× µA(µB + µC) +

∫
(λ)dFB(λ)× µAµB +

∫
(λ)dFC(λ)× µAµC

= m(A,B) +m(A,C).

D Customer BidAsk Spreads

D.1 Lemma 3.1

In the simplified environment, the equilibrium dealer’s value of the asset is equal to the weighted
average of dealer’s buyandhold valuation and the average of customers’ reservation prices.

Proof.

Start with the Bellman equations for the dealer:

Vown =

∫ ∆

0

(θ)e−rtdt+
(
Vnon + q × Pbuy + (1− q)× (Vown − Vnon)

)
e−r∆

=
θ

r
+

(
q × Pbuy + (1− q)× (Vown − Vnon) + Vnon − θ

r

)
e−r∆,

Vnon =
(
Vown − q × Psell − (1− q)× (Vown − Vnon)

)
e−r∆.

We can solve for dealer’s value function Vown and Vnon in terms of dealer’s reservation value
(Vown − Vnon):

Vown =
q × r ×

(
Pbuy − (Vown − Vnon)

)
+
(
er∆ − 1

)
θ

(er∆ − 1) r
,

Vnon =
q
(
(Vown − Vnon)− Psell)

er∆ − 1
.
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We take the difference of the above expressions and solve for (Vown − Vnon):

(Vown − Vnon) =

(
P buy + P sell

)
2

× 2q

(er∆ − 1 + 2q)
+

θ

r
×

(
er∆ − 1

)
(er∆ − 1 + 2q)

.

We now show the second part of the lemma that corresponds to unequal delays in trading with
customersbuyers versus customerssellers:

In the simplified environment, the equilibrium dealer’s value of the asset is equal to the weighted
average of dealer’s buyandhold valuation and the weighted average average of customers’ reser
vation prices, so that when delays in dealing with customersbuyers are longer, the weight on
customerssellers reservation price is larger.

When trading delays are more severe when selling to customers compared to buying from
customers (the opposite case is symmetric), we modify the Bellman equations in the following way,
with k ∈ (1,+∞):

Vown =

∫ k∆

0

(θ)e−rtdt+
(
Vnon + q × Pbuy + (1− q)× (Vown − Vnon)

)
e−k×r∆

=
θ

r
+

(
q × Pbuy + (1− q)× (Vown − Vnon) + Vnon − θ

r

)
e−k×r∆,

Vnon =
(
Vown − q × Psell − (1− q)× (Vown − Vnon)

)
e−r∆.

Similar steps as in Lemma 3.1 yield the following result:

(Vown − Vnon) =
(
Pbuy × w1 + Psell × (1− w1)

)
× w2 +

θ

r
× (1− w2) ,

w1 =

(
er∆ − 1

)
(ek×r∆ + er∆ − 2)

,

w2 =

(
ek×r∆ + er∆ − 2

)
q

(er∆ − 1) (ek×r∆ − 1) + (ek×r∆ + er∆ − 2) q
.

We observe that when delays in dealing with customersbuyers are longer (k > 1), the weight on
customerssellers reservation price is larger.

D.2 Proposition 3.1

Proof.

Let {∆V σ,µ} be a steadystate dynamic trading equilibrium. We write down the Bellman equations
for a dealer’s lifetime value function in terms of trade execution efficiency λi. As usual we use X
and Y to refer to opposite liquidity states of the dealer (when X = high, Y = low, and vice versa).

For a dealer who owns a unit of the asset:

r × VXo (λi) = θiX + γY × (VYo (λi)− VXo (λi)) +

+λi ×
(
Max

((
P ask

Xh (λi)−∆Vl (λi)
)
, 0
)
µC

hn + Max
((
P ask

Xl (λi)−∆Vl (λi)
)
µC
ln, 0

))
+

+

∫ +∞

0

Max ((PXh(i, j)−∆Vl (λi)) , 0)× (λi + λj) dµhn (λj) +

+

∫ +∞

0

Max ((PXl(i, j)−∆Vl (λi)) , 0)× (λi + λj) dµln (λj) .
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For a dealer who does not own the asset:

r × VXn (λi) = γY × (VYn (λi)− VXn (λi)) +

+λi ×
(
Max

((
∆VX (λi)− P bid

Xh (λi)
)
µC

ho, 0
)
+ Max

((
∆VX (λi)− P bid

Xl (λi)
)
µC

lo , 0
))

+

+

∫ +∞

0

Max ((∆VX (λi)− PXh(i, j)) , 0)× (λi + λj) dµho (λj) +

+

∫ +∞

0

Max ((∆VX (λi)− PXl(i, j)) , 0)× (λi + λj) dµlo (λj) .

Recall that the equilibrium prices satisfy:

CustomerDealer: P
ask/bid
XY (λi) = (1− q)×∆VX(λi) + q ×∆V C

Y ,

Interdealer: PXY(i, j) = 0.5×∆VX(λi) + 0.5×∆VY (λj).

We take the difference of the two equations and obtain dealer’s reservation value ∆VX(λi):

∆VX (λi) = A(λi)
−1 × { θiX + γY ×∆VY (λi) +

+λi × (q(1−Md)T
C (∆VX (λi)) + 0.5×MdT (∆VX (λi))) + 0.5MλdTλ (∆VX (λi)) }

where A(λi) = (r + γY + λi × (q × (1−Md) + 0.5×Md) + 0.5×Mλd) .

As λi → ∞ the expression above gets arbitrarily close to:

∆VX (λi) =
q × (1−Md)× TC (∆VX (λi)) + 0.5×Md × T (∆VX (λi))

q × (1−Md) + 0.5×Md
.

Define the following mapping:

T1(x) =
q × (1−Md)

q × (1−Md) + 0.5×Md
× TC (x) +

0.5×Md

q × (1−Md) + 0.5×Md
× T (x) .

T1(x) is a contraction mapping (as a linear combination of two contraction mappings using Lemma
A.1). By definition, the average market midquote satisfies ∆V = T1(∆V ) and thus is a fixed point
of T1(x). By contraction mapping theorem it exists and is unique.

D.3 Proposition 3.2

Proof.

Let {∆V σ,µ} be a steadystate dynamic trading equilibrium that is relatively symmetric. It implies,
that ∆Vh(λ) ≥ ∆V ≥ ∆Vl(λ) for any value of λ ∈ [0,+∞). We use the fact that T1(x) in the definition
of the average market midquote is a contraction mapping (established in the proof of Proposition
3.1) and that ∆V is the fixedpoint. The contraction property implies:

when x ≥ ∆V : ∆V ≤ T1(x) ≤ x.

Take λ1 > λ2 and show that:

∆Vh(λ1)−∆Vl(λ1) < ∆Vh(λ2)−∆Vl(λ2).
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Recall that the Bellman equation implies (expression for ∆Vl(λ) is similar):

∆Vh (λ) = A(λ)−1 × { r × (θh/r) + γdn ×∆Vl (λ) +

+λ× (q(1−Md)T
C (∆Vh (λ)) + 0.5×MdT (∆Vh (λ))) + 0.5MλdTλ (∆Vh (λ)) },

where A(λ) = (r + γdn + λ× (q × (1−Md) + 0.5×Md) + 0.5×Mλd) .

The above expression for ∆Vh(λ) is a weighted average of dealer’s buyandhold value in perpetual
highliquidity state (θh/r), dealer’s reservation value in the opposite liquidity state ∆Vl(λ), and the
two trading mappings:

∆Vh(λ) = rA(λ)−1 × (θh/r) + γdnA(λ)−1 ×∆Vl(λ) +

+λ× (q × (1−Md) + 0.5×Md)A(λ)−1 × T1(∆Vh(λ)) +

+0.5×MλdA(λ)−1 × Tλ (∆Vh (λ)) ,

where:

T1(∆Vh(λ)) =
q × (1−Md)

q × (1−Md) + 0.5×Md
× TC (∆Vh(λ)) +

0.5×Md

q × (1−Md) + 0.5×Md
× T (∆Vh(λ)) .

Using proposition above, we know that the fixed point of T1 is the market midquote. Bellman
equations for dealers’ valuations imply the following for the difference between reservation values
(similar expression holds for low liquidity state):

(r + γdn)× (∆Vh (λ1)−∆Vh (λ2))

≤ γdn × (∆Vl (λ1)−∆Vl (λ2)) + (λ1 − λ2)× (T1(∆Vh (λ2))−∆Vh (λ2)).

We use the fact that T1(·) is a contraction mapping, thus:

(∆Vh (λ1)−∆Vh (λ2)) ≤ γdn × (∆Vl (λ1)−∆Vl (λ2))

(r + γdn)
,

(∆Vl (λ1)−∆Vl (λ2)) ≤
γup × (∆Vh (λ1)−∆Vh (λ2))

(r + γup)
.

The result follows.

E Analysis of Symmetric Markets

E.1 Lemma 4.1

Proof.

Start with the system of differential equations describing law of motion for agents’ masses (we use
supplementary notation from appendix A).

dµln(λ)

dt
= γdn × µhn(λ)− γup × µln(λ) + trdnetlow(λ);

dµlo(λ)

dt
= γdn × µho(λ)− γup × µlo(λ)− trdnetlow(λ);

dµhn(λ)

dt
= −γdn × µhn(λ) + γup × µln(λ) + trdnethigh(λ);

dµho(λ)

dt
= −γdn × µho(λ) + γup × µlo(λ)− trdnethigh(λ).

Since the system above holds for any value of λ, and the lefthand side is always zero, we dif
ferentiate the system with respect to λ. We also note that the Markovswitching across liquidity
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types is independent of trading process, thus in the steady state the proportion of agents in the
highliquidity state is always equal to γup/(γup + γdn).

The system collapses to two equations after symmetry conditions in definition 4.1 are imposed:

dµ(λ)

dt
= 0 = γ ×

(
F (λ)Md

2
− µ(λ)

)
− γ × µ(λ)−

−
∫ λ

0

(
y × µC +

∫ +∞

y

(y + z)× d

(
F (λ)Md

2
− µ(λ)

)
+

∫ +∞

0

(y + z)× dµ(λ)

)
× dµ(λ) +

+

∫ λ

0

(
y × µC +

∫ y

0

(y + z)× dµ(λ)

)
× d

(
F (λ)Md

2
− µ(λ)

)
,

where µC =
γ (1−Md)

4γ +Md

∫ +∞
0

zdF (z)
.

Simplifying the first equation (use integration by parts) and taking derivative with respect to λ, we
obtain:

Md

2

((
γ + λµC −

∫ λ

0

µ(z)dz + 2λµ(λ)

)
F ′(λ) + λ(F (λ)− 1)µ′(λ)

)

=

(
2γ + 2λµC − 2

∫ λ

0

µ(λ)dz +
1

2

∫ +∞

λ

zMdF
′(z)dz + 4λµ(λ)

)
µ′(λ).

We denote x = λ and y(x) =
∫ x

0
µ(z) dz. The resulting equation is a secondorder ODE:

Md

2

((
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Essay 2: BidAsk Spreads and the Pricing of Securitizations: 144a

vs. Registered Securitizations

Joint work with Burton Hollifield and Chester Spatt

Abstract

Traditionally, various types of securitizations have traded in opaque markets. During May

2011 the Financial Industry Regulatory Authority (FINRA) began to collect transaction data

from brokerdealers (without any public dissemination) as an initial step towards increasing

transparency and enhancing its understanding of these markets. Securitization markets are

highly fragmented and require transaction matching methods to construct bidask spreads. We

study the relationship between bidask spreads and transaction characteristics, such as the size

of the underlying trade and the path by which trade execution and intermediation occurs. Retail

sized transactions lead to relatively wide spreads because of the absence of competition, while

institutionallysized transactions often result in much tighter spreads. We study the contrast

between Registered instruments that are freely tradable and Rule 144a instruments with much

more limited disclosures that can only be purchased by sophisticated investors.

We study the structure of the dealer network and how that influences the nature of bidask

spreads. Some dealers are relatively central in the network and trade with many other dealers,

while many others are more peripheral. Central dealers receive relatively lower spreads than

peripheral dealers. This could reflect greater competition and reduced bargaining power of

central dealers or lower costs for the transactions which they intermediate. The order flow is

more evenly divided among dealers and the customer spreads are relatively smaller for central

dealers in Rule 144a than in Registered instruments.

1 Introduction

Relatively little is known about the pricing of securitizations, because these have traded

traditionally in opaque markets. The importance of the shadow banking system, in general,

and securitization, in particular, has been recognized strongly in the aftermath of the

financial crisis. In May 2011 the Financial Industry Regulatory Authority (FINRA) used

its regulatory authority to begin to collect transaction data on securitizations from broker
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dealers, which it regulates.4 This was an initial step by FINRA to increase potentially the

transparency of these markets, a measure also intended to enhance understanding of the

markets.

A second step by FINRA occurred five months later when it began to disseminate, in

conjunction with IDC, daily price index data by collateral type. These informational re

leases potentially offered market participants more detailed information and transparency

about valuations for various collateral types and indirectly, greater transparency about

spreads and trading costs. Of course, this represents only a limited step towards full

blown transparency because it entails considerable aggregation across individual instru

ments in a category and involves daily rather than transaction level disclosure.5 These

steps follow FINRA’s efforts to increase the transparency of the corporate bond markets a

decade ago, and parallel efforts by the Municipal Securities Rulemaking Board (MSRB) to

increase transparency in the municipal bond markets, for which it is the SelfRegulatory

Organization (SRO).

In studying securitizations we focus upon the contrast between Registered instruments,

which require detailed disclosures in the issuance process, and Rule 144a instruments,

which exempt private resale of restricted instruments to QIBs (Qualified Institutional Buy

ers) from these disclosure requirements. We focus our analysis upon ABS ("AssetBacked

Securities"), CDOs ("Collateralized Debt (Bond/Loan) Obligations"), CMBS ("Commercial

MortgageBacked Securities") and CMO ("Collateralized Mortgage Obligations") instru

ments due to the mix of trading of Rule 144a instruments and benchmark these against

corresponding public (Registered) instruments in the ABS, CMBS and CMO cases.6

4FINRA’s jurisdiction applies to brokerdealers, so under current FINRA rules all brokerdealers have been
required to report trades undertaken by them, starting May 16, 2011. Our analysis is based upon these data
(adjusting out identical interdealer trades between a pair of brokerdealers that are reported twice). The
market design changed on October 18, 2011 with the public release of price index data by FINRA and IDC.
The release of daily index valuation data represented a change in market structure and potentially increased
the transparency of both valuations and spreads. We have transaction data through the end of February 2012,
so our sample is of roughly comparable length between the prerelease interval (five months) and postrelease
interval (4.5 months). We examine how spreads changed with the dissemination of the public index data.
Our full dataset has been provided to us on a confidential basis to facilitate analysis of securitization markets
under opacity by FINRA. We also use the interdealer transactions data to study the structure of the trading
network among dealers and the impact of the network structure on spreads.

5The interaction between the aggregation across instruments and the temporal aggregation further weakens
the extent of transparency introduced.

6Since there are not 144a instruments in the TBA and MBS categories, we have not used these in our



Essay 2: BidAsk Spreads and the Pricing of Securitizations 52

Preliminary to our statistical analysis we discuss the economics of Rule 144a. First,

we emphasize that the use of Rule 144a is a choice by the issuer and that the nature of

the choice is one in which the required disclosures are more limited than for Registered

securitizations. The Rule 144a instruments experience a corresponding potential reduction

in issuance cost and exemption from liability. These Rule 144a instruments are designed

for sophisticated (i.e., relatively informed) investors and the purchase of Rule 144a in

struments would reflect selfselection on the part of the buyers, including recognition of

the restrictions on retrading for the Rule 144a instruments. This suggests relatively less

interest ex post in trading the Rule 144a instruments since these are oriented to buy

andhold investors, which can further heighten the spread from a liquidity perspective.

Without Registration, the Rule 144a instruments can only be resold to QIBs. Potentially,

the Rule 144a instruments are of higher quality as the issuer can sell to QIBs (without

accessing the full potential market) those that it desires to sell without incurring the costs

of Registration, including potential liability. On the other hand, issuers of low quality in

struments could find it more appealing to issue Rule 144a instruments due to the limited

required disclosure (as in models of signaling).

One focus of our empirical analysis is on descriptive comparison in trading and spreads

between the Rule 144a and Registered instruments. This does not reflect analysis of the

endogenous choice of Rule 144a or Registration. In particular, we note that the effect of

adverse selection (information asymmetry) is ambiguous. Rule 144a instruments can have

larger spreads than Registered offerings due to the more limited initial publicly available

information or can have smaller spreads, if either these instruments are of higher quality

or if the Rule 144a buyers have greater informational sophistication. Indeed, empirically

within some asset classes Rule 144a securitizations have higher spreads than Registered

securitizations, and within other asset classes Rule 144a securitizations have lower spreads

than Registered securitizations. These may reflect in part substantial differences in the

composition of Registered and Rule 144a markets. To limit these distortions and composi

benchmark analysis. Similarly, we also have excluded agency CMOs from our analysis, as these do not arise
for 144a instruments. We also have limited our treatment of CDOs ("Collateralized Debt Obligations") as these
are largely 144a instruments.
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tion effects, we examine only nonagency CMO trading (see footnote 3), the impact of the

size of transactions (there are very few retailedsized transactions in the Rule 144a con

text) upon spreads (small transactions have especially large spreads) and then we exclude

retailsized transactions from our regression analyses.

Our findings suggest a number of interesting results about the nature of trading in

securitization markets. Most fundamentally, trading is very fragmented and there is rela

tively little trading in most individual instruments, especially (but not only) for Rule 144a

instruments. In fact, there are a large number of securitization issues, but many of these

do not trade at all in our sample. Consequently, we do not use traditional time series

techniques for estimating spreads, but instead use matching techniques to locate chains of

transactions involving a buy from a customer and sell to a customer. We note that some

of the absolute spreads in the ABS, CDOs, CMBS and nonagency CMO markets are sur

prisingly large, especially for CMOs and retailsized matches in all other instruments. The

average spread for nonagency CMO instruments is 3.46% of the midquote for highyield

and 2.87% for investment grade instruments. The average spread for retailsize matches in

ABS instruments is 2.07% of the midquote for highyield and 1.40% for investment grade

instruments.

For all instruments except highyield CMBS the Rule 144a spreads are smaller than

the spreads for Registered instruments (both for retailsize and nonretail matches). The

overall comparison in the spreads between Rule 144a and Registered instruments reflects

the underlying composition of securitization instruments among subgroups. In interpreting

the result it is important to recognize that there is considerable selection as to the use of

Rule 144a versus Registered status.

For ABS, CMBS and nonagency CMO instruments there is a volume discount with

respect to the spreadlarger volume matches lead to lower spreads than for retail matches,

and the difference is statistically significant. This finding is consistent with greater compe

tition or ability by sophisticated investors to negotiate terms of trade with more potential

counterparties. The fact that larger investors obtain better prices is reminiscent of one of

the insights from the pricing of municipal bonds (Green, Hollifield, and Schürhoff [2007],
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Harris and Piwowar [2006]), corporate bonds (Bessembinder, Maxwell, and Venkataraman

[2006], Edwards, Harris, and Piwowar [2007], and Goldstein, Hotchkiss, and Sirri [2007]).

We study the relationship between bidask spreads and dealer’s ability to access and

participate in the interdealer market. We use network analysis to measure dealers’ par

ticipation and their relative importance on interdealer markets following two alternative

methodologies. Under both methodologies we obtain evidence of a negative relationship

between dealers’ importance and spreads in general for most types of securitizations.

The results concerning the connection between the structure of the intermediary net

work and how it influences the nature of bidask spreads are especially informative. Of

course, there are some intermediaries who are relatively central in the network and trade

with many other dealers, while there are many others who are more tangential. More

important dealers as measured by their centrality receive relatively lower spreads. The

finding is consistent with the equilibrium in a searchandbargaining model of a decen

tralized interdealer market in which dealers differ in their trade execution efficiency to

proxy for dealer centrality in Neklyudov (2012). Here, the more connected dealers charge

lower spreads because their endogenous reservation values reflect their search efficiency

and they intermediate trade flows among the less efficient dealers

2 The Market for Registered and Rule 144a Securitizations

Our sample contains all trading activity between May 16, 2011 and February 29, 2012 in

ABS, CDOs, CMBS and nonagency CMO instruments. These data are a sequence of trade

reports, providing the trade identifier, the execution timestamp and settlement date, the

side of the reporting partyeither the buy side or sell side, the entered volume of the trade

measured in dollars of original par balance, and the entered price measured in dollars per

$100 par. The trade report allows us to determine if the trade is between a dealer and

an outside customer, or between two dealers. The Appendix provides additional details on

the dataset and our datacleaning procedures.

Table 1 reports the total number of instruments in the population and the number of

instruments traded with customers in the overall, prerelease, and postrelease samples
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(these instruments had at least a buy from a customer and a sell to a customer at most 2

weeks apart). In the population there are more Rule 144a than Registered ABS and CMBS

instruments, and there are more Registered than Rule 144a CDOs and nonagency CMO

instruments. One interpretation is that the selection effects for CDOs and nonagency

CMO instruments are different compared to ABS and CMBS instruments. Approximately

the same number of instruments traded with customers at least once in the prerelease and

postrelease period, and many instruments traded only in one of the two sample periods.

Across all categories Registered instruments are more likely to have a buy from a

customer and a sell to a customer at most two weeks apart compared to Rule 144a instru

ments. Perhaps the higher frequency of trading in Registered instruments reflects that a

larger number of traders can hold and trade Registered instruments than can hold and

trade Rule 144a instruments, as well as ex ante selection associated with the difficulty

of trading the Rule 144a instruments. It also may reflect that there are fewer disclosure

requirements for Rule 144a instruments, so that potential investors have less public in

formation about them and therefore, are reluctant to trade them due to adverse selection

risk.

We observe similar results within various categories of instruments. We use the collat

eral type to categorize ABS instruments. We split the CDOs into CDO instruments, CLO

instruments and CBO instruments. We use the tranche type to categorize CMBS and CMO

instruments.

Tables 2a through 3b report additional summary statistics for all types of ABS, CDOs,

CMBS, and nonagency CMO instruments. In Tables 2a and 3a, we report how many

instruments are investment grade or high yield,7 how many instruments have fixed or

floatingrate coupons; indicator variables for the instruments’ vintagewith vintage defined

as the number of years between the trade execution date and the instrument’s issue date;

the instruments’ average coupon rates, and the instruments’ average factors. For many

instruments, the principal balance can be reduced through amortization or prepayment;

the factor represents the fraction of the original principal outstanding. Tables 2b and Table

7We classified unrated instruments as high yield rather than investment grade throughout the paper.
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3b report the average number of trades per day, the average number of dealers active in

each instrument, the average number of interdealer trades, and the distribution of trade

sizes. We categorize trade sizes into three groups: Retailsize being trades with original par

value less than $100,000, Mediumsize trades being trades with original par value between

$100,000 and $1,000,000, and Institutionalsize trades being trades with original par value

greater than $1,000,000. Registered instruments and Rule 144a instruments tend to have

similar bond characteristics for all the various categories.

It is apparent from the trading frequencies reported in Table 2b and Table 3b that se

curitized products do not trade very frequently: For example, on average ABS instruments

have 0.097 trades per day and CDOs have 0.026 trades per day. Registered instruments

tend to have more trades on average than Rule 144a instruments: For example, registered

ABS instruments have 0.108 trades per day, and Rule 144a ABS instruments have 0.074

trades per day. The distribution of trades across instruments is quite skewed: There are a

few instruments with many trades per day, but most of the instruments in our sample do

not trade very often. The trading frequency for CMBS instruments is similar to ABS and

slightly larger than the frequency for nonagency CMO instruments.

For the ABS and CDOs instruments, retailsized trades constitute the smallest fraction

of total trades. There are more retailsized trades in the Registered instruments than in

the Rule 144a instruments.8 Retailsized trades constitute a much larger fraction of the

trades in nonagency CMO instruments than in ABS instruments.

On average, there are 6.03 dealers who traded in an average ABS security, with even

fewer dealers in other types of instruments. Typically there are more active dealers

trading Registered instruments than trading Rule 144a instruments.

Figure 1 depicts the kernel density function of the number of distinct customerdealer

and interdealer transactions (conditional on that number being positive) in the entire sam

ple, truncating the plot at the 95th percentile of the distribution. In the top left panel we

show ABS instruments (separate graphs for Registered and Rule 144a instruments), in the

8Only a tiny fraction of the trade in Rule 144a instruments is retail sized (less than $100,000 of original
par volume). We would not expect substantial retail activity in these instruments, so the small matches may
reflect in part order splitting by larger investors.
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bottom left panel we plot CMBS instruments, in the top right panel we plot CDOs, and in

the bottom right panel we plot nonagency CMO instruments. These plots and the 95th

percentiles illustrate that there are not many trades in individual instruments, with espe

cially limited trading in the Rule l44a instruments. Though we truncate from these plots

those instruments with the largest number of trading records to improve the display of

this density, we note that these truncated observations are potentially the most important

because they correspond to the largest number of trading records and provide the most

information for estimating spreads. At the same time, given the dispersed nature of the

overall trading and the relatively small number of trades in individual instruments (in

cluding interdealer trades), for the most part we are unable to use structured time series

methods to estimate spreads (except potentially for the most active instruments or in

dices). Consequently, we use a matching method to identify chains of related transactions

and estimate spreads.

We include Figures 2a through 2d to illustrate the nature of trading activity in our

sample. In the figures, we provide several examples of Registered and Rule 144a instru

ments that are highly traded in our sample. Each panel (two panels per page) depicts

trading in a security. There are three subpanels within each panelthe upper subpanel

shows buy and sell transactions by volumes during our sample period, the middle sub

panel shows the corresponding interdealer trades by volumes and the bottom subpanel

shows the corresponding transaction prices (ask, bid and interdealer) during our sample

period.

The limited extent of trading highlighted by the figures illustrates some of the con

ceptual difficulty in estimating spreads and the importance of using matching methods,

especially for less actively traded instruments. The figures illustrate the potential im

portance of interdealer transactions in reallocating inventory and exposures and matching

buy and sell transactions at the aggregate or market level. For our formal analysis we use

matching techniques to identify chains of related transactions. In some cases we may be

able to match activity at a daily level (see right panel of Figure 2b, where the matching is

especially striking in terms of volumes), but in other situations there will be insufficient
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matches at that level (and to utilize the data effectively and not excessively bias our results

we need to formulate matches more broadly).9 The bottom subpanels of the plots illustrate

the positive nature of the bidask spread and that in some situations with relatively active

instruments that the bidask spreads can nevertheless be quite substantial. We also note

that the interdealer trades do not always lie between the customer buy and sell trades.

In many situations dealers are potentially buying or selling from existing inventory, but

the nature of our data does not provide direct information identifying the initial inventory.

Of course, in some cases the matching may be relatively apparentbut in most situations

we only have a limited set of matches at a daily level and therefore, we consider broader

matching criteria. Indeed, in at least some situations (e.g., see Figure 2b, right panel) there

are considerable imbalances in trading with customers (as reflected in the figure we see

indications of clustered selling) and dealer reliance on trading from preexisting inventory.

We obtain data on Moody’s ratings for all instruments that have at least a buy from

a customer and a sell to a customer at most 2 weeks apart in our sample period from

May 16, 2011 to February 29, 2012. Among ABS, CMBS, Rule 144a CDOs and non

agency CMOs there were 20,392 such instruments. 15,216 of these instruments have

been rated by Moody’s, for other instruments the Moody’s ratings were not available (539

instruments were rated "NR", others had missing Moody’s rating). When the Moody’s

rating is missing, we use the information on whether the instrument is high yield or

investment grade provided by FINRA. We use the proprietary list of CUSIPs provided by

FINRA to locate Moody’s ratings for these instruments.

Figure 3 summarizes the distribution of the first rating observed within our sample

period per security. We observe differences in rating levels for instruments traded in our

sample, with relatively frequent highgrade ratings in ABS and CMBS instruments.

There were 3 Registered ABS instruments that were upgraded from high yield to

investment grade during our sample period and 1 Registered ABS security that was down

graded. Similar numbers for other instrument types are: 11 and 3 for Rule 144a ABS, 105

and 2 for Rule 144a CDOs, 1 and 46 for Registered CMBS, 6 and 94 for Rule 144a CMBS,

9We discuss in detail the matching method we use in the Appendix called "Data Cleaning."
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16 and 102 for Registered nonagency CMO, 7 and 24 for Rule 144a nonagency CMOs.

These facts highlight that rating upgrades and downgrades crossing the investment grade

boundary are relatively infrequent in our sample period. Overall there were more down

grades than upgrades (149 upgrades and 272 downgrades crossing the investment grade

boundary); interestingly, CDOs were mostly upgraded in our sample.

Figure 4 demonstrates the trading activity around the security upgrade or downgrade

dates. In this figure we consider all rating changes that do not necessarily cross the

investment grade boundary, such as from A3 to A1 or from Ba1 to B3. For each such

security we only consider transactions that were executed 45 days before a rating change

or 31 days after. We observe 407 upgraded instruments that have at least one trade

within that period and 562 downgraded instruments. Our main observation is that rating

downgrades are associated with increased trading activity with customers within 10 days

after the rating change, however subsequently trading volumes tend to drop (right panel

of Figure 4). We do not observe such effects for instruments around the rating upgrade

dates (left panel of Figure 4).

We use a multistage matching technique to disentangle trading activity in each in

strument and organize related trades into chains of transactions. Each chain captures the

movement of a particular block of volume from a customer to the interdealer network,

within the interdealer network, and from the dealer network back to the customer sec

tor. To perform sorting of this nature, we first match related interdealer and customer

transactions that have the same volume moving from one party to another in a particular

instrument. Second, we look for chains of transactions that may have different volume

traded and thus involve volume splits as the security moves from one party to another.10

Each chain has one buy from customer and one sell to customer, as well as several rounds

of intermediation between dealers (however, a large part of the resulting sample has just

one round of dealer intermediation). We are able to disentangle 75% of the total absolute

turnover in ABS market, 86% in the CDOs market, 74% in CMBS market, and 80% in

nonagency CMO market into complete chains that we use to compute total customer bid

10We provide additional details on the matching algorithm we use in the Data Cleaning Appendix.
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ask spreads.11 The rest of the turnover in these markets corresponds to: 1) imbalanced

trades with no pair of opposite trades with customers: a buy from customer and a sell

to customer within a twoweek horizon; 2) broken chains that do not link buy from a

customer with a sell to customer based on the dealer mask (masks do not match).

2.1 Common Factors in Trading Activity

In the space of equity markets, past research has established existence of common cross

stock variation in order flows, returns and market liquidity measures (Hasbrouck and Seppi

[2001]) over the shorthorizon. The decentralized nature of markets for securitizations and

significant illiquidity restrict our ability to borrow the methodology from the literature on

equities. In the context of fragmented markets, one may think of a hazardrate model for

order arrivals, which is beyond the scope of our analysis. In this section, we perform a sim

pler descriptive analysis of correlations in daily numbers of different instruments traded

by category. We focus on nonretail activity with transaction volumes above $100,000.

The methodology we employ is to count how many different securities in each trading

day had at least one trade larger than $100,000 of original balance. The resulting number

is a proxy for market activity in a given day. We drop days with less than 300 instruments

traded in total across the four categories (ABS, CDO, CMBS, and nonagency CMO), be

cause the majority of these days are around major holidays and shortened holiday season

trading days. We then study the correlations across the four product categories, both

overall and separately for Registered and Rule 144a instruments, the autocorrelations, and

perform principalcomponent decomposition of variability in these measures. The table

below summarizes the descriptive statistics for these measures.

11We use information on dealer masks to relate different trade reports with each other and construct chains
of transactions.
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Market Placement mean (st.dev) min (max) autocorr. ρ

ABS Overall 149.6 (35.65) 71 (260) 0.206
Registered 108.07 (26.54) 54 (184) 0.194
Rule 144a 41.53 (12.5) 11 (83) 0.244

CDO Rule 144a 26.42 (12.83) 4 (70) 0.199

CMBS Overall 156.56 (38.57) 34 (272) 0.187
Registered 124.39 (30.84) 33 (205) 0.200
Rule 144a 32.17 (13.37) 1 (97) 0.130

NonAgency Overall 250.31 (94.17) 94 (801) 0.173
CMO Registered 217.31 (73.78) 80 (548) 0.233

Rule 144a 33 (48.69) 4 (511) 0.029 ≈ 0

Legend: Overall numbers of different instruments traded on each day
by product types from May 16, 2011 to February 29, 2012.

Positive autocorrelations for each of these measures suggest existence of common

marketwide factors that drive the trading activity. The autocorrelation for Rule 144a

nonagency CMOs is particularly low, because of large spikes in the number of instru

ments traded on the following dates: May 25, 2011; July 22, 2011; and December 22, 2011.

On these days there were 511, 269, and 359 different instruments traded, respectively

(while 33 was traded in an average day in the same). The following is the correlation

matrix for these measures:

Market Placement [0] [1] [2] [3] [4] [5] [6] [7] [8]

ABS [0] Overall
[1] Reg. 0.96
[2] R144a 0.81 0.62

CDO [3] R144a 0.34 0.28 0.38

CMBS [4] Overall 0.55 0.54 0.42 0.35
[5] Reg. 0.52 0.50 0.42 0.31 0.95
[6] R144a 0.38 0.39 0.25 0.31 0.70 0.44

NonAgency [7] Overall 0.45 0.39 0.46 0.40 0.33 0.28 0.30
CMO [8] Reg. 0.48 0.43 0.46 0.46 0.37 0.31 0.36 0.86

[9] R144a 0.13 0.10 0.18 0.08 0.08 0.09 0.04 0.63 0.14

Legend: The table shows correlations of the overall numbers of different instruments traded
on each day across product types from May 16, 2011 to February 29, 2012.

We observe generally positive and significant correlations in activity on these markets.

The measures of activity for Registered and Rule 144a instruments tend to be significantly

correlated for ABS and CMBS markets, with correlations of 0.62 and 0.44, respectively.

These observations suggest that there may be common economic factors driving trading,

however their effects are not strong.
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We perform principal component decomposition of variability in these measures. Across

the four markets overall, the first principal component explains 55% of variation. In

Registered instruments only (excluding CDOs), the first principal component explains 61%

of variation. In Rule 144a instruments the first principal component explains 42%.

The effect of the first principal components in these markets are weaker, that the

results reported in Hasbrouck and Seppi [2001] for order flows in equity markets. Market

fragmentation of securitizations markets may play role in this finding, as the information

flow is restricted due to inherent opacity.

2.2 BidAsk Spreads

For each chain of transactions we compute the total client bidask spread by using a

buy price from a customer and a sell price to a customer, ignoring dealertodealer in

termediation rounds in between. At the same time for each link in a chain we compute

a dealerspecific spread. The total client bidask spread for a chain is a weighted sum

of dealerspecific spreads corresponding to that chain. Since the quotes observed in our

dataset are clean prices per unit of current balance, we adjust the resulting spreads for

accrued interest and factor prepayments. We present detailed discussion of these adjust

ments in the Appendix.

For each resulting spread observation we have information on how many rounds of

intermediation occurred between the two customer transactions; the average dealers’ par

ticipation on the interdealer market throughout the sample; the time gap between a buy

from a customer and a sell to a customer or vice versa; trade volumes; and whether any

volume splitting occurred. Few of the resulting spread observations are extreme due to

price data entry errors. We remove such observations from the final sample by win

sorizing the upper and lower tails of spread distributions within each of the four types of

instruments (ABS, CDO, CMBS, and nonagency CMO), two placement types (Registered

and Rule 144a, except for CDOs category) and credit quality (investment grade and high

yield). In total we modify 2% of extreme observations, controlling for major categories

and subtypes.
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Table 4 reports mean client bidask spreads computed as a percentage of the average bid

and ask prices for the ABS, CDO, CMBS and nonagency CMO categories, for Registered

and Rule 144a instruments. Dealers may possess potential bargaining advantages with

respect to retailsized trading, thus retailsized trades may face especially large spreads.

For this reason we distinguish spreads among trades of different sizes and adjust for

differences in the tradesize composition within different types of instruments. Trades

with less than $100,000 of original par generally come from retail traders, so we define a

retailsize spread to be the bidask spread resulting from two opposite trades both having

volume less than $100,000. We refer to all other spread observations as nonretail since

they result from paired trades of larger volumes.

Each column of the table reports statistics on the spreads for the four different types of

instruments: ABS, CDO, CMBS, and nonagency CMO in the investment grade and high

yield categories. The table reports the differences in the average spreads for retailsized

and nonretailsized trades for the different categories, along with standard errors and the

Ftest for equality of the average spreads between retail and nonretail sized trades. The

top panel of the table reports overall spreads across categories; the second panel reports

the spreads for Registered instruments; the third panel reports the spreads for the Rule

144a instruments; and the final panel reports Ftests for differences in spreads between

Registered and Rule 144a instruments.

Perhaps the most striking result reported in Table 4 is the difference in spreads be

tween retailsize and othersize trades. For all categories, retailsize spreads are signifi

cantly larger than othersize transactions. In general we confirm the finding from other

fixedincome markets that retailsize trades tend to have significantly higher spreads than

institutionalsize transactions.

We also compare spreads across instrument types. Overall spreads are the largest for

nonagency CMO instruments and overall spreads are the smallest for CMBS instruments.

Average spreads are higher for Registered instruments than for Rule 144a instruments,

with an exception of highyield CMBS instrumentsaverage spreads are lower for Regis

tered CMBS instruments than for Rule 144a CMBS instruments. Perhaps the differences
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between the relative spreads for Registered and Rule 144a instruments across instrument

types reflect selection effects, or that the customers in Rule 144a instruments are more

sophisticated than the customers in Registered instruments.

Table 5a reports the average bidask spread sorted by the size of the dealers’ buys

from customers and sells to customers for Registered and Rule 144a ABS and CDOs in

struments, sorted by the credit rating of the underlying instruments. Table 5b reports

similar analysis of Registered and Rule 144a CMBS and nonagency CMO instruments.

Each cell of the table reports the average spread, the standard error of that estimate,

and the number of spread observations computed for different transactions sizes, with each

panel corresponding to a different instrument type: ABS or CMO instruments, Registered

or Rule 144a instruments, and investment grade or high yield instruments. Each row of

Tables 5a and 5b reports the average spread for all pairs of transactions with dealers’ buy

from customer having different sizes: Retailless than $100,000 in par value, Medium

between $100,000 and $1,000,000 in par value, and Largegreater than $1,000,000 in par

value. Each column reports the average spread for all pairs of transactions with different

sizes of dealers’ sales to customers. For example, the top left cell in each panel reports

the average spread computed for a retailsized dealer buy from a customer matched to a

retailsized dealer sell to a customer.

The number of observations of Retail Buys and Retail Sells shows that most of the trade

in Rule 144a instruments is Large Buys and Large Sells. There are not many retail trades

in Rule 144a instruments relative to the amount of retail trades in Registered instruments.

Comparing the average spreads between Investment Grade instruments and High Yield

instruments, the average spreads are lower for Investment Grade instruments than for

High Yield instruments.

Table 6a reports descriptive statistics of spreads for nonretail transactions in our sam

ple by category of instruments. We report the average, the standard deviation, the median,

the 10th, the 25th, the 75th and the 90th percentiles of the spread distributions. The first

panel of the Table is for ABS instruments, the second panel is for CDOs instruments, the

third panel is for CMBS, and the fourth panel is for nonagency CMO instruments. Across
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all categories and both for prerelease and postrelease subsamples, the mean spread is

higher than the median spread, indicating that the spread distributions are skewed to the

rightthere are some large spreads in all categories. For all categories of instruments, the

standard deviation of the spread distributions is larger than the mean, indicating a lot of

dispersion in spreads. This is also evidence about spreads in the reported percentiles. The

10th percentile of the spread distribution is zero or negative for all types of instruments,

indicating that dealers sometimes can make losses on their transactions.

Table 6b reports the mean, median and standard deviations of the spreads in the pre

release and postrelease samples, as well as test statistics for the null hypothesis that

average and median spreads are the same in the prerelease and postrelease samples. We

find a statistically significant decrease in average bidask spreads for the Registered non

agency CMO category. We observe the reverse pattern in Registered CMBS instruments

and mixed results in other categories. Median spreads are largest for nonagency CMO

instruments, and smallest for ABS instruments both prerelease and postrelease. We

compare median spreads between publicly Registered instruments and Rule 144a instru

ments. In the prerelease sample Registered ABS and nonagency CMOs instruments have

higher median spreads than Rule 144a counterparts, with the difference between Regis

tered and Rule 144a instruments much larger for nonagency CMO instruments. In the

postrelease sample this holds for CMO instruments only. Across all types of instruments,

high yield instruments have higher median spreads than investment grade instruments.

In order to visualize the realized spreads, Figure 5 provides timeseries plot of the

realized spreads. The instruments are sorted by instrument type, and by credit rating

(investment grade and high yield). The blue triangles correspond to spreads in Rule 144a

instruments and the orange circles correspond to spreads in Registered instruments. The

plots are consistent with the percentiles reported in Table 6a. Registered instruments

tend to have more dispersion in realized spreads than the Rule 144a instruments in all

categories. The plots also show the positive skewness in the realized spreads and that for

all categories of instruments, dealers do sometimes make losses.

Only sophisticated investors can hold Rule 144a instruments, while both sophisticated
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and unsophisticated investors can hold Registered instruments. Rule 144a instruments

have a smaller pool of potential owners and so the market may be more limited. Our

finding that many types of Rule 144a instruments have smaller spreads than Registered

instruments may reflect that sophisticated investors face lower transactions costs than

unsophisticated investors. Registered nonagency CMO instruments have significantly

higher average and median spreads that Rule 144a nonagency CMO instruments. Perhaps

the lower spread for Rule 144a instruments relative to Registered instruments in these

categories reflects that more sophisticated investors are trading the Rule 144a nonagency

CMOs than the Registered nonagency CMOs and more sophisticated investors have higher

bargaining power when trading with dealers than less sophisticated investors.

In order to study the importance of the underlying collateral to the spreads, Table

7a reports nonretail spreads for different types of ABS collateral, and for CDOs. We

report the average spreads for overall trade, for Registered and Rule 144a instruments,

and by rating (investment grade and high yield). Overall and across all collateral types,

Registered ABS instruments have higher average spreads than Rule 144a instruments. For

the investment grade ABS instruments, Registered ABS instruments of all collateral types

have higher average spreads than Rule 144a instruments. For High Yield instruments,

overall Registered ABS have a higher average spreads than overall Rule 144a ABS, but

the ordering is mixed across collateral types: SBA and Student loan backed Registered

instruments have higher spreads than the Rule 144a instruments, while all other collateral

types have the opposite ranking.

The bottom panel of Tables 7a reports Fstatistics for the null hypothesis that invest

ment grade and high yield instruments have the same spreads across different collateral

types. For the majority of collateral types, the difference between average spreads is sta

tistically significant: High yield instruments have wider average spreads than investment

grade instruments in all categories.

Table 7b reports nonretail spreads for CMBS and nonagency CMO categories for

different types of underlying tranches. The table has a similar structure to Table 7a,

with both CMBS instruments and the nonagency instruments sorted by tranche type.
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Overall, Rule 144a CMBS have higher average spreads than Registered CMBS. Registered

nonagency CMO instruments have higher average spreads than Rule 144a nonagency

CMO instruments. For all tranche types of nonagency CMO instruments except sup

port tranches and Ztranches (SUP/Z), Registered CMO instruments have higher average

spreads than Rule 144a instruments (although there are few Rule 144a SUP/Z instru

ments). In most subcategories, high yield instruments have higher average spreads than

Investment Grade instruments.

Goldstein, Hotchkiss, and Sirri [2007] provide estimates of spreads on BBBrated cor

porate bonds after the introduction of the TRACE system in 2002. They compute a round

trip spread measure similar in spirit to our measures. Table 6 in their paper reports

average spreads for different trade sizes. We can compare our estimated average spreads

prerelease and postrelease to the spreads reported by Goldstein et al. [2007]. They re

port the mean spread in Panel A in Table 6 for different transactions sizes computed using

a LIFO method12 with transactions size measured in the number of $100 face value bonds.

The mean spread reported in their Table 6 ranges from $2.37 per $100 of face value for

transactions of less than or equal to 10 bonds, to $1.96 per $100 of face for transactions

between 21 and 50 bonds, to $0.56 per $100 of face for institutionalsize transactions over

1,000 bonds. From Table 4 in our study, our estimates of the retail and nonretail sized

spreads both prerelease and postrelease are approximately the same order of magnitude

as those in the posttransparency corporate bond sample for all categories, except for non

agency CMOs. In our sample, nonagency CMO instruments have larger spreads than in

the post transparency sample.

We also compare the nonretail spreads reported in Tables 6a through 7b with the

spreads for corporate bonds reported by Goldstein, Hotchkiss, and Sirri [2007] in their

Table 6. For ABS instruments, the spreads for Registered instruments reported in our

Table 7a tend to be smaller than the spreads in the corporate bond market for institutional

sized trades, with an exception being ABS backed by Manufacturing. The spreads for Rule

12Goldstein et al. [2007] compute spreads matching the trade by dealer while we compute the spread ag
gregating over all dealers. Our spread measures are computed as a percentage of average trade prices, while
their approach is dollars per unit of par. Both calculations should produce similar sized spreads as a first
approximation, since the corporate bonds should have been trading close to the order of their par values.
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144a instruments in Table 7a tend to be larger than institutional sized trades reported for

the corporate bond market; instead the spreads for Rule 144a instruments are similar to

spreads for trade sizes of 51100 bonds in the corporate bond market. We find similar

results both prerelease and postrelease.

We use the regression methodology to study the relationship between characteristics

of the instruments, and the structure of the dealer networks and the bidask spreads.

2.3 Interdealer Networks

In order to study the dealer networks, we employ network analysis and analyze prop

erties of interdealer trading relationships. Our sample of interdealer trades allows us to

determine links between different dealers and estimate relative participation measures for

different market players. We employ two alternative methodologies to perform network

analysis and construct variables that capture overall as well as relative importance of a

particular dealer. We study how customer bidask spreads are related to these dealers’

importance measures.

The interdealer markets we observe exhibit interdependence across different products

we study in the two samples. For example, in the prerelease sample of trade records

from May 16, 2011 to October 17, 2011 we observe 580 active dealers, of which 573 dealers

participated at least once in interdealer trading315 in ABS, 186 in CDOs, 228 in CMBS,

and 469 in CMOimplying that many dealers participate in several markets. On average

each dealer participated in 40 interdealer trades in ABS market, 12 interdealer trades in

CDOs, 43 interdealer trades in CMBS, and 101 interdealer trades in nonagency CMO,

either as a seller or a buyer. Over the sample, an average dealer transacted $112 million

of original balance on interdealer market in ABS, $43 million in CDOs, $361 million in

CMBS, and $277 million in CMO. Similar interdealer activity is observed in the post

release sample. In the postrelease sample from October 18, 2011 to February 29, 2012 we

observe 542 active dealers, of whom 532 dealers participated at least once in interdealer

trading (275 in ABS, 164 in CDOs, 247 in CMBS, and 449 in CMO. There were 441 dealers

active in both samples, and this suggests that some dealers trade only in one of the two
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sample periods.

On average each dealer participated in 39 interdealer trades in ABS market, 11 in

terdealer trades in CDOs, 45 interdealer trades in CMBS, and 85 interdealer trades in

nonagency CMO, either as a seller or a buyer. Over the sample, an average dealer trans

acted $185 million of original balance on interdealer market in ABS, $126 million in CDOs,

$283 million in CMBS, and $259 million in CMO. Figure 6 shows the breakup of total

volume transacted on interdealer market by the four major product types and the two

samples.

Dealers are heterogeneous both in terms of their trading with customers and inter

dealer market participation. Figure 7 presents the Lorenz curves computed using dealers’

shares of the original order balance with customers for ABS, CDOs, CMBS and nonagency

CMO, and the two placement types. We observe heterogeneity of dealers in terms of total

volume traded with customers. A small number of dealers account for a major fraction

of customer volume in all markets and for both placement types. There is a noticeable

dispersion and skewness in interdealer market participation by different dealers. The or

der flow is more evenly divided among dealers in Rule 144a markets than in Registered

markets.

A median dealer participated in 9.5 interdealer transactions in the prerelease sample

(10 transactions in the postrelease sample) and transacted in total $3 million ($5 million,

respectively), while the 75th percentile of interdealer trade participation by a dealer is 69

transactions in the prerelease sample (57 transactions in the postrelease) and $71 million

of original balance traded ($102 million, respectively). There is also evidence that some

links between different pairs of dealers are stronger than others, and some dealers have

higher levels of importance to the functioning of the interdealer market and act as the key

providers of interdealer liquidity.

Figure 8 summarizes the topology of the grand interdealer market for all productsits

strongest links. In this figure we include links between two dealers when more than 50

trade reports were observed in the overall sample and more than $10 million of current

balance in total was transacted during the sample period. Links with more than $100
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million transacted are shown as solid lines.

The four broad markets we analyze are significantly interconnected. Individual dealers

often participate in different markets at the same time. Some interdealer markets are

generally more active than others in terms of number of interdealer trade records with

the nonagency CMO market particularly active. For these reasons we measure dealers’

activity in different instruments separately, then following Li and Schürhoff [2012] and

Milbourn [2003], we perform normalizations of the resulting measures to preserve infor

mation on dealers’ ranks in the network. For the purpose of our empirical analysis we

follow two alternative methodologies. Under the first methodology we construct a single

aggregate proxy for dealerspecific importance on interdealer market by performing prin

cipal component analysis and use that proxy in the fixedeffects regression. Under the

second methodology for each dealer and each submarket we measure coreness and degree

centrality, and use the relationship between the two variables to describe dealers’ relative

position in the network and resulting bargaining power. We describe both methodologies

in greater detail below.

We measure the relationship between dealers by their interdealer trade. Under our

first empirical methodology we compute the following centrality measures for each dealer:

• Degree centrality is defined as the number of closest neighboring dealers around a

particular dealer in the network.

• Eigenvector centrality is computed using eigenvalues of the adjacency matrix (ma

trix describing links between dealers in the network), for each particular dealer it

emphasizes connections with relatively more important dealers of the network.

• Betweenness centrality is equal to the total number of shortest trading paths from

every single dealer to any potential counterparty that passes through this particular

dealer.13

• Closeness measure is defined as the inverse of the total distance from each particular

dealer to any other dealer in the network based on observed trading relationships.
13The betweenness centrality measure is a widely used tool in the literature on social networks, Freeman

[1977]
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Estimated centrality measures for dealers differ in their nature: Degree centrality is

a local property taking into account only the closest subnetwork of dealer’s neighbors,

while eigenvector centrality or betweenness centrality account for its global structure, and

across different markets (e.g. some dealers are relatively more active in Registered ABS

than Rule 144a nonagency CMO). Li and Schürhoff [2012] explored all of these alternative

centrality measures in the context of municipal bond trading and demonstrated existence

of a significant common component in these measures. We obtain similar results in our

sample.

We divide all interdealer trades between May 16, 2011 and February 29, 2012 for the

overall sample into seven buckets based on the four types of instruments (ABS, CDOs,

CMBS, and nonagency CMO) and two placement typesRegistered and Rule 144a. Within

each bucket we compute the total volume transacted by all pairs of dealers, differentiated

from each other by their dealer masks.14 We estimate the following four centrality mea

sures: 1) degree centrality (unweighted and weighted by volume transacted), 2) eigenvec

tor centrality (unweighted and weighted by volume transacted), 3) betweenness centrality

measure, and 4) the closeness measure.

All of the measures are estimated for each dealer, and the first two of these measures

allow us to differently weight the links between dealers based on total volume traded over

the particular sample period. We differentiate between buys from and sells to a particular

dealer in the interdealer network and use directed networks in our estimation. We apply

the empirical cumulativedensity function transformation to each of the six centrality

measures obtained, and then extract the first principal component. For each of the seven

buckets we have two versions of the dealers’ importanceunweighted and weighted by

total volume transacted within each market. We perform principal component analysis

separately for these two versions to aggregate across different markets. In our empirical

analysis we use the measure weighted by total volume transacted, with the correlation

between the weighted and unweighted versions at 0.98. We linearly normalize the resulting

variable to a zerotoone scale. Dealers that did not participate in interdealer trades are

14Dealer masks may not identify separate dealers perfectly in case when a single dealer has several trading
desks having different dealer masks for reporting purposes.
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assigned zero centrality value.

In our analysis of total client bidask spreads we use the average dealer centrality vari

able, which is the average aggregate centrality measure of all dealers that intermediated

in a particular chain of matched transactions.

Overall we find evidence for a negative relationship between dealers’ interdealer ac

tivity measured by aggregate centrality and total client bidask spreads. Figures 11a and

11b present scatter plots of spreads against dealers’ centrality for nonretail size matches

in Registered and Rule 144a instruments. Dealers who participate more actively in the in

terdealer market have lower inventory risk and may require lower compensation for their

services. But these dealers may be generally more visible to other market participants

and have a certain degree of market powerin this case we expect these dealers to charge

higher compensation through customers’ bidask spreads. We use average dealers’ central

ity in our regression analysis to check the validity of these conjectures when we control

for other factors and characteristics as well.

Under the second methodology for each dealer we compute the following two measures:

• Coreness measure is defined using the kcore subnetwork. The kcore subnetwork

is the largest subnetwork in which all dealers have at least k trading partners in

this subnetwork. There are many subnetworks a particular dealer participates in

characterized by different values of k. The dealer’s coreness is the maximum k such

that the dealer belongs to a kcore subnetwork.

• CorenessDegree Residual is defined as the difference between dealer’s degree cen

trality and dealer’s coreness.

A dealer’s Degree Centrality is always larger than the dealer’s Coreness. Higher Degree

Centrality relative to the Coreness means that the dealer is more important as an interme

diary between different groups of dealers, because the dealer is bridging different smaller

subnetworks. The CorenessDegree Residual therefore measures the relative importance

of a dealer in the subnetwork, and is a proxy for the dealer’s local bargaining power.

We present graphical illustrations of four different scenarios for dealer’s coreness and
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CorenessDegree residual in Figure 9. The figure shows subnetworks constructed using

the ABS Registered market within the overall network presented in Figure 8, with a re

laxed restriction on what constitutes a strong linkwe do not require the volume transacted

between two parties to be above $10 million in total. The dealer with 23 trading partners

has the largest degree centrality in the subnetwork. The second order neighborhood of

that dealer is shown in the top left panel of Figure 9. That dealer’s coreness is 4, meaning

that the largest subnetwork that this dealer participates in has all dealers with at least 4

trading partners in this subnetwork.

In the Registered ABS sample of interdealer trades the maximum coreness is 4 and

there are a few dealers with coreness of 4. We can think of all these dealers corresponding

to the 4core subnetwork as the set of most important and frequent counterparties for the

dealer with 23 partners. This dealer has links to other subnetworks as well and performs

the role of a "bridge" across different parts of the interdealer market. There is also another

dealer with degree 4, which is the same as its corenessthe weakest node in the 4core

subnetwork. The CorenessDegree residual captures this relative difference in dealer’s

local positions.

A single centrality measure cannot capture these relative differences in dealers’ posi

tions. Two dealers may have similar numbers of trading partners; however, differences in

their coreness may result in different bargaining power between the dealers. A dealer with

coreness similar to the degree centrality will be the least connected dealer in the main k

core subnetwork he belongs to. On the other hand a dealer with coreness much smaller

than degree will have the strongest outside options. We perform empirical analysis based

on these two measures of dealers’ standing in the network and for some of our markets

we find their effects having different directions on bidask spreads. Figures 12a and 12b

maps the average dealer bidask spreads against dealers’ coreness and degree centrality.

2.4 Regression Analysis

Table 8 provides the definitions of the righthandside variables we use in the regression

analysis. The dependent variable is the bidask spread, with one observation per pair of
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matched trades in the sample. We use X to denote the righthandside variables in the

regressions. We allow the slope coefficients to be different across categories of instruments

and placement types (Registered and Rule 144a). We also include fixed effects for each

of the six different collateral types of ABS issues, for CDO, CBO, and CLO instruments,

CMBS interestonly or principalonly (IO/PO) and all other CMBS instruments (P/I), and

six different types of CMO tranches separately, which we define as subcategories. We

combine CBO and CLO in a single category. Denote each category of instruments by

j ∈ {1, , 5}, each subcategory of instruments by k, and placement type by l ∈ {0, 1}, with

l = 0 for Registered instruments and l = 1 for Rule 144a instruments. We estimate the

equation, allowing for heteroskedasticity in the residuals.15

yit = αjkl + (Xit)
Tβjl + εit. (35)

We allow the regression constant to depend on the category, subcategory and placement

types, and we allow the marginal effects β to differ across the five categories and two

placement types.

We also perform analysis of overall categories without differentiating between Regis

tered and Rule 144a security types. We pool together Registered and Rule 144a instru

ments and obtain overall marginal effects of the aforementioned factors. The estimation

equation is:

yit =

6∑
k=1

1i∈k × (Xit)
TβABS +

9∑
k=7

1i∈k × (Xit)
TβCDO/CBO/CLO + (36)

+
11∑

k=10

1i∈k × (Xit)
TβCMBS +

17∑
k=12

1i∈k × (Xit)
TβCMO +

1∑
j=0

17∑
k=1

1i∈k,R144a=jαk + εit.

Table 9 reports the results from the regressions for the total client spreads. The total

client spreads are computed using the complete customertocustomer chains of matched

transactions. In each group of columns, we report the point estimates of the coefficients

with standard errors in parentheses below. All regressions include fixed effects for sub

15We also experiment by including fixed effects for individual instruments. Our main results are robust to
using the individual instrument fixed effects.
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categories of instruments. We report the estimates for the overall category, estimates for

Registered instruments within the category, and estimates for the Rule 144a instruments.

The point estimates of the coefficients on 46 Year Vintage and >6 Year Vintage are

positive for all types of instruments except CDOs and Registered CMBS: Older maturity

instruments tend to have higher spreads, reflecting their lack of trade, and also the pos

sibility that there is more asymmetric information about these instruments. Across all

categories of instruments, the point estimate on the Investment Grade is negative and eco

nomically significant: High yield instruments tend to have higher spreads than Investment

Grade instruments.

The point estimate of the coefficient on SecuritySpecific Match Volume is negative

for most categories of instruments. A negative coefficient on SecuritySpecific Volume

indicates that instruments with larger trades tend to have small spreads, consistent with

more activelytraded instruments having lower transactions costs. This is indeed the case

for all security types except for Rule 144a CMBS.

Deviation of a Particular Match is a measure of the size of the matched transaction

relative to the average transaction size in that security. The point estimates are negative

across all types of instruments. A negative coefficient on Deviation of Particular Match

indicates that when the matched trade is larger than typical for that instrument, the

match will have a lower spread reflecting a volume discount. In typical equity markets,

larger trades tend to have larger spreads, with the typical explanation that larger trades

carry information so that dealers face higher adverse selection costs on larger trades.

In many bond markets, smaller trades have larger spreads; with the typical explanation

being that smaller trades tend to proxy for less sophisticated customers so that dealers

have greater bargaining power in smaller trades and so are able to earn higher spreads on

smaller trades. The securitized markets we analyze resemble bond markets with respect

to volume effects. Our finding here does not depend on retailsized trades, since those

trades are removed from the regression analysis.

The effect of Floating Coupon is positive for all ABS instruments, Registered CMBS

instruments and Registered CMO instruments: For these categories, instruments with
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floating coupons tend to have higher spreads. For CDO, CBO/CLO, Rule 144a CMBS,

and Rule 144a CMO instruments floating coupon instruments tend to have lower spreads.

Generally the point estimates on Investment Grade and Floating Coupon together imply

that instruments with riskier cash flows tend to have higher spreads.

The point estimates on Gap in Execution Time are of mixed magnitude and sign, and

are generally not statistically significant. One interpretation of a negative coefficient on

Gap in Execution Time is that the dealers offer a price concession to close out a trade

when the holding period is long. One interpretation of a positive coefficient on Gap in

Execution Time is that the dealers in such instruments earn a higher rateofreturn the

longer that the instrument is in the dealers’ inventory.

The coefficients on Number of Dealers are of mixed magnitude and sign and econom

ically small: Perhaps the mixed results on Number of Dealers indicate that the choice of

the Number of Dealers in an instrument is endogenous to the size of the spread that the

dealers can earn.

The point estimate on the Dealer Importance Dummy is negative and statistically sig

nificant for all categories with the exception of overall CDOs, where the positive point es

timate is not statistically significant. A negative coefficient on Dealer Importance Dummy

implies that the average spread is lower if the inventory passes through a dealer who is

more active in the interdealer network. The coefficients for Rule 144a instruments are

lower than the coefficients for Registered instruments: The relative benefits for customers

to have orders intermediated by central dealers rather than peripheral dealers are larger

in Rule 144a markets.

The point estimate on Multi Round Trade is positive except for CBO/CLO instruments,

and is economically and statistically significant for most categories. A positive coefficient

implies that deals that pass through many dealers as they go from a customer to another

customer tend to have larger spreads. In this sense, deals with more intermediation are

more costly to the customers.

Table 10 reports the results from regressions for the dealer spreads. The spreads used

in the regression result from decomposing the total client spreads used in Table 9 into
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individual dealer spreads. For example, the two round chain: Customer to Dealer A,

Dealer A to Dealer B and Dealer B to Customer yields two dealer spreads. The first

spread is computed from Dealer A’s purchase price from the customer and Dealer A’s sale

price to Dealer B, and the second spread is computed from Dealer B’s purchase price from

Dealer A and Dealer B’s sale price to the customer. If N dealers intermediate a chain

between customers, then we compute N dealer spreads.

Overall, we find similar effects of the control variables as in the total client spread

regressions reported in Table 9, and we include additional control variables: Dealer’s

Coreness, Dealer’s Degree Residual, and the two customer participation dummiesBuy

from Customer and Sell to Dealer, Sell to Customer and Buy from Dealer.

The point estimate of Dealer’s Coreness in Table 10 is negative for all instruments

except for nonagency CMO instruments and the CDO subcategory. The negative point

estimates could reflect greater competition and reduced bargaining power of more cen

tral dealers or lower trading costs on the transactions they intermediate. These findings

suggest a degree of specialization in the trading of different instruments and the need to

look at competition in more subtle ways. Central dealers perform a valuable function by

enhancing the linkages in the network and the integration of customer activity.

The point estimate of Dealer’s Degree Residual is negative for all instruments except

Rule 144a CMBS instruments and Registered CMO instruments. Holding the size of the in

terdealer kcore subnetwork constant, the higher relative position of a dealer in that sub

network captured by positive Degree Residual results in lower dealer spreads on average.

The result is the opposite from the generally positive relationship between dealer’s cen

trality and bidask spreads found in the literature on municipal bonds (Li and Schürhoff

[2012]). The finding is consistent with the equilibrium in a searchandbargaining model

of a decentralized interdealer market in which dealers differ in their trade execution ef

ficiency that proxy for dealer centrality in Neklyudov [2013]. Our result also highlights

the importance of the decomposition of single centrality measure into the CorenessDegree

residual.

The point estimate on Multi Round Trade is positive except for Registered ABS in
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struments, and is economically and statistically significant for most categories. A positive

coefficient implies that interdealer spreads in multiround deals tend to be higher. The

point estimate on Buy from Customer and Sell to Dealer is negative except for ABS instru

ments indicating that spreads are lower when the dealer is in the first link of a multiround

intermediation. Perhaps this reflects that dealers need to offer price concessions to sell to

another dealer rather than a customer. The point estimate on Buy from Dealer and Sell

to Customer is positive except for CDOs and Rule 144a CMO instruments indicating that

spreads are higher when the dealer is in the last link of a multiround intermediation. It

is more valuable to find a customer to sell to and finish the intermediation chain rather

than to sell to another dealer and keep the intermediation chain going.

3 Predictions from the Theory of OTC Markets

Generally, the negative relationship between average customer bidask spreads and various

measures of dealers’ importance is consistent with the theoretical predictions from a search

model of decentralized interdealer market, developed in Neklyudov [2013]. In this paper,

the more connected dealers charge lower spreads because their endogenous reservation

values reflect their search efficiency and they intermediate trade flows among the less

efficient dealers. In this section we discuss other links that can be established between

the theory and empirical facts we document.

The seminal paper by Duffie et al. [2005] demonstrates how bidask spreads emerge

in a model with counterparties who search for each other on a decentralized market. In

this model, the spreads reflect different investor’s outside options, and more sophisticated

investors are facing lower spreads in equilibrium. Informationbased models offer a dif

ferent prediction for more sophisticated investors who may be more informed, as more

informed investors face wider bidask spreads, as in Kyle [1985]. Another consideration is

the inventory risk, that is predicted to drive spreads up for large unexpected transactions,

as in Ho and Stoll [1981]. Though in the context of securitizations markets, dealers provide

no commitment to trade at the posted bid and ask prices, which may imply that dealers

might have more control over their inventories. On the other hand, trading opportunities
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are much less frequent in securitizations markets. Overall, the bidask spreads we measure

may reflect elements of search, information, and inventory considerations.

Now we turn to the analysis of theoretical predictions about heterogenous dealer mar

kets, developed in Neklyudov [2013], and link the developed theory with the empirical

evidence.

The following factors determine the nature of equilibrium, that arises in a model of

decentralized interdealer market: (i) The average magnitude of the search friction; (ii) The

relative proportions of dealers and customers in the population of investors; (iii) The Nash

bargaining power of a dealer; (iv) The distribution of matching capital and exposures to

the search friction across dealers.

In the model, the average magnitude of the search friction, or the overall level of de

centralization, is proportional to the average trading frequency on the market, for both

customer and interdealer trades. Below we provide information on the number of trade

records on each market we observe in our sample:

Market Placement Customer (Interdealer) Average Volume
Trade Reports

ABS Registered 36,653 (8,517) 5.6M (5.5M)
Rule 144a 12,707 (3,356) 10M (12.4M)

CDO Rule 144a 7,273 (1,604) 12.5M (18.2M)

CMBS Registered 40,731 (9,042) 8.9M (7M)
Rule 144a 9,619 (1,411) 32.9M (55M)

NonAgency CMO Registered 147,949 (41,198) 6.6M (5.3M)
Rule 144a 9,881 (1,499) 16M (12M)

Legend: Overall numbers of trade reports and average volumes are given
by product types from May 16, 2011 to February 29, 2012.

It can be seen, that the nonagency Registered CMO market has the highest number of

trades executed over our sample period. Registered instruments both in ABS and CMBS

also generate larger number of trade records. These observations are consistent both on

aggregate and persecurity basis (persecurity trading frequencies are reported in Tables

2b and 3b). This is an evidence if favor of a claim that markets in registered instruments

are characterized by smaller degree of search friction. However we should note that we

are not able to control for investors’ willingness to trade in this context—markets with the

same magnitude of search friction may have different number of transactions executed
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due to different exogenous investors’ preferences for trading. In terms of the model, the

observed trading frequencies reveal the joint effect of the frequency of changes in agents’

liquidity states, and the extent of the search friction. Though one may plausibly argue

that the design of the markets may react to larger willingness to trade by investors, and

the severity of search friction will be reduced for markets with frequent liquidity needs.

Another observation is that there are approximately 4 times more customer trades than

interdealer trades in all markets except Rule 144a CMBS and CMO, where there are 6.5

times more customer trades. With some exceptions, the trade volumes are comparable

across customer and interdealer trades (yet differ across markets). In the model these

numbers map to the relative proportions of dealers and customers in the population of

investors. Larger proportion of customers in the population naturally results in larger

number of customer trades executed. The model predicts, that when customers and deal

ers have equal aggregate market shares and equal exposure to liquidity risk, there are

more than twice more interdealer trades in the equilibrium. This is a manifestation of a

relatively more efficient interdealer market with lower exposure to search friction. Any

dealer in the model encounters a larger number of other dealers than customers over a

given interval of time. The empirical evidence argues in favor of much larger customer

sector in the population of investors. It suggests that the market presence of customers of

these products is significantly high on these markets.

We then turn to the Nash bargaining power of dealers on these markets. The the

oretical finding suggests that dealers, who are capable of dealing with search friction in

a more efficient way than customers, have less volatile reservation values for the asset.

This in turn implies lower average bidask spreads for the markets where customers have

relatively higher bargaining power. Moreover, when customers have significant bargaining

power, bidask spreads are more responsive to the type and efficiency of a dealer in the

crosssection of dealers. The results of our regression analysis in Table 9 suggest that

on Rule 144a markets customers indeed may have greater bargaining power—the effect of

Dealers’ Importance dummy appears to be stronger for Rule 144a instruments. This is

also consistent with our finding in Table 4 that average spreads for Rule 144a instruments
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are lower than corresponding spreads for Registered instruments.

Finally, we discuss the distribution of matching capital, or trade execution efficiency

levels across dealers in the crosssection. Figure 7 demonstrates the proportional shares

of total customer flow of different dealers using the Lorentz curve methodology. We ob

serve than 5% of most active dealers in terms of total absolute order flow with customers

account for 8090% of customer volume in these products (with exception of CDO instru

ments, where the proportion is 5060%). We observe slightly lower degree of heterogeneity

of dealers in Rule 144a instruments. These observations suggest that in the crosssection

of dealers in securitized products there is a substantial number of dealers with mediocre

customer activity (which is significantly correlated with interdealer activity for these deal

ers). In the theoretical model, this would correspond to the heavily skewed distribution of

trade execution efficiency with a large left tail. Empirically, the trading activity of inactive

dealers is consistent with lower “matching capital” of these dealers and high exposure to

the decentralized nature of the markets. This may be reflected in low customer base and

low awareness about the underlying trading network, or insufficient technology to process

large numbers of trades (including legal technology). The lefttail of the distribution may

as well be populated by regional and geographicallyperipheral dealers.

The theoretical model predicts that less efficient dealers trade only when their ex

ogenous liquidity state changes, while more efficient dealers trade substantially more fre

quently. The model suggests that more efficient dealers may exploit the less efficient

dealers in order to temporarily park assets when liquidity state of peripheral dealers is

appropriate. Thus less efficient dealers are more likely to trade on the interdealer market,

than with customers.

The panels of Figures 13a and 13b generally confirm the prediction of the model that

total interdealer order flow tend to exceed the total customer order flow, especially for

less active dealers. It also demonstrates well that substantial number of dealers in either

markets tend to balance their total customer flows with interdealer flow. The latter feature

is not accounted by a theoretical search model where agents do not prearrange both sides

of their trades.
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To conclude, the theoretical model provides a reasonable stylization of the observed

markets. The lower spreads in Rule144a markets and higher sensitivity of spreads to the

crosssectional characteristics of dealers are consistent with customers having larger Nash

bargaining power on these markets. This is consistent with our general understanding of

Rule 144a instruments as ones being designed for a more sophisticated clientele. The inter

mediation patterns between dealers with different trade execution efficiency are consistent

with the predictions of the theory. However not all features of trading are accounted for,

the tendency of dealers to prearrange trades as an example.

4 Publication of Price Index Data

An important event within our sample period is the public release of price index data

on a daily basis by FINRA and IDC starting in midOctober 2011 for various types of

securitizations. This has the potential to lead to substantial informational changes in the

market. We examined whether these indices provide market participants information about

pricing and spreads, and whether that information becomes common knowledge to all

market participants, including dealers. We anticipated that this could affect spreads after

the initial public release of the indices (five months of such data were initially released

in midOctober) and then the indices were updated on a daily basis (even without a

fullblown rollout of posttrade transaction level price reporting). Analysis of this data

after its public release and comparison to an environment in which the indices were not

anticipated to be released (such as prior to the initial release of index data) would allow

analysis of the impact of a form of price transparency. To control for other considerations

that alter the spreads, we examine both Registered and Rule 144a instruments, as this is

one issue of our focus and because for categories except for the CDO/CBO/CLOs, there

is more weight and trading in Registered rather than Rule 144a instruments and because

the investors in Rule 144a instruments are potentially more sophisticated than those in

Registered instruments.

The publication of these data began on October 18, 2011. Initially the data was pub

lished back to the start of the data collection interval and then updated daily with a
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oneday lag. In examining the price index data we are struck by the substantial negative

firstorder serial correlation in the price indexboth pre and postrelease (see Figure 14).

Using standard market microstructure interpretations this highlights the extent of noise

in the data, which suggests the difficulty confronting market participants in extracting

valuation information from the data. Conceptually, the nature of improvement in trans

parency at the level of individual instruments from the release of index data may have

been modest, both because of the portfolio composition and the daily nature of the in

dex. The negative serial correlation in the index points to the potential construction of

spreads using time series approaches (e.g., see the Roll [1984] estimator of bidask spreads

using the negative serial correlation in transaction prices) and is suggestive of relatively

wide spreads implicit in the index data (and the underlying securitizations). Given the

limited set of observations, we focus our analyses of spreads at the securitization level in

our matching analyses, but time series perspectives are potentially useful as we try to un

derstand the public index data. In other contexts (such as the equity markets) cash index

returns or differences often reflect substantial positive serial correlation due to staleness in

components of the pricing and strong positive crosssectional correlation among the assets.

In the current context the index construction only reflects the assets that have traded

recently, so there is not an obvious rationale that would lead to underlying positive serial

correlation. Indeed, this aspect of the index construction suggests an additional source of

noise not present in the standard equity index, as the composition of the index here is

changing because it reflects only assets that have traded recently.

The newly disseminated price index data provides us an opportunity to study the

impact on spreads for Registered and Rule 144a instruments. Table 6b reports information

on the spreads before and after the public dissemination of price indices, specifically

whether the spreads increased or decreased from the pre to the postrelease samples for

both Registered and Rule 144a instruments. The conventional view is that the spread

should decrease after transparency enhancing events. We find such decrease in spreads

in the Registered nonagency CMO category with the mean spreads postrelease being

statistically significantly smaller than the prerelease sample. However we observe the
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reverse pattern in Registered CMBS instruments and mixed results in other categories,

that are not statistically significant.

The interpretation of the increase in spreads that we document above is not straight

forward for a second reason. In particular, our graphical evidence suggests that there is

a lot of variability in the spreads and not a sharp change in regime at the point at which

the price index disclosure begins (see especially Figure 10, which documents the weekly

moving averages of the total client bidask spread, and less directly, Figure 5, which of

fers scatter plots of the spreads). In fact, the graphical evidence suggests the plausibility

of identifying changes in spread levels at a variety of alternative datesundercutting the

strength of the evidence with respect to the actual regime change.

5 Concluding Comments

In this paper, we utilize data on dealer transactions in securitizations markets to study

the nature of dealer networks and how bidask spreads vary within the trading network.

While trading among instruments is highly fragmented and relatively infrequent, trading

is highly concentrated among a relatively small number of dealers. Dealer networks reflect

a coreperipheral structure. We document a negative relationship between the importance

and interconnectedness of dealers and their bidask spreads. Theoretical work studying

overthecounter markets predicts that customers that trade with more interconnected

dealers with higher trade execution efficiency face lower bidask spreads on average in

equilibrium (Neklyudov [2013]). The evidence contrasts with the empirical findings in

municipal bond markets, where a positive relationship arises between dealers’ importance

and bidask spreads (Li and Schürhoff [2012]).

Our matching techniques allow us to look in more detail at how the total client bidask

spread gets split among different parties involved in a deal. Longer chains of intermedia

tion result in larger total spreads. Dealer spreads are especially wide on transactions that

complete the chainit is more valuable to find a customer to sell to and finish the inter

mediation chain rather than to sell to another dealer and keep the intermediation chain

going.
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We observe a smaller number of active dealers trading in an average Rule 144a in

strument than in an average Registered instrument, but at the same time tighter customer

bidask spreads. We also observe that the order flow is more evenly divided among dealers

in Rule 144a instruments and that customers in Rule 144a markets face smaller bidask

spreads when trading with more central dealers. These findings emphasize that the extent

of competition differs between Registered and Rule 144a instruments.

It is important to understand the microeconomic aspects of the trading process, es

pecially in light of the dramatic disclosure differences between Registered and Rule 144a

instruments. Rule 144a securitizations have less disclosure requirements than Registered

securitizations, but they could represent higher quality assets, that are held only by so

phisticated investors with access to additional sources of information.

Our study points to a variety of additional directions for study. Empirical findings

that emerge from the data have natural potential to inform the theory of overthecounter

markets and provide grounds for validation of different theoretical models. The nature of

the data allows one to identify different counterparties and construct trading networks,

offering a natural environment to perform network analysis. Network analysis has the

potential to enhance our understanding of intermediation patterns for dealer markets and

concentrations of risk more broadly, including systemic risks.
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Appendices

F Data Cleaning

For the purpose of this study we have trading activity data ranging from May 16, 2011 to February
29, 2012 in several classes of securitized products: ABS, CDO/CBO/CLO, CMBS, CMO, MBS and
TBA, as well as the database with issue characteristics for all issues subject to FINRA reporting
requirement.16 On October 18, 2011 FINRA and IDC began to disseminate the price index data,
and to extend our analysis we study both the overall sample as well as separate data from the
period prior to that date (referred to as prerelease sample) and the period beginning on that date
(referred to as postrelease sample). We limit our attention to ABS, CMBS and nonagency CMO
securitizations because these classes have both Registered as well as Rule 144a placed instruments
in our sample. We also present our results for CDO, CBO and CLO Rule 144a instruments sep
arately to allow for comparisons across asset classes. In our analysis we use Moody’s ratings for
instruments that have at least two opposite trades with customers. For other instruments we were
able to utilize the investment grade data for these instruments provided by FINRA. Moody’s ratings
were collected for all instruments that satisfy our minimaltrading requirement: There are at least
two opposite transactions with customers at most 2 weeks apart in our sample period from May 16,
2011 to February 29, 2012. We used the proprietary list of CUSIPs provided by FINRA to locate
Moody’s ratings for these instruments on the corporate website.

We perform several rounds of cleaning before we obtain a workable sample of trades: 1) Adjust
for trade corrections and removed cancelled trades; 2) address doublereporting issue for inter
dealer tradesboth dealers were typically reporting the same trade from opposite sides; 3) match
trading reports with issuespecific characteristics from the database provided by FINRA; 4) clean
the data from the issues with insufficient trading activity to perform our analysis; 5) compute bid
ask spreads using an iterative cascading matching technique discussed below; 6) adjust resulting
spreads for coupon and factor payments; 7) perform cleaning for outliers. Below we discuss each
of these rounds of data cleaning in greater detail.

For some trade records, traders entered incorrect trade information or canceled previous
transactions. Traders corrected the records by entering additional reports marked as "Corrected
Trades", "Trade Cancels" or "Cancels", and "Historical Reversals" (if correction was reported not
on the say trading day). In the first round of cleaning we remove all trade records that were
subsequently corrected to keep only the effective transaction records, we remove all records that
were cancelled and do not count them in our subsequent analyses, and we disregard all corrections
when no initial trade record is reliably identified by entered volume, entered price, trade execution
date and counterparty masks.

According to the FINRA reporting rule, each interdealer trade must be reported by both sides
to the transaction, effectively leading to double reporting in our sample, with a few exceptions.
Customer transactions and socalled "lockedin trades"17 are always reported once. In order to
cope with the doublereporting problem we implement an iterative pairmatching procedure. We
look at pairs of identical transactions reported from different sides by the same counterparties.
The counterparties often reported slightly different trade execution timestamps, so that we have to
be careful distinguishing the second report for a particular transaction from other trading activity
unrelated to it. The pairmatching procedure consists of one hundred iterative rounds of search
for very similar entries in terms of entered volume, price, execution timestamps, settlement date,
counterparty masks. In each round we flag trade reports that are sufficiently similar to constitute
candidates for a doubleentry of the same trade. Anytime we find several alternative candidate

16Among others the characteristics included: maturity date, coupons with update dates, type of coupon
(fixed or floating), factors with update dates, type of placement (Registered or Rule 144a), description of the
issue.

17Lockedin trades are defined in the layouts for trading data files provided by FINRA.
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trades, we pick the ones closest in time according to the reported execution timestamp. Anytime
we cannot identify a match based on the above criteria, we assume there was no second report for
the trade. For 84.77% of all trade reports we were able to identify unique matching reports, which
were subsequently removed from the sample.18 The result of this cleaning constitutes our working
sample of transactions.

We match each transaction report to the issuespecific characteristics and description from
the database provided by FINRA. The database for ABS, CDOs, CMBS and nonagency CMO
instruments consists of eleven timestamped files corresponding to May 15, May 31, June 30, July
31, August 31, September 31, October 31, November 30, December 31, January 31, 2012, and
February 29, 2012. Using these files we are able to reconstruct the timeseries of coupon rates
and prepayment factors, as well as product collateral or underlying pool types, maturity, original
balance, type of placement (Registered or Rule 144a), type of coupon (fixed or floating). In the
few cases when the instrumentspecific characteristics (such as the product category or the type
of placement) are different in different files for the same issue identifierwe take the data from
the latest files available for this issue, having in mind potential data entry issues. In the very rare
cases when instruments with the same CUSIP code have different symbol IDs we treat those as
different instruments.

It is worth noting that most of securitizations in our sample traded very thinly during either of
the two sample periods (prerelease and postrelease). For example, only 2,807 out of 12,663 ABS
issues, 1,219 out of 7,471 CDOs issues, 2,967 out of 13,720 CMBS issues, and 13,396 out of 78,698
nonagency CMO issues did have at least two opposite trades with customers at most two weeks
apart in time. Table 1 presents more detailed information. We could compute client spreads for
these instruments only.

Then we perform several steps of matching seemingly related transaction into chains. We use
the complete trading sample from May 16, 2011 to February 29, 2012 to look for chains, and then tag
each chain we find with the relevant prerelease or postrelease sample tag. The implementation
of our matching technique consists of three rounds.

In the first round we match related interdealer and customer transactions that have the same
volume and each pair in a chain is no further than one month apart. For example, when we
see among other trading activity three transactions in the same instrument of $1 million original
balance that form a potential chain: Customer to dealer A, dealer A to dealer B, dealer B to
customer, we perform two checks: 1) For each link of the potential chain there are no other
alternative candidates resulting in a different branch of a chain that are closer in time based on the
execution timestamp; 2) each link in the chain is no further than 1 month apart based on execution
timestamp. If both conditions are satisfied, we take this chain out of the dataset and proceed with
search for other chains iteratively. Different links of a single chain can be tangled in other trading
activity in a given instrument, so in order to find candidates and establish links we sort our dataset
by execution timestamp within each separate instrument and look for each trade record we look
for candidate matches 15 record forward and 15 records backward. Note that we do not impose
any timing sequence within a chainbuy from customers can follow as well as precede the sell
to customer, and all seemingly related interdealer trades may happen at any point in time that
satisfies the onemonth maximum link span. We find most of our chains with a step size smaller
than 15, so this step size limit does not constrain our results in a noticeable way. In order to search
for all chains with no splits of volume we perform the aforementioned algorithm iteratively 100
times, which completely exhausts all candidate links that fall in the nonsplit category. The result
of the first round is a set of chains of various lengths: CDC (1 link), CDDC (2 links), etc., with
the same volume moving through the chain. We find 10,871 nonsplit chains in ABS (1.2 links on
average, 5 links maximum), 1,959 chains in CDOs (1.08 links on average, 6 links maximum), 11,298
chains in CMBS (1.15 links on average, 9 links maximum), and 30,179 chains in nonagency CMO
(1.32 links on average, 7 links maximum).

In the second round we allow transaction volume to split when moving through a chain. For

18These numbers apply to ABS, CDO, CMBS, and nonagency CMO only.
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example, when we see among other trading activity three transactions in the same instrument
forming a potential chain but having different trade volumes: $1 million customer to dealer A, $2
million dealer A to dealer B, $0.5 million dealer B to customer, we perform the same two checks
as in the first round for the candidate links and in case these checks are satisfied we split the
chain in three pieces: 1) $0.5 million customer to dealer A; 2) $1.5 million dealer A to dealer B;
3) $0.5 million customer to dealer A, $0.5 million dealer A to dealer B, $0.5 million dealer B to
customer. The last piece corresponds to a valid twolinks chain we take out from the sample, while
the first two pieces are returned back for further iterations of searchforchains. This splitting
is designed to treat the trading patterns when different chains branch into subchains or merge
together and potentially have common links. Similarly to the first round we search for candidate
links 15 records forward and backward each in a sorted trade sample, and perform 100 rounds.
This way we find 8,719 additional chains in ABS (1.51 links on average, 9 links maximum), 794
chains in CDOs (1.43 links on average, 10 links maximum), 10,111 chains in CMBS (1.38 links on
average, 15 links maximum), and 41,135 chains in nonagency CMO (1.9 links on average, 9 links
maximum).

In the second round the 15 step size constraint binds for instruments with heavy trading
activity and many trade records happening within a trading day. The second round ensures that
we link most of the related interdealer links to trades with customers when they are less than 15
trade records away from each other. After the second round we drop all interdealer trades that
have not yet been used to form a chain with any client transactions and perform LIFO matching
of the opposite client transactions. This constitutes our third and final round of matching process.
We keep track of all interdealer links established in prior rounds that were attached to these
transactions. This way we find 3,396 additional chains in ABS (1.86 links on average, 11 links
maximum), 406 chains in CDOs (1.72 links on average, 7 links maximum), 4,621 chains in CMBS
(1.8 links on average, 19 links maximum), and 13,192 chains in nonagency CMO (2.3 links on
average, 10 links maximum).

After the three rounds we have a sample of chains both involving splits of volume and nonsplit
chains. We have in total 23,036 chains in ABS (1.41 links on average, 11 links maximum), 3,198
chains in CDOs (1.25 links on average, 10 links maximum), 26,124 chains in CMBS (1.35 links
on average, 19 links maximum), and 84,788 chains in nonagency CMO (1.76 links on average, 10
links maximum). On average we find relatively longer chains in nonagency CMO market. In our
regression analysis we refer to the number of links in a chain as number of rounds in the deal.

The complete chains we find constitute 75% of the total absolute turnover in the ABS market,
86% in the CDOs market, 74% in the CMBS market, and 80% in the nonagency CMO market. We
also include broken chains in which dealer codes do not match.

Approximately 54.64% of chains we find using our matching process occur in the prerelease
sample (between May 16, 2011 and October 17, 2011).

Within each chain of related transaction we adjust prices for coupon and factor payments that
happened between the settlement time of a particular trade and the settlement time of the logical
beginning of the chain (a buy from customer, not necessary the first trade to happen within a chain
by execution time). For each chain of transactions having two opposite trades with customers, we
compute two types of bidask spread measures: total client bidask spread and dealerspecific
spreadboth measured per $100 of current value (capital committed). The quotes observed in our
dataset are clean prices per unit of current balance, thus we adjust our bidask spread measures
for accrued interest and factor prepayments. We use the following approach to perform these
adjustments:

Firstly, the direct way to compute bidask spread having two quotes on the opposite sides of
an intermediating trade and the full information on factor and coupon payments in between is
the following. Here we consider the case when settlement date effective for the ask quote occurs
after the settlement date effective for the bid quote, however the formulas generalize to allow for
opposite cases (below T stands for number of calendar days in between and c is the annual dollar
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coupon amount per $100 of original balance):

Spread = 100× Pask × factorask − Pbid × factorbid + adj

(Pask × factorask + Pbid × factorbid + adj)/2
, (37)

where: adj = c× T/360× factorbid + factor prepayment.

We use the following fairpricing condition to simplify the above formula:

(factor prepayment)/Pask = factorbid − factorask. (38)

Assuming the above condition holds, the bidask spread calculation simplifies to:

Spread = 100× Pask − Pbid + c× T/360

(Pask + Pbid + c× T/360)/2
. (39)

We performed both the direct spread computation and the simplified computation and did not
find significant difference in terms of spread distributions. This can be explained by the fair
pricing condition outlined being a relatively good approximation for those matches that involve
factor payments in between the two settlement dates. All results that follow correspond to the
simplified approach.

The obtained spread observations contain outliers. In order to address this issue we winsorize
1% off each tail of the distribution of total client spreads within each subtype of instrument based
on its overall type (ABS, CDOs, CMBS, nonagency CMO) and collateral subtype, its placement
type – Registered or Rule 144a, and its investment rating. The distribution characteristics of
resulting total client bidask spreads are presented in Table 6a for the overall sample from May 16,
2011 to February 29, 2012. We compare nonretail client spread distributions for prerelease and
postrelease samples and present results in Table 6b.

In our analysis we use information on trade sizes measured in dollars of original par underlying
pairs of trades we use to construct each spread observation. We use three buckets for trade
sizes: Retail trades (R), amounting to less than $100,000 original par, medium trades (M) between
$100,000 and $1,000,000 original par, and institutional trades (I) amounting to more than $1,000,000
original par. Tables 2b and 3b report proportions of trade reports falling within each bucket. In our
analysis we focus on nonretail chains when both original buy from customer and sell to customer
volumes were greater than $100,000 original par (when a chain of transactions involves a split, we
take into consideration the volume.
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Essay 3: Information Acquisition with Overlaps and Strategic

Trading Outcomes

Abstract

This paper develops a model of information acquisition and strategic trading by multiple

traders with correlated signals about asset fundamentals. Traders have access to a common

pool of valuable information and thus can obtain information with significant overlaps, having

many bits in common. We develop a stochastic process that captures the structure of the pool

of information and allows for various degrees of overlaps across traders, which generalizes the

existing approaches in the literature. Finally, we study how the degree of overlaps across traders

influences equilibrium information acquisition, trading strategies and overall market outcomes,

such as price informativeness and market depth.

1 Introduction

The asset management and the proprietary trading industries produce massive amounts

of research and information about fundamentals that drive asset prices. Information is

produced and consumed by multiple competing agents, such as hedgefunds, mutual funds,

trading desks, client brokerages. Often the same or very similar bits of information are

produced twice, e.g. when two analysts at different firms do independent research on the

same space of fundamentals. In this paper we develop a model of information acquisition

and strategic trading by multiple traders who can obtain information with various degree

of overlaps, having many or few bits in common. We use our model to study how the

form of the overlaps influences equilibrium information acquisition and trading strategies

of agents. Our model provides implications for the equilibrium price informativeness and

market depth, illustrating the importance of the degree of overlaps for the way overall

market functions.

In the model, multiple large riskneutral buyers and sellers pay costs to observe an

informative signal, and the properties of the signal depend on the level of investment and

an exogenous degree of overlaps with others. Traders optimize their trades and take into

account potential effect of their trades on prices, due to the associated adverse selection.
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The information traders possess is partially revealed through their trading strategies, as

in Kyle [1985].

We develop a stochastic process that captures the structure of the pool of information

and allows for various degrees of overlaps across traders, which generalizes the exist

ing approaches in the literature. Typically, agents have access to a learning technology

that allows them to reduce their individual uncorrelated forecasting errors, introduced

by Verrecchia [1982]. This tradition is incorporated as a special case, the independently

overlapping research scenario. Our approach allows us to generalize and study a non

overlapping scenario, which results in lower correlation of traders’ signals for any level of

investment in research, as well as perfectlyoverlapping research scenario (higher correla

tion), and arbitrary combinations of these three scenarios.

In the paper, we trading profits determine incentives to acquire information. We study

the effect of optimal information acquisition on trading behavior of agents and equilibrium

market outcomes, such as market depth and price informativeness. One example of such

analysis is performed by Dierker [2006] that utilizes a learning technology introduced by

Verrecchia [1982]. We find that lower price informativeness is associated with higher

degree of overlaps and that this effect dominates the effect of competition in trading

and trading aggressiveness. Under scenario with high degree of overlaps, having more

competing traders on the market may result in lower equilibrium price informativeness,

while the opposite happens under low degree of overlaps. These findings illustrate the

importance of the degree of overlaps for the way overall market functions.

The paper is organized as follows. Section 2 describes the information structure and

research technologies and develops the intuition behind the stochastic process we use for

modeling overlaps. Section 3 describes the strategic trading environment and characterizes

the equilibrium. Section 4 presents our analysis of equilibrium market outcomes, such as

price informativeness, market depth and order flow volatility. Section 5 concludes.
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2 Information Structure and Research Technologies

The informative signal informed agent possesses has two components: Common component

that tells the agent what the asset is worth, and idiosyncratic component that corresponds

to the noise or forecast error. Typically in the literature on information acquisition, agents

have access to a research technology that allows them to reduce individual forecasting

errors that are assumed to be uncorrelated across agents. This tradition is based on

Verrecchia [1982]. The assumption of uncorrelated forecast errors simplifies the analysis

by making all agent’s research efforts orthogonal to each other in the space spanned by

these forecast errors. Moreover, if we decide to drop this assumption—it is not obvious

how research efforts of agents will affect the correlation of forecast errors across agents.

It turns out that there is an intuitive way to model information acquisition more generally

(so that the prior tradition is nested as a special case)—to do so we propose to think about

information in a different way.

Rather than thinking about an informative signal as being composed of two parts,

we propose to think about the entire information set available to agents as an infinitely

divisible stream of bits. This way we find alternative interpretation for Verrecchia [1982]

research technology and derive a set of alternative technologies.

2.1 Research Technologies

A research technology is a mapping that describes relationship between agents’ monetary

expenditures on research (information production) and the results of this research—the

joint distribution of informative signals and the true asset value which is the research

target.

Suppose there is a single asset with payoff v, and its distribution constitutes common

prior knowledge of all agents. Informed agents possess additional informative signals si

that are correlated with v. We use this notation to introduce our definition of research

technology below.

Definition 2.1. A research technology is a mapping from informed agents’ expenditures
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on research c = (c1 . . . cN ) to the joint distribution of their informative signals and the

uncertain value v: G(v, s1 . . . sN ), where si is the signal ith informed agent obtains, i ∈

{1 . . . N}.

Example. Consider the research technology used by Verrecchia [1982]. Each informed

agent observes true value v ∼ N(0,Σ0) perturbed by normallydistributed noise ϵi (forecast

error) with zero mean and precision 1/σ2
i ≥ 0. The noise is independent across agents.

There is a cost function TC(1/σ2
i ) associated with different levels of noise precision agents

can choose. Thus the research technology is (v, s1 . . . sN ) ∼ N(0,Ψ) and:

Ψ =



Σ0 Σ0 · · · Σ0

Σ0 Σ0 + 1/TC−1(c1) · · · Σ0

...
...

. . .
...

Σ0 Σ0 · · · Σ0 + 1/TC−1(cN )


.

2.2 Structure of Information and Cost Function

For the purpose of our analysis we propose to think about information as being composed

of small pieces coming from various sources (bits of information, or fundamentals) that

together constitute the universe of available information. We start building our model

of information with finite number of bits of information (discrete case) and then prove

existence of limiting case in which bits of information are infinitely divisible.

Suppose the true asset value is a random variable v. There are M news about fundamentals—

ei where i ∈ {1, · · · ,M} that contribute to the true asset value. Fundamentals ei can be

positively correlated with each other (good news about one fundamental tend to lead to

good news elsewhere).

v =
M∑
i=1

ei. (40)

All fundamentals are constructed to be identically distributed and equally costly to

reveal. The latter assumption allows us to calculate the total cost of information acquired
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using the number of informative bits revealed. It is worth noting that the constant cost

assumption per bit does not preclude diminishing marginal returns to a dollar spent on

research—the positive correlation of bits will make first bits relatively more informative.

We want the key results to be independent of the “detail of the grid”—that is the

number of fundamentals M we choose to work with. The motivation is that when we

start with M1 = 100 and then decide to split each piece of information into two, so that

M2 = 200, then revealing 50 out of initial 100 should yield the same result as revealing 100

out of 200. We refer to the necessary and sufficient condition for this as infinitedivisibility

condition, which is provided below.

InfiniteDivisibility Condition. When M increases, the covariance of any two fundamen

tals ei and ej decreases at a rate M2, so that Cov(ei, ej)×M2 is a constant for any integer

M .

The informative signal is defined as the partial sum of revealed fundamentals (the

order in which fundamentals are revealed will matter when two competing agents acquire

information simultaneously). Assuming each informed agent acquires ωi × M sources of

information (fundamentals), the informative signal is:

si =

ωi×M∑
i=1

ei. (41)

In the paper we will refer to ωi as the research effort of an informed agent. Figure 11

summarizes this structure of information.

Figure 11: Signal as a sum of bits of information

bits of informationωM

M

. . .eωMe1 eM

M∑

i=1

ei = v ∼ N(0,Σ0)
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From now on we assume that all fundamentals ei are jointlyNormally distributed with

a symmetric positive definite covariance matrix. This together with infinitedivisibility

condition yields the following result about properties of the signal:

Proposition 2.1. Suppose an informed agent exerts research effort ωi ∈ [0, 1] and obtains

signal si. Assume infinitedivisibility condition holds and let ρ = Cov(ei, ej) × M2/Σ0.

Then:

V ar(si) = ωiΣ0(1− (1− ωi)ρ), (42)

Cov(si, v) = ωiΣ0.

See Appendix G.1 for proof.

2.3 Overlaps Scenarios

When there are two or more informed agents doing research about v in the described

fashion, the covariance of signals they obtain will depend on the order in which these

agents reveal fundamentals and how often they overlap.

Example: Suppose M = 6 and there are three traders with research efforts ω1 = 1/6,

ω2 = 1/3, and ω3 = 1/2. The first agent reveals one fundamental, the second agent chooses

two fundamentals, and the third chooses three. It is possible that neither of the three

traders overlaps with others, as when agent 1 reveals {e1}, agent 2 reveals {e2, e3} and

agent 3 reveals {e4, e5, e6}. We refer to this case as nonoverlapping research. The other

extreme is when all traders reveal fundamentals in the same order, as when agent 1

reveals {e1}, agent 2 reveals {e1, e2} and agent 3 reveals {e1, e2, e3}. We refer to this case

as perfectlyoverlapping research. The third possible scenario occurs when each agent

draws an independent random sample of fundamentals to reveal, we refer to this case

as independentlyoverlapping research. Figure 12 demonstrates the three scenarios of

overlaps discussed.

Definition 2.2. Suppose there are N informed agents on the market and ωi is the research

effort of ith agent. Suppose for ∀i ∈ {1 . . . N} ωiM is a Natural number. Denote by Si the
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Figure 12: Possible Scenarios for Overlaps

. . .

. . .

Non-overlapping Research

. . .

. . .

. . .

Perfectly-overlapping Research

. . .

. . .

. . .

Independently-overlapping Research

. . .

All agents start here

ω1

ω3

ω2

ω1

ω2

ω3

Random sample of bits

— size of the sampleωiM

subset of M bits of information each trader is entitled to reveal.

1. Agents engage in nonoverlapping research if ∀i ̸= j we have Si ∩ Sj = ∅. This can

happen only if
∑N

i=1 ωi ≤ 1.

2. Agents engage in perfectlyoverlapping research if ∀i ̸= j such that ωi ≥ ωj we have

Si ∩ Sj = Sj .

3. Agents engage in randomlyoverlapping research if ∀i : Si is a simple random sample

of size ωiM .

To simplify the exposition, from now on we assume there are two agents doing research

on the market (N = 2). Their research efforts are denoted by ω2 ≤ ω1 ≤ 1. The overlaps
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scenario will determine the covariance of informative signals agents obtain. The following

proposition summarizes these effects for the three types of research outlined above:

Proposition 2.2. Let two informed agents with research efforts ω1 ≥ ω2 obtain signals s1

and s2. Assume infinitedivisibility condition holds and let ρ = Cov(ei, ej)×M2/Σ0. Then

the Cov(s1, s2) is:

Cov(s1, s2) = Σ0 × ρ× ω1ω2 — nonoverlapping, (43)

Cov(s1, s2) = Σ0 × ω2 × (1− (1− ω1)ρ) — perfectlyoverlapping, (44)

Cov(s1, s2) = Σ0 × ω1ω2 — independentlyoverlapping. (45)

See Appendix G.2 for proof.

An interesting result we obtain is the equivalence of independentlyoverlapping re

search technology defined above and the approach introduced by Verrecchia [1982] and

commonly used in the literature on information acquisition:

Proposition 2.3. Consider the following definition of a signal: s̃i = v+ εi where εi is agent

specific forecast error uncorrelated across agents: Cov(εi, εj) = 0. Precision of forecast

error εi is proportional to agent’s expenditures on research ci: V ar(εi) = 1/T̃C
−1

(ci), where

T̃C(·) is an increasing function. This research technology is equivalent to independently

overlapping research technology defined above (Definition 2.2).

Proof. Define wi and TC(wi) in the following way:

ωi =
Σ0(1− ρ)T̃C

−1
(ci)

1 + Σ0(1− ρ)T̃C
−1

(ci)
∈ [0, 1),

TC(·) : TC

(
Σ0(1− ρ)T̃C

−1
(ci)

1 + Σ0(1− ρ)T̃C
−1

(ci)

)
= ci.

Then rescale each agent’s signal: si = ωi × s̃i = ωi × (v + εi). Scaling by a constant keeps

information contained in agents’ signals unchanged. It is straightforward to verify that

joint distribution of vector (v, s1, · · · , sN ) is the same as under independentoverlapping

research technology, thus the two research technologies are equivalent.
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The result in proposition 2.3 is an interesting alternative interpretation for the research

technology proposed by Verrecchia [1982]. Suppose there exists a pool of identically dis

tributed bits of information, that may be correlated with each other. When two informed

agents choose the optimal size of samples to draw from the pool and draw the samples in

dependently of each other, this process will be equivalent to saying each agent observes the

true value of the asset distorted by idiosyncratic noise, independent of other agents. The

size of the sample drawn from the pool translates into the variability of the idiosyncratic

noise. It is also interesting how this reframing of Verrecchia’s approach allows us to gen

eralize and study various alternative scenarios for agents’ overlaps, other than independent

sampling.

Finally, we want to span intermediate scenarios of overlaps that occur in between the

three described above. We introduce a parameter γ ∈ [0, 1] that captures severity of over

laps: γ = 0 corresponds to nonoverlapping research; γ = 0.5 corresponds to independently

overlapping research; γ = 1 corresponds to perfectlyoverlapping research. We use linear

interpolation to describe what happens for intermediate values of γ, the following proposi

tion summarizes results:

Proposition 2.4. Let two informed agents with research efforts ω1 ≥ ω2 obtain signals

s1 and s2. Assume infinitedivisibility condition holds and let ρ = Cov(ei, ej) × M2/Σ0.

Let γ ∈ [0, 1] describe the degree of overlaps in agents’ research so that for γ ≤ 0.5 the

linear interpolation between nonoverlapping and independentlyoverlapping scenarios is

made, while for γ > 0.5 the linear interpolation between independentlyoverlapping and

perfectlyoverlapping scenarios is made. Then the Cov(s1, s2) is:

Cov(s1, s2) = Σ0 × ω1ω2 × (ρ+ 2γ(1− ρ)), when γ ≤ 0.5, (46)

Cov(s1, s2) = Σ0 × ω2 × (ρω1 + (1− ρ)(1 + 2(γ − 1)(1− ω1))), when γ > 0.5.

See Appendix G.3 for proof.
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2.4 The Limiting Stochastic Process

In the prior discussion we used discrete number of fundamentals M , as a consequence

the feasible set of research efforts was discrete as well—we relied on ωiM being a Natural

number. In this section we generalize our discussion and derive the limiting stochastic

process that describes the structure of information and rationalizes any real value for

agent’s research effort ωi ∈ [0, 1].

Definition 2.3. Suppose that the unit interval V = [0, 1] describes the universe of informa

tion available for agents to do research. Agents have acquired access to information sets

Si ∈ V via research effort ωi = µ(Si) ∈ (0, 1]. Let W (t) be Brownian motion. Then the

informative signal agents obtain is defined as:

si =

∫
Si

dX(t), where: (47)

dX(t) =
ρ

(1− ρ) + ρt
X(t)× dt+

√
Σ0(1− ρ)× dW (t). (48)

The SDE in equation 48 describes random process X(t) that we use to capture the

information structure in our model. Using the continuous version of the signal, we can

define overlaps scenarios as related to the measure of intersection of agents’ information

sets. When there are two agents with information sets Si ∈ V and research efforts ωi =

µ(Si) ∈ (0, 1] and µ(S2) ≤ µ(S1), we have:

1. Nonoverlapping research is defined as: µ(S1 ∩ S2) = 0,

2. Perfectlyoverlapping research is defined as: µ(S1 ∩ S2) = ω2,

3. Independentlyoverlapping research is defined as: µ(S1 ∩ S2) = ω1ω2.

The following proposition establishes equivalence between the discrete and continuous

versions of informative signals defined above. The continous definition in equation (47)

is more general in the sense that it does not rely on ωiM being an integer number. It

justifies the jointly Normal distribution of signals and the true asset value v with the same

covariance matrix as provided by the discrete version in propositions 2.1 and 2.2.
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Proposition 2.5. The discrete version of an informative signal defined in equation (41) is

equivalent to the continuous version defined in equation (47) in terms of its distributional

properties V ar(si), Cov(si, sj), and Cov(si, v), whenever discrete version is welldefined.

See Appendix G.4 for proof.

3 Trading Environment

We study the aforementioned research technologies within a strategic trading environment

based on Kyle [1985]. The model that follows is used to demonstrate the key results of

this paper, however the generalized learning technologies with overlaps discussed above

can be used in alternative economic settings and models featuring uncertainty.

To simplify the exposition we use oneperiod trading model with a single asset traded

and two competing agents with access to costly information acquisition. There is a mass

of uninformed liquidity traders with no such access and a competitive marketmaker in

termediating the trades. We assume preferences of all agents exhibit riskneutrality. The

asset has common liquidation value v ∼ N(v0,Σ0). Prior to trading each of the two agents

learns a private signal—a realization of random variable si, which is correlated with v

and another agent’s signal sj.19 Upon observing the signals, each agent submits mar

ket order xi = Xi(si) to the marketmaker, where Xi(·) is a measurable function of si.

Liquidity traders’ aggregate order flow is u ∼ N(0, σ2
u) and is independent of all other

random variables in the model. The marketmaker accommodates excessive order flow

Σx + u =
∑2

i=1 xi + u and sets the price p = P (Σx + u), where P (·) is a measurable func

tion of total order flow Σx + u. Expected trading profits for each of the two agents are

E(πi|si) = E((v−p)xi|si) = EΠi(Xi, Xj , P ). Profit of one agent depends on the other agent’s

strategy through the total order flow and price. Below we define the trading equilibrium.

Definition 3.1. A trading equilibrium is a set of functions X1, X2, P that satisfies two

conditions: (49) Profit Maximization: For any trader ∀i ∈ {1, 2}, any alternative trading

strategy X ′ and any realization of ith signal si (the opponent’s trading strategy is denoted

19The joint distribution of v and traders’ signals si will be determined by the particular learning technology.
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by X−i) does not yield higher expected trading profit; and (50) Market Efficiency: Function

P satisfies the fairpricing condition:20

EΠi(Xi, X−i, P ) ≥ EΠi(X
′, X−i, P ) ∀i ∈ {1, 2} , (49)

P (Σx+ u) = E(v|Σx+ u) . (50)

We assume the vector of true value and informative signals (v, s1, s2)
T is jointly

Normally distributed and we restrict our attention to linear pricing rule P (Σx + u) and

linear trading strategies Xi(si). The resulting linear trading equilibrium exists and is de

scribed in the following Proposition. We use the αi notation for the amount of information

each informed agent has: We measure informational content of a signal with the relative

reduction in conditional variance of true asset value v after this signal is observed:

αi =
Σ0 − V ar(v|si)

Σ0
∈ [0, 1]. (51)

Proposition 3.1. Let ρ12 denote the correlation between the signals s1 and s2 two informed

agents obtain. There exists a unique linear trading equilibrium defined by Xi = (βi/λ)si

for each i ∈ {1, 2} and P = λ(Σx+ u) where constants βi and λ are:

βi =

√
Σ0

V ar(si)
×
(
2
√
αi − ρ12

√
αj

)
4− (ρ12)2

, (52)

λ =

√
Σ0

σ2
u

×

√(
2
√
α1 − ρ12

√
α2

)2
+
(
2
√
α2 − ρ12

√
α1

)2
4− (ρ12)2

. (53)

See Appendix H.1 for proof.

3.1 Endogenous Research Efforts

A research technology featuring a particular overlaps scenario determines distributional

properties of informed agents’ signals. For any chosen research efforts of informed agents

a unique linear trading equilibrium will arise according to Proposition 3.1. In this section

20The market efficiency condition is implied by the competition for marketmaking business that drives
expected profits to zero.
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we assume that both agents choose their research efforts ωi ∈ [0, 1] simultaneously in the

beginning of the trading game and then learn realizations of their signals si. We need to

evaluate incentives of each informed agent to stay in a given trading equilibrium, and know

what happens to the trading profit when any agent makes an unobserved deviation and

obtains signal with different properties. We assume that such deviations are unobservable

to all other market participants.

Definition 3.2. Denote by Ψω = Ψ(ω1, ω2) the covariance matrix of signals s1(ω1), s2(ω2),

and the true value v. Denote by (Xω
1 , X

ω
2 , P

ω) the unique linear trading equilibrium for Ψω.

Research intensities (ω1, ω2) constitute a Nash equilibrium of the game if ∀ω̂ ∈ [0, 1] and

∀i ∈ {1, 2} the following condition holds:

maxXi

[
EΠi(Xi, X

ω
−i, P

ω)|si(ω̂)
]
− c(ω̂) ≤ (54)

≤ EΠi(X
ω
i , X

ω
−i, P

ω|si(ωi))− c(ωi).

Condition 54 highlights two important points: 1) when one informed agent chooses an

offequilibrium research effort ω̂, all other market participants do not observe that move;

2) the deviating agent is able to reoptimize its trading strategy Xi given the new properties

of the obtained signal si(ω̂). In the following lemma we derive the reoptimized trading

strategy for deviating agent and the associated expected profits.

Lemma 3.1. Suppose informed agent i enters the trading game with an arbitrary signal

snewi . The opponent and the marketmaker do not observe the quality of the new signal,

instead they follow a given trading equilibrium for some covariance matrix Ψ (their belief

about si may no longer be consistent with the true properties of snewi ). Under these circum

stances, given β−i and λ determined according to Proposition 3.1, agent i’s optimal trading

strategy is Xnew
i = (βnew

i /λ)snewi where:

βnew
i =

1

2
√

V ar(snewi )

(√
Σ0 × αnew

1 − ρnew12 ×
√

V ar(s−i)× β−i

)
, (55)

E(πnew
i ) =

1

4λ

(√
Σ0 × αnew

1 − ρnew12 ×
√

V ar(s−i)× β−i

)2
. (56)
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See Appendix H.2 for proof.

Now we present our results on existence and uniqueness of Nash equilibria under

different overlaps scenarios. For convenience of our analysis we impose restriction on the

cost function TC(ω) so that a single informed agent active on the market never finds it

optimal to acquire the entire information set, corresponding to ω = 1. We refer to such

condition as singleagentinterior condition.

SingleAgentInterior Condition. In a model with a single informed agent and a given

research technology characterized by overlaps scenario γ ∈ [0, 1] and weakly convex cost

function TC(ω) the agent’s optimal research effort is in the interior of the feasible set:

ω1 ∈ (0, 1). This is ensured by the following restriction on the cost function:

dTC

dω
(ω = 1) >

(1− ρ)
√

Σ0 × σ2
u

2
. (57)

We study interior equilibria with ω1, ω2 ∈ (0, 1) as well as corner equilibria with ω1 >

ω2 = 0. Without loss of generality we assume ω1 ≥ ω2. All informed agents has access to the

same research technology and research is equally costly to agents. Note that our results

rely on the assumption that all bits of information (fundamentals) are constructed to be

identically distributed and equally costly to reveal, as discussed in section 2.2. Under

this assumption we establish the result that asymmetric interior Nash equilibria do not

exist when research technology is characterized by low degree of overlaps across agents

(γ ≤ 1/2). An alternative case may occur when some fundamentals are cheaper to acquire

than others, while the informational content of all of them is the same. In this case

asymmetric interior equilibria are more likely to exist, however we do not include formal

analysis of these cases in this paper.

Lemma 3.2. Under a research technology characterized by low degree of overlaps γ ≤ 1/2

and linear trading and pricing rules, if for some linear cost function TC(ωi) an interior

Nash equilibrium exists with ωi ∈ (0, 1),∀i ∈ {1, 2}, and γ ̸= ρ
2(1−ρ) , then this equilibrium is

symmetric so that ω1 = ω2.

See Appendix H.3 for proof.
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We are also interested in corner Nash equilibria, where one of the two agents willfully

decides not to participate neither in research nor trading. We refer to these occurrences as

endogenouslygenerated barrierstoentry (however, we work with a simultaneousmove

game). The next lemma locates corner equilibria in our model.

Lemma 3.3. Assume a linear cost function TC(ωi) that satisfies singleagentinterior con

dition and in a model with one informed agent the optimal research effort is ω∗ ∈ (0, 1).

Under a research technology characterized by degree of overlaps γ and linear trading and

pricing rules, there exists a corner Nash equilibrium with ω1 = ω∗, ω2 = 0 if and only if the

following holds:

ρ ≤ 2γ

1 + 2γ
, when γ ≤ 1/2, (58)

ρ ≤ (2− 2γ)ω∗ + 2γ − 1

(3− 2γ)ω∗ + 2γ − 1
, when γ > 1/2. (59)

See Appendix H.4 for proof.

It should be noted that condition 59 depends on singlefirm equilibrium research effort

ω∗. The intuition behind this is most apparent when we consider perfectlyoverlapping

research technology γ = 1. The less advanced agent performs catchup research as long

as his research effort is less than of the competitor. The more advanced is the leading

researcher, the longer the path to unique bits of information for the less advanced one.

This idea is captured when we formalize research technologies for γ > 1/2 by taking linear

interpolation in proposition 2.4.

The following proposition completes the set of results on existence and uniqueness of

Nash equilibria in our setting. It turns out that our specification of research technologies

with high degree of overlaps (γ > 1/2) in Proposition 2.4 rules out existence of symmetric

Nash equilibria. To simplify our analysis of asymmetric Nash equilibria that occur when

γ > 1/2, in this paper we restrict our attention to the extreme perfectlyoverlapping

scenario characterized by γ = 1. This case is at the end of the spectrum of possible

overlap scenarios, under which all informed agents perform research of fundamentals in

the same sequence, resulting is the highest possible correlation in the informative signals
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they obtain.

Proposition 3.2. Assume that a linear cost function TC(ωi) satisfies singleagentinterior

condition. Under a research technology characterized by degree of overlaps γ and linear

trading and pricing rules: 1) In the class of interior Nash equilibria with ωi ∈ (0, 1),∀i ∈

{1, 2} there exists a unique such Nash equilibrium when γ ≤ 1/2 that is symmetric: ω1 =

ω2 ∈ (0, 1). 2) There exists a unique asymmetric Nash equilibrium when γ = 1.

See Appendix H.5 for proof.

Figures 13 and 14 demonstrate optimal choices of research efforts ω and resulting

proportional reduction in posterior variance of v, referred to by α. We refer to α as

informational content in agents’ signals, while ω is needed primarily to measure physical

cost of doing research and acquisition of bits of information and fundamentals. Each of the

figures has two panels: Left panel corresponds to relatively low marginal cost of research,

such that a single agent would have optimally acquired all bits of information (results in

no more uncertainty about v); right panel corresponds to relatively high marginal costs of

research, such that a single agent would have reduced posterior variance of v only by half.

In our model parameter ρ ∈ (0, 1) relates to correlation between bits of information

(fundamentals) and affects marginal (informational) returns to a dollar spent on research.

We assume that the total cost of doing research is linear in the proportion of bits of infor

mation revealed by agent. Higher values of ρ mean that the first few bits of information

provide some partial information about the remaining bits that were not yet acquired.

This creates diminishing returns to a dollar spent on research—because partly the newly

acquired bits information were already predicted by the bits acquired before, through cor

relation. It turns out the magnitude of this correlation has important consequences for the

resulting Nash equilibria.
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Figure 13: Optimal Choices of Research Efforts ωi and Signal Informativeness αi (γ ≤ 1/2)
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The figures illustrate how more severe overlaps reduce incentives to acquire informa

tion in equilibrium. Also, the perfectlyoverlapping research presented in figure 14 below

is especially interesting, because for a wide set of model parameters there are endogenous

barriers to entry created for the second informed agent. When ρα1 ≤ 1/2 the second agent

optimally decides to stay away from doing research and trading (see appendix H.5 for

details).

Figure 14: Optimal Choices of Research Efforts ωi and Signal Informativeness αi (γ = 1)
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3.2 Submodularity of Research Efforts

The strategic trading model with multiple informed traders who choose optimally their

research efforts can be shown to represent a submodular game, in which information

acquisition efforts are strategic substitutes. The type of competition across traders is

similar to a Cournot competition between firms choosing quantities, which is another

typical example of a submodular game, though there are important differences.

In the baseline case of the model, there are three strategic players: Two traders,

who are choosing informativeness of their private signals αi, and a marketmaker, who is

choosing demand sensitivity parameter λ (the marketmaker’s zero profit condition can be

cast as a leastsquares prediction problem, see Bernhardt and Taub [2008]). In case of low

degree of overlaps γ < 1/2, marginal benefit of one trader’s information acquisition effort

is proportional to:

∂Eπ1(α1, α2, β2, λ)

∂α1
=

Σ0(1− (2γ(1− ρ) + ρ)A(α1, α2))
2

4λ
,

where: A(α1, α2) =
√
α2β2

√
V ar(s2).

Using our results in Proposition 3.1 it follows that the incentives of the first trader

to acquire information are decreasing in the function A(α1, α2), while this function is in

creasing in the informativeness of the other trader’s private signal α2. Thus, for any

fixed strategy λ of the market maker, information acquisition efforts of the two traders

are strategic substitutes: A more informative signal of one trader reduces the incentive

to acquire information for the other trader. The equation above demonstrates that both

trader’s incentives to acquire information depend negatively on the marketmaker’s strat

egy λ: More sensitive price response to the total order flow reduces incentives to acquire

private information.

In the following section we present our analysis of competition between informed agents

and its effects on equilibrium price informativeness, market depth, price and volume

volatilities.
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4 Analysis

There are two forces that drive competition between informed agents and jointly determine

equilibrium trading outcomes (such as priceinformativeness, market depth, price and vol

ume volatilities). The first force is trading aggressiveness of agents—their optimal choices

of trading strategies given the information they possess feed back into marketmaker’s

pricing and information revelation through price movements. It can be demonstrated that

two informed agents having identically distributed signals s1 and s2 reveal more informa

tion through price movement compared to a single agent having the same total amount

of information and a signal s3 : V (v|s3) = V (v|s1, s2). The second force is competition in

information acquisition among informed agents that determines their informational endow

ments prior to trading. The more informed agents compete on the same market, the lower

are trading profits and so are incentives to acquire accurate information in the first place.

This second force can counterbalance the trading aggressiveness effect and reduce the

total amount of information revealed by price movements. Severity of overlaps in agents’

information sets play important role in relative strengths of the two forces described above.

More severe overlaps increase correlation in agents’ signals and reduce the total amount

of information agents possess. We present equilibrium trading outcomes under different

overlaps scenarios in the following analysis.

It is important to understand first how a model with a single informed agent works in

the context of our study. When there is a single informed agent on the market, trading

equilibrium is characterized by β1 =
√
Σ0

√
α1

2
√

V ar(si)
and λ =

√
Σ0

√
α1

2
√

σ2
u

. The equilibrium trading

strategy (market order) of informed agent is (β1/λ)s1 = σu
s1√

V ar(s1)
and its variance does not

depend on agent’s informativeness of signal α1 (recall it is equal to proportional reduction

in conditional variance of true asset value v upon observing signal s1). In equilibrium the

informed agent scales the signal so that the variance of the market order is equal to the

variance of liquidity traders’ total order flow u (consistent with Kyle [1985] and Dierker

[2006]). The two observations to take away are: 1) When there is a single informed agent

on the market, no matter what its research effort is, it masks its trades behind liquidity

traders by issuing an uncorrelated market order of the same variance; 2) The competitive
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market maker sets its pricing rule so that in the equilibrium the more information informed

agent has, the higher pricing response to aggregate order flow is.

Throughout our analysis we consider two scenarios for the marginal cost of doing

research (recall that in our model we assume linear total cost function in ω, the proportion

of informative bits acquired). Under the first scenario the level of marginal cost is set

so that a single informed agent on the market would always find it optimal to have full

amount of information α = 1, that is to know the true asset value v. Under the second

scenario a single informed agent finds it optimal to reduce posterior variance of true value

v by half, that is acquire bits of information until α = 0.5. These two scenarios serve as

a benchmark for our study how particular outcome is affected when two informed agents

compete.

The assumption that the total cost function is linear in the proportion of informative

bits acquired by agents ωi does not preclude diminishing returns to a dollar spent on

research. Positive correlation of identically distributed informative bits captured in our

parameter ρ create diminishing returns, and by changing ρ we can adjust the magnitude

of this effect. Throughout our analysis we consider several alternative values of ρ.

4.1 Analysis of Price Informativeness

Once the trading period is over, an outside observer can learn information about asset

value by observing prices at which transactions with marketmaker took place (or total

trading volume, which is informationally equivalent in the model). The informativeness

of prices can be measured by relative reduction in conditional variance of the true asset

value v. We denote this measure by L:

L =
Σ0 − V ar(v|Σx+ u)

Σ0
∈ [0, 1]. (60)

When there is a single informed agent on the market, the equilibrium price informa

tiveness is L = Σ0−V ar(v|Σx+u)
Σ0

= α1
2 . Consistent with Kyle [1985] exactly half of insider’s

information gets revealed to the general public through price movements. The following
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lemma presents L for the model with two informed agents.

Lemma 4.1. In the trading equilibrium outlined in Proposition 3.1 the equilibrium price

informativeness is:

L =
2(α1 + α2)− ρ12

√
α1

√
α2

4− (ρ12)2
. (61)

It is ambiguous how price informativeness is affected when there is an additional in

formed agent on the market. When α1 and α2 are sufficiently close to each other, price

informativeness in Lemma 4.1 depends positively on the amount of information agents

have and depends negatively on correlation of signals ρ12. We need to evaluate how much

more or less information agents acquire in a more competitive setting under a particu

lar overlaps scenario. To answer this question we compare the twoagent trading model

described above to a singleagent benchmark. As it follows from our results in section

3.1 the two sets of possible overlaps scenarios—relatively low overlaps with γ ≤ 1/2 and

relatively high overlaps with γ > 1/2 —must be considered separately given the way we

specify correlation in agents’ signals in Proposition 2.4.

Figure 15: Effect of Overlaps on Price Informativeness L (γ ≤ 1/2)
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Figure 15 shows effect of overlaps on price informativeness when γ ≤ 1/2: The left

panel corresponds to relatively low cost of doing research (so that a single informed agent

prefers to acquire the entire truth), the right panel corresponds to relatively high cost

of research (single informed agent acquires a signal that drops posterior variance of true
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value by half). It should be noted that for the relatively low level of marginal cost, some

values of γ are not feasible—this happens when two informed agents in total tend to acquire

more than 100% of bits of information (e.g. two agents cannot acquire 60% of bits each

and not overlap)—we do not show corresponding part of the curve for these values. Also

note that this does not happen for relatively high marginal costs the way we define it.

The general result we observe is that when bits of information are not highly correlated

and the degree of diminishing returns in doing research is small (small values of ρ), high

degree of overlaps results in lower equilibrium price informativeness when two informed

agents compete (the curve is below the dashed line, which is the single agent benchmark).

Low correlation in fundamentals make research a harder task—more fundamentals need

to be revealed at cost to reduce posterior variance of true value v by the same amount.

Figure 16 presents similar analysis for the perfectlyoverlapping research (γ = 1 case).

Figure 16: Effect of Overlaps on Price Informativeness L (γ = 1)
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The finding there is that for relatively low values of ρ the second informed agent does

not acquire any information whatsoever, while on the right panel corresponding to rela

tively high marginal costs of research this happens for all values of ρ. However, whenever

ρ is high and there is potential scope for entry by the second informed agent, the price

informativeness increases in equilibrium.
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4.2 Analysis of Market Depth

Market depth is the inverse of price sensitivity to the total order flow. We denote this

measure by M. On a deeper market larger trades can be executed without affecting the

equilibrium price too much. Market depth is especially important for large institutional

traders with big orders and arbitrage seekers (in the context of our model—informed

agents).

When there is a single informed agent on the market, in equilibrium market depth is

inversely proportional to the amount of information in agent’s signal α1: (1/λ) = 2σu√
Σ0

√
α1

.

In the trading equilibrium outlined in Proposition 3.1 the equilibrium market depth is

equal to 1/λ:

M =
1

λ
=

√
σ2
u

Σ0
× 4− (ρ12)

2√(
2
√
α1 − ρ12

√
α2

)2
+
(
2
√
α2 − ρ12

√
α1

)2 . (62)

Figure 17: Effect of Overlaps on Market Depth M (γ ≤ 1/2)
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Figure 17 presents the effect of overlaps on market depth when γ ≤ 1/2. In general we

observe market depth increasing with the degree of overlaps in agent’s information sets.

This finding is intuitive: More overlaps increase correlation in agents’ signals and make

their orders more correlated with each other. This in turn reduces degree of adverse se
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lection market maker faces and allows a deeper market to be made. Our analysis confirms

this intuition for the Nash equilibrium we find.

Figure 18 presents similar analysis for the perfectlyoverlapping research γ = 1.

Figure 18: Effect of Overlaps on Market Depth M (γ = 1)
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4.3 Remarks on Volatility of Prices and Total Order Flow

We refer to variance of the equilibrium price level V ar(p) as the volatility of prices. When

there is a single informed agent on the market, it is equal to: V ar(p) = Σ0α1
2 .

It turns out that in the trading model we consider the price informativeness measure

in equilibrium scaled by the variance of true value v is always equal to the volatility of

price level. This is captured by the following Lemma:

Lemma 4.2. In the trading equilibrium outlined in Proposition 3.1 the equilibrium volatility

of prices is equal to the product of equilibrium price informativeness and ex ante volatility

of true asset value v:

V ar(p) = Σ0 − V ar(v|Σx+ u) = Σ0 × L. (63)

Proof.

Σ0 − V ar(v|Σx+ u) =
Cov(v,Σx+ u)2

V ar(Σx+ u)
=

(
Cov(v,Σx+ u)

V ar(Σx+ u)

)2

× V ar(Σx+ u) = (λ2)× V ar(Σx+ u).
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So all our results about price informativeness in section 4.1 apply to volatility of prices

as well.

The total order flow volatility is defined as V ar(Σx + u). The single agent benchmark

for the total order flow volatility is 2σ2
u.

Lemma 4.3. In the trading equilibrium outlined in Proposition 3.1 the equilibrium volatility

of total order flow is:

V ar(Σx+ u) = σ2
u × (4− (ρ12)

2)×
2((α1 + α2)− ρ12(

√
α1

√
α2))

(2(
√
α1)− ρ12(

√
α2))2 + (2(

√
α2)− ρ12(

√
α1))2

. (64)

Figure 19 presents the effect of overlaps on total order flow volatility when γ ≤ 1/2.

On the yaxis we plot the ratio of V ar(Σx + u) and the liquidity trade variance σ2
u, for

convenience of exposition. More severe overlaps increase similarity of agents’ signals and

the market orders they submit. It can be observed that in equilibrium the total order

flow volatility generally increases with overlaps. It reflects all of the following: 1) Optimal

information acquisition choices by agents; 2) competitive market order submission; 3)

correlation in market orders that amplifies volatility of total order flow.

Figure 19: Effect of Overlaps on Total Order Flow Volatility V ar(Σx+ u) (γ ≤ 1/2)
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Figure 20 below presents similar analysis for perfectlyoverlapping case when γ = 1.

Note the entry deterrencetype of effect on the right panel of the figure—Nash equilibrium

has no scope for the second informed agent to do research.
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Figure 20: Effect of Overlaps on Total Order Flow Volatility V ar(Σx+ u) (γ = 1)
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4.4 More Informed Agents in the Model

In this section we present our results for a trading model with N informed agents and

symmetric equilibrium research efforts—under various overlaps scenarios. The underlying

exercise we present in the current version of the draft is to solve a symmetric Nash

equilibrium of a model with N = 50 informed agents and then compare it to the equilibrium

with one additional informed agent (N = 51).

Figure 21 presents the marginal effect of an additional 51th informed agent on equi

librium price informativeness under different overlaps scenarios. Since in this section we

study symmetric equilibria only, we limit our attention to γ ≤ 1/2—other values of γ do not

sustain symmetric equilibria. The figure presents the difference in price informativeness

levels due to an extra informed agent. We observe that our finding in section 4.1 is robust

when we add more informed agents to the model. Note that the left panel of the figure

present very limited segments of the plot—with more and more firms very low levels of

overlaps γ become infeasible, due to more than 100% of bits of information being acquired

by agents.
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Figure 21: Effect of Overlaps on Marginal Change in Price Informativeness L when N = 50
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Figures 22 and 23 demonstrate similar analysis of market depth and total order flow

volatility. It follows that our previous findings are robust as well. Additional informed

agent generally increases market depth and total order flow volatility in the equilibrium.

Figure 22: Effect of Overlaps on Marginal Change in Market Depth M when N = 50
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Figure 23: Effect of Overlaps on Marginal Change in Order Flow Volatility Ratio when

N = 50
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5 Conclusion

In this paper, we developed a framework to model multiagent information acquisition

with different scenarios of overlaps in agents’ information sets. The framework nests the

approach developed by Verrecchia [1982] in which agents make uncorrelated forecast er

rors as a special case and provides an alternative interpretation for it. The idea is to split

the random variable that captures uncertainty about asset payoff into a number of iden

tically distributed bits of information, or fundamentals, and then allow informed agents

to reveal a fraction of these bits proportional to their research efforts. In the case when

asset payoff is Normally distributed, we use the infinitedivisibility property of Normally

distributed random variables and derive the limiting case when the number of bits in
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the split is infinite. The information structure is assumed to be smooth and infinitely

divisible in identically distributed random variables, and agents can adjust their optimal

research efforts by any small increments in a continuous fashion. Any two agents could

either do research on distinct sources of information, in which case their signals would be

correlated only through correlation in fundamentals. Alternatively, agents’ signals could

be highly similar when there is a significant overlap in the informative sources they study.

These overlap scenarios together with possible intermediate cases are formalized in this

paper: We characterize a mapping between agents’ research efforts and the distributional

properties of their informative signals under various different scenarios of overlaps.

Then we apply the developed methodology to a strategic trading model and study how

competition between agents optimally choosing their research efforts and trading strate

gies affects equilibrium market outcomes, such as informativeness of asset prices, market

depth, price and order flow volatilities. It is known in the literature that competition

between informed agents generally enhances price informativeness and accuracy because

more private information is revealed through informed agents’ trading strategies. At the

same time the competition reduces profitability of trading and creates incentives to acquire

less precise information. Our model allows us to disentangle these effects and compare

their relative strengths.
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Appendices

G Information Structure and Research Technologies

G.1 Proposition 2.1

Proof. Equation (40) together with the V ar(v) = Σ0 implies:

MV ar(ei) +M(M − 1)Cov(ei, ej) = Σ0,

V ar(ei) = (1/M)(Σ0 −M(M − 1)Cov(ei, ej)). (65)

Now use definition of a signal (41) together with the above equation (65) to calculate V ar(si) and
Cov(si, v):

V ar(si) = ωΣ0 − ω(1− ω)M2Cov(ei, ej), (66)

Cov(si, v) = V ar(si) + ωM(M − ωM)Cov(ei, ej) = ωΣ0. (67)

Equation (67) is the result we need. In order to simplify equation (66) we note that V ar(si) must
not depend on M according to the infinitedivisibility condition presented in Section ??. Thus as
M increases, covariance of information bits ei and ej must decay at the rate M2, in other words
Cov(ei, ej) = const/M2. We use the following normalization: ρ = Cov(ei, ej)×M2/Σ0. Plugging this
expression in equation (66) obtains the result.

G.2 Proposition 2.2

Proof. We assume the infinitedivisibility condition holds and use the following normalization:
ρ = Cov(ei, ej)×M2/Σ0. There are two informed agents doing research, ω1 ≥ ω2, and assume both
ω1M and ω2M are Natural numbers. For nonoverlapping research there are no common bits of
information reflected in both traders’ signals, thus:

Cov(s1, s2) = (ω1M)(ω2M)Cov(ei, ej) = Σ0 × ρ× ω1ω2. (68)

For perfectlyoverlapping research we can rewrite the signal first agent obtains as:

s1 = s2 +

(ω1−ω2)M∑
j=1

ej .

And thus we have:

Cov(s1, s2) = V ar(s2) + (ω2M)(ω1M − ω2M)Cov(ei, ej).

Using the first equation in (2.1) to substitute for V ar(s2) we obtain the result:

Cov(s1, s2) = Σ0 × ω2 × (1− (1− ω1)ρ). (69)

To derive the expression for randomlyoverlapping research let ωM bits of information constitute
the overlap of the two signals, ω ≤ ω2. Similarly to perfectlyoverlapping case, we can rewrite
agents’ signals as the sum of overlapping and nonoverlapping parts, where ωM is the size of the
overlapping part. We denote the overlapping part of both signals by s. Holding ω fixed we express
Cov(si, sj) in terms of ω:

Cov(s1, s2|ω) = V ar(s) + (ω(ω1 − ω) + ω(ω2 − ω) + (ω1 − ω)(ω2 − ω))M2Cov(ei, ej).
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The above expression simplifies to:

Cov(s1, s2|ω) = ωΣ0(1− ρ) + ω1ω2Σ0ρ. (70)

When each agent makes independent random draws of size ωiM , the expected size of overlap is
E(ω) = ω1ω2. Imagine agent 1 moves first and selects ω1M bits of information, and assume all
numbers are Natural in the following discussion. Then agent 2 draws randomly ω2M bits without
replacement, thus the number of bits drawn by both agents follows hypergeometric distribution
with parameters N = N,m = ω1N,n = ω2M . The expected value of hypergeometric distribution is
mn/N , which is equal to ω1ω2N in our case. Thus the unconditional covariance of signals is:

Cov(s1, s2) = E(ω)Σ0(1− ρ) + ω1ω2Σ0ρ = Σ0 × ω1ω2. (71)

G.3 Proposition 2.4

Proof. Use equation (70) expressing covariance of the two signals in terms of the size of overlap
(from the proof of proposition 2.2):

Cov(s1, s2|ω) = ωΣ0(1− ρ) + ω1ω2Σ0ρ.

It follows from the definition of the three research technologies that the corresponding sizes of
overlap under the three scenarios are:

1. Nonoverlapping research (γ = 0): ω = 0,

2. Independentlyoverlapping research (γ = 1/2): ω = ω1ω2,

3. Perfectlyoverlapping research (γ = 1): ω = min(ω1, ω2).

We take linear interpolations for intermediate overlap scenarios in the following way:

ω =

{
2γ × ω1ω2, when 0 ≤ γ ≤ 0.5
2(1− γ)ω1ω2 + (2γ − 1)min(ω1, ω2), when 0.5 < γ ≤ 1

.

Without loss of generality we assume ω1 ≥ ω2. Plugging in expression for ω in the above equation
obtains the result.

G.4 Proposition 2.5

Proof. It is straightforward to show that results in propositions 2.1 and 2.2 go through with the
continuous definition of a signal given the process Xt satisfies the given SDE (48). Here we will
present the derivation of this SDE for Xt by starting with the discrete version of a signal and
taking the limiting case as the number of fundamentals goes to infinity M → ∞.

Start with M identical and independent jointlyNormally distributed random innovations, de
note by a vector uM . Let vector eM denote M identical jointlyNormal random variables with a
given covariance matrix ΨM (all elements of eM are identically distributed, thus all offdiagonal el
ements of ΨM are the same). Denote by V are = V ar(ei) and Cove = Cov(ei, ej). Vector eM captures
all bits of information or fundamentals available to an informed agent. As a first step, we express
a generic element ei of vector eM as a function of previous elements e1, · · · , ei−1 and innovation
ui. Then we take the limit of this expression as M → ∞ to obtain an SDE for a continuous time
stochastic process that we refer to as Xt. Let Im denote an m×m identity matrix, and Jm denote
m× 1 vector of ones:

eM = Ψ
1/2
M × uM , (72)

ΨM = (V are − Cove)× IM + Cove × JMJT
M .
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We can use Cholesky decomposition and rewrite ΨM as (there exist a vector F and number E so
that the following holds):

ΨM =

[
ΨM−1 Cove × JM−1

Cove × JT
M−1 V are

]
=

[
Ψ

1/2
M−1 0
FT E

]
×
[

(Ψ
1/2
M−1)

T F
0 E

]
,

where:

F = Cove × (Ψ
1/2
M−1)

−1 × JM−1,

E =
√
V are − Cov2e × JT

M−1Ψ
−1
M−1JM−1. (73)

Combining equations 72 and 73 we obtain:( −→e i−1

ei

)
=

[
Ψ

1/2
i−1 0

Cove × JT
i−1Ψ

−1
i−1Ψ

1/2
i−1

√
V are − Cov2e × JT

i−1Ψ
−1
i−1Ji−1

]
×
( −→u i−1

ui

)
,

ei = Cove × JT
i−1Ψ

−1
i−1 ×

−→e i−1 + ui

√
V are − Cov2e × JT

i−1Ψ
−1
i−1Ji−1.

The last equation can be simplified by noting that:

Ψ−1
i−1 =

1

(V are − Cove)
× Ii−1 −

Cove
(V are − Cove)(V are + Cove(i− 2))

Ji−1J
T
i−1,

JT
i−1Ψ

−1
i−1 =

1

(V are − Cove)
× JT

i−1 −
Cove(i− 1)

(V are − Cove)(V are + Cove(i− 2))
JT
i−1,

=
1

V are + Cove(i− 2)
JT
i−1.

We obtain the following result:

ei =
Cove

V are + Cove(i− 2)
JT
i−1 ×

−→e i−1 + ui

√
V are −

Cov2e(i− 1)

V are + Cove(i− 2)
.

We use infinitedivisibility condition and substitute the covariance terms with Cove = Σ0ρ/M
2.

We also use equation (65) from the proof of proposition 2.1 to substitute the variance terms with
V are = (1/M)(Σ0 −M(M − 1)Cove) = (Σ0/M)(1− ρ(M − 1)/M):

ei =
ρ

(1− ρ) + ρ(i− 1)/M

(
JT
i−1 ×

−→e i−1

M

)
+

(
ui√
M

)√
Σ0(1− ρ) +

Σ0ρ(1− ρ)

M(1− ρ) + ρ(i− 1)
.

Now we let i = t × M for some t ∈ (0, 1), limM→∞ 1/M = dt, and limM→∞(JT
i−1 × −→e i−1) = X(t).

Taking the limit as M → ∞ we obtain the following SDE for X(t):

dX(t) =
ρ

(1− ρ) + ρt
X(t)× dt+

√
Σ0(1− ρ)× dW (t).
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H Trading Environment

H.1 Proposition 3.1

Proof. Conjecture linear trading strategies Xi = (βi/λ)si for the two agents and linear pricing rule
of the form P = λ(Σx+ u). Start with the profit maximization condition (49):

max
Xi

{EΠi(Xi, X−i, P )} = max
x

{E((v − λ(x+ (β−i/λ)s−i + u))× x|si = s)} .

We follow the approach of Bernhardt and Taub [2008] and rewrite the ith agent problem as un
conditional maximization with respect to trading intensity βi:

max
x

{E((v − λ(x+ (β−i/λ)s−i + u))× x|si = s)} =

max
β

{
E

[(
v − λ

((
β

λ

)
si +

(
β−i

λ

)
s−i + u

))(
β

λ

)
si

]}
.

Using the jointnormality of signals and the true asset value, plus independence of liquidity trading,
the unconditional problem simplifies to:

max
β

{(
β

λ

)
Cov(si, v)−

(
β2

λ

)
V ar(si)−

(
ββ−i

λ

)
Cov(si, s−i)

}
. (74)

Assuming λ is positive, the secondorder condition for the above maximization is satisfied. Thus,
it is sufficient to consider the system of two firstorder conditions for two informed agents:(

β1

β2

)
=

(
2× V ar(s1) Cov(s1, s2)
Cov(s1, s2) 2× V ar(s2)

)−1(
Cov(s1, v)
Cov(s2, v)

)
.

From the above we obtain the expression (52) for βi presented in the proposition. Note that given
conjectured linear trading and pricing rules the βi are determined uniquely.

Now we use the market efficiency condition (50) to determine λ. Note that if λ is determined
uniquely, the initial trading intensities βi/λ will be unique. Under the conjectured linear trading
strategies the total order flow is:

Σx+ u = (β1/λ)s1 + (β2/λ)s2 + u.

and is jointly normally distributed with v. This implies linearity of pricing rule and the following
result (market efficiency condition (50) represents a linear regression of v on Σx+ u):

λ =
Cov(v,Σx+ u)

V ar(Σx+ u)
=

(β1/λ)Cov(s1, v) + (β2/λ)Cov(s2, v)

(β1/λ)2V ar(s1) + (β2/λ)2V ar(s2) + 2(β1/λ)(β2/λ)Cov(s1, s2) + σ2
u

,

(λσu)
2 =

2∑
i=1

βi(Cov(si, v)− βiV ar(si)− β2Cov(si, s−i)).

The first order condition for informed agent’s problem 74 implies:

Cov(si, v)− βiV ar(si)− β2Cov(si, s−i) = V ar(si)βi.

Plugging this result in the above equation and simplifying we obtain expression (53) for λ. The
linear trading equilibrium is unique.
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H.2 Lemma 3.1

Proof. Suppose agenti’s opponent and the marketmaker follow equilibrium strategies β−i and λ
given by Proposition 3.1. Then agenti’s profit maximization problem is:

max
x

{
E

[(
v − λ

(
x+

(
β−i

λ

)
s−i + u

))
× x

∣∣∣∣ snewi

]}
.

Following the approach in Bernhardt and Taub [2008] we rewrite the above as an equivalent un
conditional maximization problem:

max
β

{(
β

λ

)
Cov(snewi , v)−

(
β2

λ

)
V ar(snewi )−

(
ββ−i

λ

)
Cov(snewi , s−i)

}
.

The firstorder condition is sufficient and gives the expression (55) for βnew
i :

βnew
i =

Cov(snewi , v)− β−iCov(snewi , s−i)

2V ar(snewi )
,

=
1

2
√
V ar(snewi )

(√
Σ0 × αnew

1 − ρnew12 ×
√
V ar(s−i)× β−i

)
.

Plugging the solution for βnew
i into the unconditional maximization problem we obtain the expres

sion (56) for expected profit of agent i:

E(πnew
i ) =

1

4λ× V ar(snewi )
(Cov(snewi , v)− Cov(snewi , s−i)× β−i)

2
,

=
1

4λ

(√
Σ0 × αnew

i − ρnew12 ×
√
V ar(s−i)× β−i

)2
.

H.3 Lemma 3.2

Proof. Both agents have access to the same research technology characterized by overlaps parame
ter γ ≤ 1/2 and cost function TC(ω) that is assumed to be linear in ω (all identically distributed bits
of information are equally costly to obtain). In order to show the result we express the expected
trading profits of informed agents in terms of their research efforts ω1 and ω2. We use equation
(56) in Lemma 3.1 to derive the first order optimality condition necessary for a Nash equilibrium:

∀i ∈ {1, 2} :
Σ0(1− ρ)

4λ
×
(
1− (2γ(1− ρ) + ρ)× ωjβj

1− (1− ωi)ρ

)2

=
dTC

dω
(ωi). (75)

The righthand side of the above equation is the marginal cost of information acquisition, which
we assume does not depend on the research effort ω. We equate marginal trading benefits of doing
research for the two agents and plug in the resulting expression equilibrium values of and β1 and
β2 (λ cancels out). We also reexpress the result in terms of α1 and α2 to simplify exposition (there
is a onetoone mapping between research effort ωi and %conditional variance reduction measure
αi):

αi =
ωi

1− (1− ωi)ρ
, (76)

α2 ×
(

2(ρ− 2γ(1− ρ))

4− (2γ(1− ρ) + ρ)2α1α2

)
= α1 ×

(
2(ρ− 2γ(1− ρ))

4− (2γ(1− ρ) + ρ)2α1α2

)
. (77)

The above equation implies α1 = α2 when γ ̸= ρ
2(1−ρ) . It is worth noting that the knifeedge

case γ = ρ
2(1−ρ) results in multiplicity of possible equilibria—for a given linear cost function TC(ω)
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continuum of Nash equilibria exists (one symmetric and continuum of asymmetric for any given
linear cost function satisfying singleagentinterior condition). The marginal trading benefit of
research efforts for each agent in this case is a symmetric function of α1 and α2.

We establish for a game with two informed agents that if an interior Nash equilibrium exists
for γ < 1/2 and γ ̸= ρ

2(1−ρ) , then it is symmetric, that is ω1 = ω2.

H.4 Lemma 3.3

Proof. We prove the lemma by conjecturing existence of a corner equilibrium and then verifying
it is a Nash equilibrium of the game. Without loss of generality suppose ω1 > ω2 = 0 in the corner
equilibrium. We use equation (56) in Lemma 3.1 and express expected trading profits of informed
agents in terms of their research efforts ω1 and ω2. It can be verified that trading equilibrium for a
game with one informed agent is equivalent to a trading equilibrium in a game with two informed
agents when one agent’s research effort is zero. The two cases γ ≤ 1/2 and γ > 1/2 result in the
following expressions for correlation of two signals ρ12:

ρ12 =

{
(2γ(1− ρ) + ρ)

√
α1α2, when 0 ≤ γ ≤ 1/2

(1−2(1−γ)(1−α1))
√
α2√

α1
, when 1/2 < γ ≤ 1,

(78)

where: αi =
ωi

1− (1− ωi)ρ
,∀i ∈ {1, 2}.

Consider the case γ ≤ 1/2 first. The first order optimality condition necessary for a corner Nash
equilibrium is:

Σ0(1− ρ)

4λ
×
(
1− (2γ(1− ρ) + ρ)× ω1β1

1− ρ

)2

≤ dTC

dω
(0) = (79)

=
dTC

dω
(ω1) =

Σ0(1− ρ)

4λ
×
(

1

1− (1− ω1)ρ

)2

.

We plug in the above expression the trading equilibrium values of β1 and λ that correspond to
single firm doing research on the market (Proposition 3.1):

β1 =
1

2

(
1

1− (1− ω∗)ρ

)
,

λ =

√
2Σ0

2σu
×

√
ω∗

1− (1− ω∗)ρ
.

The above condition 79 simplifies to the following expression:(
1

1− (1− ω∗)ρ
+

(ρ− 2γ(1− ρ))× ω∗

2(1− ρ)(1− (1− ω∗)ρ)

)2

≤
(

1

1− (1− ω∗)ρ

)2

.

Using the singleagentinterior condition that implies ω∗ < 1 and also restrictions on model param
eters ρ ∈ [0, 1) and γ ≤ 1/2, the first order condition for the corner equilibrium is satisfied if and
only if:

ρ− 2γ(1− ρ) ≤ 0 ≡ ρ ≤ 2γ

1 + 2γ
.

It remains to check that the necessary first order condition above is sufficient for the corner
Nash equilibrium. We show that the objective functions in agents’ profit maximization problems
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are concave (strategies of other agents held fixed and using equation (75) above):

∂(Eπi − TC(ωi))

∂ωi
=

Σ0(1− ρ)

4λ
×
(
1− (2γ(1− ρ) + ρ)× ωjβj

1− (1− ωi)ρ

)2

− dTC

dω
(ωi),

∂2(Eπi − TC(ωi))

∂ω2
i

= −Σ0(1− ρ)

4λ
×
(
2ρ(1− (2γ(1− ρ) + ρ)× ωjβj)

2

(1− (1− ωi)ρ)3

)
< 0.

This concludes the proof for low degree of overlaps γ ≤ 1/2. Now we repeat similar steps for
γ > 1/2 and use corresponding functional form for the correlation between signals ρ12.

The first order optimality condition necessary for a corner Nash equilibrium when γ > 1/2 is:

Σ0(1− ρ)

4λ
×
(
1− ((2γ − 1)(1− (1− ω1)ρ) + 2(1− γ)ω1)β1

1− ρ

)2

≤ dTC

dω
(0) = (80)

=
dTC

dω
(ω1) =

Σ0(1− ρ)

4λ
×

(
1

1− (1− ω1)ρ

)2

.

The trading equilibrium values of β1 and λ remain unaffected by γ because only one informed
agent does research. The above condition simplifies to:(

(3− 2γ)(1− ρ) + (2γ(1− ρ) + 3ρ− 2)ω∗

2(1− ρ)(1− (1− ω∗)ρ)

)2

≤
(

1

1− (1− ω∗)ρ

)2

,

ρ ≤ (2− 2γ)ω∗ + 2γ − 1

(3− 2γ)ω∗ + 2γ − 1
, when γ > 1/2.

It remains to check the sufficiency of the above condition. The objective function of the single
informed agent doing research on the market is concave:

∂(Eπ1 − TC(ω1))

∂ω1
=

Σ0(1− ρ)

4λ
×
(

1

1− (1− ω1)ρ

)2

− dTC

dω
(ω1),

∂2(Eπ1 − TC(ω1))

∂ω2
1

= −Σ0(1− ρ)

4λ
×
(

2ρ

(1− (1− ω1)ρ)3

)
< 0.

The objective function for the second informed agent that is at the corner consist of two parts:
the catchup part ω2 < ω∗ and leading part ω2 > ω∗. Instead of doing piecewise marginal analysis
we use equation (56) in Lemma 3.1 to show that the total trading profits second informed agents
obtains is strictly less than research costs for any research effort ω2 > 0 when the above condition
holds.

E(πnew
2 ) =

1

4λ

(√
Σ0 × αnew

2 − ρnew12 ×
√
V ar(s1)× β1

)2
≤ TC(ω2). (81)

When one informed agent trades on the market in equilibrium, we use its firstorder condition
to express the relationship between research effort and total variable cost of research for the
second agent in case it decides to deviate from ω2 = 0 (under linear cost assumption and single
agent interior condition):

TC(ω2) =
(1− ρ)Σ0

4λ

(
1

1− (1− ω1)ρ

)2

× ω2.

When the second informed agent exerts lower research effort than ω1, his marginal trading
profit is decreasing in ω2, thus trading profits cannot turn positive at 0 < ω2 < ω1 provided that
marginal trading profit is already below marginal cost at zero. However once ω2 ≥ ω1 there are
potential benefits of doing break through research, and this is the case we analyze below. Plugging
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in corner equilibrium values of λ and β1 in equation (81), taking ω2 ≥ ω1 and simplifying yields an
equivalent inequality:

(2ω2(1− ρ+ ρω1)− ω1((2γ − 1)(1− ρ)(1− ω2) + ω2))
2 < 4ω2

2 × (1− ρ)(1− ρ+ ρω2).

Note that the expression above is quadratic in ρ. When ρ = 0 the expression simplifies to
ω1((2γ − 1)(1 − ω2) + ω2)(4ω2 − ω1((2γ − 1)(1 − ω2) + ω2)) > 0 and is true when ω2 > ω1 and
γ > 1/2. When ρ = 1 the same expression simplifies to ω2

1ω
2
2 > 0. Now if we show that when ρ =

(2−2γ)ω∗+2γ−1
(3−2γ)ω∗+2γ−1 (the threshold in the Lemma) the above expression is negative, our result follows—for

all ρ ∈ [0, (2−2γ)ω∗+2γ−1
(3−2γ)ω∗+2γ−1 ] the needed inequality holds. It turns out that this holds, when ρ is equal

to our threshold, the above expression is negative. It simplifies to:

−4γ2ω1(ω2 − ω1)
2 + 4γ(ω3

1 + 2ω3
2 − ω1ω

2
2(1 + 2ω2))− ω3

1 − 2ω2
1ω2 − 4ω3

2 + ω1ω
2
2(3 + 8ω2) > 0.

The above expression is a concave quadratic polynomial in γ, the relevant range for which is
γ ∈ [0.5, 1]. We use the region of research efforts such that ω2 > ω1. For convenience, let ω2 = νω1,
where ν > 1. Using this reformulation for γ = 0.5 the above simplifies to 4ν3ω4

1 > 0. For γ = 1 it
simplifies to (ν(6 + ν(4ν − 5)) − 1)ω3

1, which is increasing function in ν and positive when ν = 1.
These two facts together with concavity of the polynomial above establish the fact.

This leads us to conclude that the first order condition above is both necessary and sufficient.

H.5 Proposition 3.2

Proof. Firstly, consider research technologies with low degree of overlaps γ ≤ 1/2. Use equation
(56) in Lemma 3.1 to rewrite informed agent’s expected trading profits function E(πi) in terms of
its research effort ωi and take the first order condition of the profit maximization problem (holding
ω−i, λ and β−i constant):

Σ0(1− ρ)

4λ
×
(
1− (2γ(1− ρ) + ρ)× ω−iβ−i

1− (1− ωi)ρ

)2

=
dTC

dω
(ωi).

Using result in Lemma 3.2 that in the class of interior Nash equilibria under γ ≤ 1/2 only sym
metric equilibria can exist, we substitute ωi = ωj = ω in the above equation. Plugging equilibrium
values of λ and βi, the above first order condition simplifies to:

(1− ρ)
√
Σ0 × σ2

u(2(1− ρ) + (2γ(1− ρ) + 3ρ)ω)√
2(2 + 2γ(1− ρ) + ρ)2

√
ω(1− (1− ω)ρ)5/2

=
dTC

dω
(ω).

Our first observation is as ω → 0 the LHS of the above expression limits to +∞. Thus for
any finite marginal cost of doing research ω = 0 is never an equilibrium. When ω = 1 the LHS

simplifies to
(1−ρ)

√
Σ0×σ2

u√
2(2+2γ(1−ρ)+ρ)

<
(1−ρ)

√
Σ0×σ2

u

2 < dTC
dω (ω = 1), the latter implied by the singleagent

interior condition. Thus ω = 1 is never an equilibrium. It remains to show that for any given
constant RHS there is a unique solution for ω ∈ (0, 1). Below we show that LHS is a decreasing
function of ω, which establishes the result.

We show this by differentiating the LHS with respect to ω. The denominator is always positive,
while the numerator is a concave quadratic polynomial in ω that needs to be negative for our result:

−4(2γ(1− ρ) + 3ρ)ρ× ω2 + (1− ρ)(2γ(1− ρ)− 9ρ)× ω − 2(1− ρ)2 < 0.

The polynomial is negative both when ω = 0 and ω = 1. It attains its optimal value when
ω = (1−ρ)(2γ(1−ρ)−9ρ)

8(2γ(1−ρ)+3ρ)ρ . When the optimal value is attained outside the [0, 1] domain, the two checks
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at endpoints above are sufficient for the result. When γ ≥ 9ρ
2(1−ρ) and γ ≤ 3ρ(3+5ρ)

2(1−ρ)(1−9ρ) the optimal
value is inside the [0, 1] domain, so we check the value of polynomial at the optimum. It is negative
whenever 4γ2(1 − ρ)2 − 100γ(1 − ρ)ρ − 15ρ2 < 0, which holds under the above restrictions on γ
(verified numerically). This completes the proof of the γ ≤ 1/2 case.

Now consider the perfectlyoverlapping research technology γ = 1 in the second part of the
Proposition. Again, we use equation (56) in Lemma 3.1 to rewrite informed agent’s expected
trading profits function E(πi) in terms of its research effort ωi and take the first order condition
of the profit maximization problem (holding ω−i, λ and β−i constant). We use the formula for
correlation of informed agents’ signals ρ12 that corresponds to the perfectlyoverlapping research
technology γ = 1 and without loss of generality we assume ω1 ≥ ω2. The first order condition for
the two informed agents is:

ω1 ≥ ω2 :

∂(Eπ1)

∂ω1
=

Σ0(1− ρ)

4λ

(
1

1− (1− ω1)ρ
− ω2

ω1
β2

)(
1

1− (1− ω1)ρ
+

ω2

ω1
β2

)
=

dTC

dω
(ω1),

∂(Eπ2)

∂ω2
=

Σ0(1− ρ)

4λ

(
1− β1 + β1(1− ω1)ρ

1− (1− ω2)ρ

)2

=
dTC

dω
(ω2).

It can be shown that ∂(Eπ1)
∂ω1

(ω) > ∂(Eπ2)
∂ω2

(ω), while ∂(Eπ1)
∂ω1

has at most one point where it changes
direction. Although the first informed agent’s maximization problem is not concave, the first order
condition is still sufficient. Any candidate Nash equilibrium with positive ω1 > 0 and ω2 > 0 must
satisfy both first order conditions above. We assume linear variable costs of research dTC

dω (ω1) =
dTC
dω (ω2), thus we can equate marginal trading profits of two agents and obtain relationship between
ω1 and ω2 in equilibrium:

(−2ρ(1− ρ(1 + ω1)))× ω2
2 + 2(1− ρ)(3ρω1 − (1− ρ))× ω2

+ω1(4(1− ρ)2 − (1− ρ(1− ω1))
2) = 0.

We solve the above equation for ω2. It turns out that when ω1ρ > 1−ρ we have positive 0 < ω2 < ω1.
When one of the conditions is not satisfied, we have ∀ω2 ∈ [0, 1] the first agent with higher research
effort ω1 > ω2 has ∂(Eπ1)

∂ω1
(ω1) >

∂(Eπ2)
∂ω2

(ω2), thus only corner solution is possible for ω2:

when ω1ρ > 1− ρ :

ω2 =
−(1− ρ)(3ω1ρ− 1 + ρ) + (ω1ρ+ 1− ρ)

√
(ω1ρ− 1 + ρ)2 + ρ2ω2

1

2ρ(ω1ρ− 1 + ρ)
, (82)

when ω1ρ ≤ 1− ρ :

ω2 = 0. (83)

The latter case when ω1ρ ≤ 1 − ρ is consistent with the result in Lemma 3.3 after plugging in
γ = 1. It is interesting that when this condition does not hold, the level of first agent’s research
effort ω1 uniquely determines equilibrium level of second agent’s effort ω2 according to equation
(82). When ω1ρ ≤ 1 − ρ the existence and uniqueness of the corner equilibria is straightforward
to establish. When ω1ρ > 1 − ρ we establish existence and uniqueness using numerical methods.
The underlying idea is to pick any linear cost function satisfying singleagentinterior condition
and demonstrate that equation (82) pins down ω1 uniquely. Singleagent interior condition ensures
that the equilibrium is interior ω1 < 1.

This concludes the proof of the proposition.
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